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Abstract

Background: The field of oncology is at the forefront of advances in artificial intelligence (AI) in health care, providing an
opportunity to examine the early integration of these technologies in clinical research and patient care. Hope that AI will
revolutionize health care delivery and improve clinical outcomes has been accompanied by concerns about the impact of these
technologies on health equity.

Objective: We aimed to conduct a scoping review of the literature to address the question, “What are the current and potential
impacts of AI technologies on health equity in oncology?”

Methods: Following PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension for
Scoping Reviews) guidelines for scoping reviews, we systematically searched MEDLINE and Embase electronic databases from
January 2000 to August 2021 for records engaging with key concepts of AI, health equity, and oncology. We included all
English-language articles that engaged with the 3 key concepts. Articles were analyzed qualitatively for themes pertaining to the
influence of AI on health equity in oncology.

Results: Of the 14,011 records, 133 (0.95%) identified from our review were included. We identified 3 general themes in the
literature: the use of AI to reduce health care disparities (58/133, 43.6%), concerns surrounding AI technologies and bias (16/133,
12.1%), and the use of AI to examine biological and social determinants of health (55/133, 41.4%). A total of 3% (4/133) of
articles focused on many of these themes.

Conclusions: Our scoping review revealed 3 main themes on the impact of AI on health equity in oncology, which relate to
AI’s ability to help address health disparities, its potential to mitigate or exacerbate bias, and its capability to help elucidate
determinants of health. Gaps in the literature included a lack of discussion of ethical challenges with the application of AI
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technologies in low- and middle-income countries, lack of discussion of problems of bias in AI algorithms, and a lack of justification
for the use of AI technologies over traditional statistical methods to address specific research questions in oncology. Our review
highlights a need to address these gaps to ensure a more equitable integration of AI in cancer research and clinical practice. The
limitations of our study include its exploratory nature, its focus on oncology as opposed to all health care sectors, and its analysis
of solely English-language articles.

(J Med Internet Res 2022;24(11):e39748)   doi:10.2196/39748

KEYWORDS

artificial intelligence; eHealth; digital health; machine learning; oncology; cancer; health equity; health disparity; bias; global
health; public health; cancer epidemiology; epidemiology; scoping; review; mobile phone

Introduction

Background
Artificial intelligence (AI), a field that aims to create computers
that can achieve human-like understanding and perform tasks
normally associated with human intelligence, is finding
increasing applications in health care and public health [1,2].
Machine learning (ML) is a form of AI that involves algorithms
that draw on big data—data sets whose size go beyond the
capabilities of standard data analysis software—to learn to make
predictions [3]. Oncology has been the focus of significant AI
research and development and serves as an important area to
observe and assess the early integration of AI in health care [4].
AI applications in oncology are expanding to cover a wide range
of uses, from pathology and diagnostic imaging to clinical risk
prediction and treatment planning for several types of cancer
[5-7].

Despite its promise, the use of AI in health care raises several
ethical issues, most notably concerns over bias and the potential
for AI systems to adversely impact health equity. Health equity
has been defined as “the absence of systematic disparities in
health between groups with different levels of underlying social
advantage/disadvantage” [8]. Studies have demonstrated how
the use of biased data sets in training ML algorithms can
exacerbate health inequities [9-11]. For example, Obermeyer
et al [11] revealed how an ML algorithm trained to predict health
risk consistently underestimated the health of Black patients
because of the use of health care cost as a proxy for health.
However, others have argued that AI systems can help illuminate
health inequities and, if used correctly, may help address existing
disparities [12-15]; for example, AI has been used to analyze
search engine results from 54 African nations to guide resource
allocation and improve access to care [15]. It is no wonder that
a recent report from the Wellcome Trust on the ethical, social,
and political challenges of AI in health care was not able to
reach a clear consensus on the impact of AI on health equity
[16]. Moreover, despite cancer being a major focus of AI
research and development, the impact of AI on health equity in
oncology remains underexplored. There is growing literature
characterizing the problems of health disparities in oncology,
which range from issues of access to high-quality care and
research to structural barriers in health promotion and the lack
of awareness of existing health inequities [17]. Given the
expanding use of AI in oncology, there is an urgent need to
assess the interplay between AI technologies and health equity

in oncology to better understand the social and ethical
dimensions surrounding the integration of AI.

Objective
This scoping review of the literature aimed to address the
question, “What are the current and potential impacts of AI
applications on health equity in oncology?” We analyzed the
literature on contemporary AI applications in oncology with a
focus on implications for health equity to identify recurring
themes as well as important gaps and areas for future research.

Methods

Overview
Our scoping review protocol followed previously established
methods [18] with reporting in accordance with the
PRISMA-ScR (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses extension for Scoping Reviews)
framework [19].

Search Strategy
We used a sensitive search strategy to identify a representative
sample of the available literature on the influence of AI on health
equity in oncology. On the basis of a combination of
synonymous searches comprising controlled vocabularies, such
as Medical Subject Headings in MEDLINE or EMTree
descriptors in Embase, and free-text terms using alternative
word spellings and endings for the 3 core concepts: AI
(algorithm, machine learning, artificial intelligence, deep
learning, and convolutional neural networks), equity (health
equality, health inequality, health disparity, and socioeconomic
factors), and oncology (neoplasm, cancer, squamous, and
metaplasia), which informed a comprehensive search strategy
developed by the clinical librarian (AI) with experience in
conducting electronic literature searches on the
recommendations from the review authors (PI, ALL, and BCY).
We searched both databases (MEDLINE and Embase, via the
OVID platform) from January 2000 to August 2021, and a
preliminary search was performed on December 4, 2020. A
detailed description of our search strategy is provided
Multimedia Appendix 1.

Eligibility Criteria and Article Screening
In addition, the web-based search engine Google Scholar was
used to identify additional potentially relevant studies that were
not indexed in bibliographic databases. The bibliographies of
all relevant retrieved articles were also examined to identify
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further relevant studies. To capture the breadth of literature on
AI and health equity in oncology, we did not impose limits
based on study type and included clinical studies—that is,
studies in which AI was applied and evaluated for a specific
clinical intervention, whether it be diagnostic, prognostic,
screening, or treatment planning—commentaries and opinion
articles. Limits were imposed for English-language-only articles,
as it was the main language of proficiency for the research team,
thus allowing for detailed and critical examination of the
selected articles to take place. All identified records from the
electronic search were imported into Covidence systematic
review software (Veritas Health Innovation) for further analysis
and screening.

After duplicate records were removed, 2 reviewers (PI and
WSL) independently screened the titles and abstracts of selected
records using the inclusion and exclusion criteria, which were
defined a priori: records were selected during the title and
abstract screening if they mentioned the core concepts (AI,
health equity, and oncology) or related terms. Abstracts were
excluded if they did not meet the inclusion criteria or if they
involved nonhuman participants. All conflicts were resolved
by a third reviewer (BCY). The list of selected abstracts was
then reassessed by all 3 reviewers (PI, WSL, and BCY) in
full-text reviews to identify records related to the research
question. Records that generated a unanimous consensus were
selected for full-text review, whereas those that did not engage
with the 3 key concepts were excluded. Conflicts were resolved
through discussion between all 3 reviewers. A further full-text
review was conducted by all 3 authors, further applying the
eligibility criteria.

Data Extraction and Analysis
Data extraction and analysis involved both descriptive and
qualitative components. Descriptively, we extracted data on the
year of publication, country of affiliation of the senior author,
type of institution of affiliation of the senior author, type of
study, type of AI, cancer type, and, when available, the cost of
the proposed technology. The country of affiliation of the senior
author was classified as high income, low income, and middle
income following the most recent United Nations classification
[20]. Qualitatively, we analyzed articles for emerging themes
related to health equity in oncology, inherent assumptions, and
gaps in the literature. Thematic analysis followed the steps
outlined by Braun and Clarke, which have been widely applied
in scoping reviews of qualitative research, including in health

care [21], to generate a comprehensive thematic representation
of a given area of research [22]. This process involved
familiarization with the data set of included articles, generation
of initial codes, collation of codes into provisional themes,
review of themes in relation to initial codes, and the entire data
set, followed by definition and naming of each theme to generate
a comprehensive representation of the data. Steps of data
familiarization and initial coding were performed independently
by 3 reviewers (PI, WSL, and BCY); steps of collation, review
of themes, and definition and naming were performed through
discussion between study coauthors. Articles that had
insufficient engagement with 3 key concepts, that is, those that
mentioned the issues of bias or equity but did not elaborate on
specific issues arising from AI, or made insufficient links
between the core concepts, that is, those that mentioned all 3
core concepts but had no further exploration of their
relationships, were excluded.

Results

Selection and Characteristics of Sources of Evidence
Our search yielded 14,011 records. After removing duplicates,
10,468 records were screened, and 133 articles met the inclusion
criteria [4,23-154] (Figure 1). All the records included in our
review were published between 2010 and 2021, with the
majority (124/133, 93.2%) published after 2018 (Table 1).
Although a range of countries, based on the affiliation of the
senior author, were represented in our review (Figure 2), most
were from the United States (90/133, 67.7%). The majority
were from academic centers (121/133, 90.9%), with a minority
from the government, nonprofit organizations, and industry
(Table 1). Approximately half of the records involved clinical
studies (68/133, 51.1%), whereas the rest were epidemiological
studies, commentaries, surveys, and interviews. Most of the
records drew on ML techniques to address their research
question: 12.8% (17/133) records discussed AI in general; 30.8%
(41/133) records did not specify the type of ML used or used
multiple ML algorithms; 47.4% (63/133) used supervised ML
algorithms; and a smaller subset (4/133, 3%; 6/133, 4.5%; and
2/133, 1.5%) used unsupervised ML, natural language
processing, and reinforcement ML, respectively. AI was used
for a wide range of applications and often a combination of
applications, including epidemiological (28/133, 21.1%),
diagnostic (25/133, 18.8%), prognostic (25/133, 18.8%), and
screening (25/133, 18.8%; Table 1).
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Figure 1. PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension for Scoping Reviews) flow diagram for the
identification of studies via databases and registers. AI: artificial intelligence.
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Table 1. Characteristics of studies included in the scoping review (n=133).

Studies, n (%)Study characteristics

Year of publicationa

9 (7.5)2000-2017

13 (9.8)2018

21 (15.8)2019

48 (36.1)2020

42 (31.6)2021

Type of study

62 (46.6)Clinical

40 (30)Epidemiological

15 (11.3)Review

11 (8.3)Commentary

5 (3.8)Survey and interviews

Institution typeb

121 (91)Academic

12 (9)Governmental and nongovernmental organizations

Type of artificial intelligence applicationc

41 (30.8)Screening

41 (30.8)Diagnostic

15 (11.3)Therapeutic

45 (33.8)Prognostic

45 (33.8)Epidemiological

Type of cancer

28 (21.1)General

19 (14.3)Gynecologic

16 (12)Breast

12 (9)Oral

12 (9)Prostate

12 (9)Skin

8 (6)Lung

6 (4.5)Hematologic

4 (3)Brain

4 (3)Liver

3 (2.3)Colorectal

3 (2.3)Esophageal

2 (1.5)Head and neck

2 (1.5)Pancreatic

1 (0.8)Gastrointestinal

1 (0.8)Thyroid

aInclusive.
bOn the basis of affiliation of the senior author.
cTotal numbers exceed 133 due to 26 articles falling into multiple categories.
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Figure 2. Country of affiliation of senior author (map created with MapChart).

AI Applications in Specific Cancer Types
Studies from our review investigated a wide range of cancers,
with general oncological applications being the dominant
category (28/133, 21.1%), followed by gynecologic (19/133,
14.3%), breast (16/133, 12%), oral (12/133, 9%), prostate
(12/133, 9%), and dermatologic cancers (12/133, 9%). Among
the articles on gynecologic cancers, 84% (16/19) were
categorized under theme 1, discussing the use of AI technologies
to address disparities in gynecologic cancer screening (11/16,
70%) [23,84-93], diagnosis (4/16, 25%) [94-97], and treatment
(1/16, 6%) [98]. Of the 16 articles, 15 (94%) developed AI
technologies to target gynecologic cancer disparities in low-
and middle-income countries (LMICs) [84-98], while 1 (6%)
did so for implementation in high-income countries (HICs) [23].
The other 3 (n=19, 16%) articles fell under theme 3, discussing
the use of AI to explore the genetic (1/3, 33%) [99] and social
(2/3, 67%) determinants of health outcomes in gynecologic
cancers [100,101]. Moreover, most of these articles were clinical
studies (14/19, 74%) [84-89,93-95,97-101], 16% (3/19) were
commentaries [23,90,91], 5% (1/19) was an epidemiological
study [96], and 5% (1/19) was a review [92].

Articles examining breast cancer have discussed a broader range
of themes relating to health equity. Of the 16 articles, 6 (38%)
focused on theme 1 [24,102-106], with all 6 looking at the
applications of AI in LMICs. Of the 16 articles, 2 (13%) fell
under theme 2: one discussed the use of AI to mitigate bias
[107], whereas the other raised the issue of how AI might
exacerbate and mitigate biases in breast cancer diagnoses [108].
Of the 16 articles, 7 (44%) fell under theme 3, with 6 (86%)
examining the link between social determinants [109-114] and
1 (14%) examining the link between genetic determinants of
health and breast cancer [115]. Of the 16 articles, 1 (6%) fell
under multiple themes [116]. In addition to touching on a wider
variety of themes than gynecologic cancers, articles examining
breast cancer were also more varied: 44% (7/16) were clinical

studies [24,102,103,110,112-114], 25% (4/16) were
epidemiological studies [104,109,111,115], 25% (4/16) were
reviews [106-108,116], and 6% (1/16) was a commentary [105].

Critical Appraisal Within Sources of Evidence
We identified three main themes related to the impact of AI on
health equity in oncology: (1) the development of AI
technologies to reduce health disparities faced by populations
in both LMICs and HICs; (2) the concern that biased AI
algorithms might exacerbate health inequities counterposed by
the hope that AI technologies might help overcome human
biases; and (3) the power of AI to uncover biological and social
determinants of health in oncology. Themes were further broken
down into subthemes, where applicable. A full list of the articles
categorized by theme can be found in Multimedia Appendices
2-5.

AI and Health Disparities

Overview
The most prominent theme in our analysis, based on the number
of records, was the development of AI technologies to address
health disparities in oncology (58/133, 43.6%). This included
the use of AI to address disparities in access to screening,
diagnostic, and therapeutic technologies for underserved
populations in LMICs (53/133, 39.8%) and minority populations
in HICs (3/133, 2.3%). Of 133 studies, 2 (1.5%) used AI to
address disparities in both LMICs and HICs. A total of 16
articles on this theme were commentaries or reviews discussing
multiple applications in cancer care. Of the 58 articles, 17 (29%)
were described as pilot studies. We further divided this theme
into several subthemes based on the type of AI technology,
including AI applications, to analyze the genomic, histological,
radiographic, image, and demographic data.
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Using AI to Address Disparities in Cancer Screening
and Diagnosis
The literature under this theme highlighted how technologies
could improve the delivery of health care to disadvantaged
populations in both LMICs and HICs. In LMICs, these
technologies were aimed at rectifying 2 main problems:
addressing health care personnel shortages, thereby reducing
the bottleneck effect created by a low ratio of health care
professionals to the populations they serve and overcoming
constraints resulting from limited medical equipment [117]. For
example, point-of-care and smartphone-based technologies for
oral cancer screening in low-resource settings aim to address
the bottleneck effect created by a low number of health care
professionals [118]. One example of AI technology aimed at
addressing constraints from limited medical equipment is a
mobile-based oral cancer image analysis software for use in
rural India [119]. In the absence of a stable internet connection,
the AI algorithm can analyze images directly on a smartphone,
which are then uploaded to a cloud server and assessed by a
remote specialist when internet is available. AI applications to
address health disparities in oncology in HICs was a less
explored topic, with some articles discussing algorithms to
selectively target disadvantaged populations [120,121]. For
instance, given the high prevalence of oral cancer in South Asian
populations [155], 1 study used ML to develop a quantitative
cytology program to selectively improve oral cancer screening
among South Asians living in British Columbia, Canada [120].

The development of AI aimed at reducing health disparities
drew on a range of data, from genomics and imaging to
demographic data, all aimed at reducing demands on
underresourced health care systems and improving the available
medical equipment. One example is an AI image analysis
algorithm for breast cancer detection that improves screening
in underserved and low-resource settings by applying deep
learning to novel ultrasound techniques [105,106,114]. Finally,
AI has also been applied to address disparities in access to
diagnostic pathology; these included examples such as decision
support systems to assist with histopathological diagnosis of
brain tumors in resource-poor settings [122] and image analysis
of cervical lesions [97].

Studies have reported a range of outcomes, with screening and
diagnostic technologies showing a wide variation in sensitivity
(75%-100%), specificity (71%-100%), and accuracy
(61%-100%). Most studies on this topic (43/58, 74%) offered
no comparison between the performance of the proposed
technology and the existing standard of care. When the AI
algorithms were directly compared with the standard of care,
the results varied. Most of the articles noted no difference
between AI algorithms and the standard of care [93,97,123-125],
whereas others observed that the accuracy of AI algorithms was
lower than that of human physicians [85,126]. One study noted
that AI outperformed its human counterpart when detecting and
staging prostate cancer in a higher number of patients [117].

Gaps and Challenges With Using AI to Address Health
Disparities
Although several articles have highlighted how AI might help
address health care shortages in LMICs, a recurrent problem

noted in the literature is the lack of consideration for the
infrastructure and human resources necessary to implement
these AI technologies. To support the use of digital technologies,
and specifically AI, LMICs require both health care providers
trained to use specific technologies and sufficient technological
infrastructure, including buildings where the hardware can be
housed and cables to carry digital signals leading to widespread
and stable internet access; in other words, the performance of
AI algorithms is intertwined with sociotechnical factors
[156,157]. Although HICs may have existing technological
infrastructure to implement AI technologies more readily,
LMICs often lack such infrastructure [158]. Considerations
such as the cost of implementation and the need for maintenance
and ongoing support once implemented, the need for trained
personnel to use AI technologies, and the need for technological
support to allow for the integration of the developed AI
technologies were rarely discussed by articles in our review.
Only select articles mentioned the lack of infrastructural
considerations in the development of AI technologies
[87,117,119,127,128]. For example, Anirvan et al [129] noted
that, “while in developed countries with a well-equipped health
care model in place this may not be a problem, in poor, rural,
and resource-constrained settings, it may aggravate the burdened
health care system in place.”

In addition, our review identified equity issues related to the
cost of AI technologies; such technologies can be costly and
may not be affordable in many LMICs under existing economic
circumstances. Love et al [102] developed an AI device to triage
breast lumps in low-resource settings but noted that “the device
used in this study is more expensive than most LMICs settings
can afford, lower cost devices are becoming more available.”
However, others were able to create technologies that may be
more affordable for LMICs: a gene expression assay costing
US $450 capable of assessing samples for only US $10 [130].

To ensure that AI technologies designed for HICs can be
effectively applied in LMICs, collaboration between these 2
settings is invaluable. Of the 42 studies that were conducted in
LMICs, 11 (26%) were led by research groups from LMICs in
question, and from the remaining 31 records, 27 involved
collaboration with coauthors from the specific LMIC. When
such a collaboration occurred, AI technologies were primarily
designed in HICs and implemented in LMICs. This divide
between the location of development and location of the
implementation of AI in global oncology can pose a barrier to
integration in LMICs due to costs [102] and infrastructural
considerations [88], thereby suggesting a need for greater
attention to co-design, which refers to the involvement of end
users in the design process of AI technologies [159]. Moreover,
it is important to recognize that the inclusion of researchers
from LMICs in the design of AI technologies alone does not
guarantee widespread improvements in health for patients in
these countries. Rather, benefits are often limited to select
partner sites of HICs; therefore, while these technologies may
help address global disparities, they may exacerbate inequities
within LMICs [130]. To ensure a more equitable distribution
of benefits within LMICs, research should extend beyond
specific partner institutions, engaging additional stakeholders
from relevant government and nongovernmental organizations
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to evaluate and implement technologies. However, as noted in
our review, there was only limited involvement of nonacademic
institutions in the articles included in our review.

One additional problem that has been raised surrounding the
use of AI in LMICs is the issue of data colonialism [160], a
practice in which data are extracted from LMICs by institutions
in HICs for the purposes of building algorithms whose benefits
accrue primarily to stakeholders in HICs [161]. Although articles
from our review did not engage directly with these issues, some
did discuss important considerations for what collaboration
means between HICs and LMICs [85,97,130,131]. However,
there was limited acknowledgment of ethical issues arising from
the involvement of LMICs as mere resources for data extraction
and algorithmic training or as an exploratory ground for novel
applications of AI technologies for global health.

AI and Bias

Overview
The second theme identified in our review relates to the issue
of bias. Bias in AI is a widely discussed topic and has the
potential to exacerbate health disparities across different
populations; while bias is an inherent feature of all AI systems,
the main types of bias of ethical concern are those biases arising
in algorithmic development or data sets [162] that can result in
individuals being treated unfairly based on particular
characteristics [163]. In a similar vein, 1 article in our review
distinguished between concepts of desirable and undesirable
biases, whereas desirable biases are those that take group data
into consideration to account for base-rate differences and
undesirable biases are those that are developed based on
inaccurate or incomplete data, which in turn leads to group
discrimination [132]. For instance, total melanoma rates are
higher in men than in women [164]; thus, a desirable bias would
include a training sample for an AI algorithm used to detect
melanoma purposefully biased (desirably) to contain more men
than women, representing the base rates of melanoma incidence.
The authors suggest the use and integration of desirable biases
to promote gender equity in health care while decreasing
undesirable biases.

With rising concerns surrounding bias in AI [9-11], and
conversely, the hope that AI algorithms may be able to help
mitigate bias in human judgment [12,13,15], we expected to
see a much larger number of articles discussing this issue;
however, only 12% (16/133) articles directly engaged with the
theme of bias. These articles fell into 2 main categories: those
that explored how AI algorithms might help mitigate biased
judgments in physicians’clinical practice (5/133, 5%) and those
that argued that AI trained on biased data sets can exacerbate
existing inequities (10/133, 7.5%), while 1 article (1/133, 0.8%)
focused on both subthemes.

The Use of AI to Uncover Bias in Clinical Practice
The use of AI technologies in health care can uncover biases in
both data sets and physicians’ actions. For instance, head and
neck cancers may develop spontaneously or in association with
human papillomavirus (HPV), and characterization of such
cancers as HPV-associated can affect treatment decisions [165].
Patients diagnosed with HPV-positive versus HPV-negative

head and neck cancers have different demographic features,
with younger individuals and individuals with more sexual
partners being overrepresented in the HPV-positive group [166].
D’Souza et al [133] thus used AI to assess the use of clinical
and demographic characteristics as diagnostic predictors of
HPV-positive and HPV-negative head and neck cancers.
However, these authors noted that clinical and demographic
characteristics had only moderate accuracy in predicting HPV
status, leading to a potential bias in treatment if these variables
were used to predict HPV status without further investigation.
In addition, AI can be used to uncover the biases found in data
sets. Howard et al [134] deployed a deep learning model to
assess institutional biases in data submitted to The Cancer
Genome Atlas. They noted that biased digital histological
signatures can stem from specific features of the institutions
from which the data originate. AI algorithms may then provide
prognostic information based on these institution-specific
signatures rather than on the intrinsic histology of the sample.

The Use of AI to Mitigate Bias in Clinical Practice
We also identified articles that discussed the use of AI to
mitigate bias in clinician decision-making. In criticizing the
Fitzpatrick scale in dermatology, Okoji et al [135] argued that
AI-based approaches might lead to a more objective
classification system for skin typing. AI systems can identify
subtle variations that are not visible to the human eye, thereby
leading to more equitable dermatological assessments. However,
a major caveat was the lack of discussion surrounding the
populations used to train these AI algorithms in dermatology.
For instance, several studies included predominantly White
populations or did not specify the racial and ethnic makeup of
the population used to develop their algorithms [124,136,167].
Only 1 article in our review specifically addressed this problem:
to counterbalance the skewed nature of dermatologic data
available for AI training, Pangti et al [137] sought selective
patient populations to train an AI algorithm to detect skin
diseases using locally generated data from India. As medical
AI systems are prone to generating biased results that lead to
disparities between ethnic groups, some authors proposed that
stratification for minority communities that suffer from
underrepresentation in training data sets could help rectify this
bias [108]. Instead of a one-size-fits-all model, AI programs
can be developed to target specific subpopulations. For instance,
Gao and Cui [138] suggested the use of transfer learning, an AI
training technique whereby knowledge gained from training an
AI system on a larger data set, for example, a majority ethnic
group, is transferred to be applied to a smaller data set, such as
a minority ethnic group [138]. This technique attempts to
compensate for missing data from “data-disadvantaged ethnic
groups by leveraging knowledge learned from other groups with
more abundant data” [138]. Yet, as the authors note, data
inequality remains a central issue in training ML algorithms in
multiethnic populations, and differential accuracy in
performance between ethnic groups is an ongoing challenge.

Biased Data Sets and Biased AI
The final category in this theme was articles discussing the use
of biased data sets to train AI algorithms; surprisingly, few
articles discussed this topic. For instance, Khor et al [139] used
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a data set with racial demographics of 53% non-Hispanic White,
22% Hispanic, and 13% Black or African American to develop
a recurrence risk prediction model for adults with prostate
cancer. Even with the explicit inclusion of race, they noted that
the model had “worse performance in minority subgroups
compared to NHW [non-Hispanic White].” Conversely, others
argued that bias in training data sets of AI algorithms may not
always result in decreased generalizability; for example, Gilson
et al [140] suggested that biased gender representation in training
data sets did not lead to decreased generalizability in an
algorithm to predict survival in non–small cell lung cancer.

Gaps in the Discussion of AI and Bias
Overall, engagement with issues of bias resulting from the use
of AI in oncology was limited, an unexpected finding, given
that this concern is widely discussed elsewhere in the literature
on AI ethics and may act as a mechanism through which AI
systems exacerbate health inequities. Our findings suggest that
bias remains an underexplored topic in the literature on AI in
oncology. It is also worth noting that the few articles that
mentioned bias often did so briefly in their limitations section,
usually in reference to how biased data sets might impact the
validity and generalizability of AI algorithms but without further
engagement with how these issues might be mitigated or
addressed by future research.

AI and Determinants of Health Outcomes

Overview
The final theme identified in our review was the use of AI to
investigate the determinants of health outcomes in oncology.
A total of 41.4% (55/133) articles fell under this theme and
were divided into subthemes based on the determinants of health
examined, ranging from biological variables (9/133, 6.8%) to
social determinants of health (43/133, 32.3%), whereas 2.3%
(3/133) articles focused on both themes. This category can be
understood as the use of AI as an extension of traditional
statistical models in clinical and epidemiological research in
oncology.

AI and Biological Determinants of Health
Several articles under this theme applied AI to genomic data to
predict outcomes in patients with cancer. For instance, Li et al
[141] applied AI to genomic analysis across 3 racial groups to
identify the impact of differential gene expression on racial
disparities in cancer prevalence. They found differential gene
expression in several cancers between racial groups, which they
interpreted as supporting a genetic basis for racial differences
in cancer prevalence.

AI and Social Determinants of Health
Although several studies have similarly applied AI in a
reductionist manner, for example, to look for a genetic basis of
health disparities [115,142], others have used AI to examine
additional individual, environmental, and societal factors
contributing to differential health outcomes between populations.
Several articles in our review applied AI to shed light on the
influence of race and socioeconomic status on health outcomes
in oncology. For example, An et al [143] used an ML algorithm
to examine the risk factors for the development of hepatocellular

carcinoma in a Korean cohort, noting that higher income is
associated with a lower risk of developing hepatocellular
carcinoma. Bibault et al [144] applied AI to satellite imagery
to investigate the relationship between socioeconomic status
and cancer prevalence, observing that “satellite features are
highly correlated with individual socioeconomic and health
measures that are linked to cancer prevalence.” Several studies
have suggested that applying AI to demographic data could help
provide more comprehensive risk stratification models in
oncology [112,168,169].

AI has also been used to identify racial disparities in cancer
outcome. Tossas et al [101] used AI to predict populations at
risk of delayed diagnosis of cervical cancer. They noted that
more than half of the patients with a late cancer diagnosis were
African American, findings that they argue can be used to target
cervical cancer screening. Others have also used AI to examine
outcomes following neurosurgery for brain tumors, noting that
minority race is an independent risk factor for an extended
length of stay and increased cost [145,146].

AI has also been applied to examine the influence of rural and
urban residences on cancer prevalence and outcomes. Rural
residences are known to influence access to cancer treatment,
with novel therapies often concentrated in academic centers
located in urban settings [170]. The impact of rural residence
on cancer outcomes was investigated by Zhong et al [112], who
used AI to create personalized prognostication models for early
invasive breast cancer in a Chinese cohort. By incorporating
residential status in their algorithm, the group found that despite
lower rates of breast cancer in rural populations, the associated
mortality risk was significantly higher. Aghdam et al [147] used
the AI algorithm to study access to stereotactic body radiation
therapy for prostate cancer and noted that travel distance did
not prevent access to stereotactic body radiation therapy for
rural patients, suggesting that income and race may be more
important determinants of access to treatment.

Gaps in Using AI to Investigate Determinants of Health
For most studies in our review, there was a lack of justification
for the use of AI and, more specifically, a lack of discussion as
to why particular AI algorithms were chosen and their
advantages over other statistical methods to address a given
research question. AI algorithms are undeniably powerful tools
for analyzing large amounts of data and selecting articles that
mention the benefits of AI over other statistical methods
[143,144,167,168]. However, others have argued that the use
of AI has not yielded better risk prediction models compared
with traditional statistical methods [169]. In their review on the
efficacy of AI as opposed to traditional statistics in medicine,
Rajula et al [145] noted that the latter seemed to be more useful
when the number of participants significantly outweighed the
number of variables in question, whereas the former is more
suitable in fields with a large quantity of data, such as omics or
radiodiagnostics. In light of this discussion, further justification
for the use of AI to address specific research questions in
oncology should be undertaken.
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Discussion

Principal Findings
In this review, we evaluate the literature on the impact of AI on
health equity in oncology. We identified 14,011 records in our
search, of which 133 (0.95%) were substantially engaged with
the core concepts of AI, health equity, and oncology. Our
literature review revealed three main themes related to how AI
technologies can (1) help address health disparities, (2) mitigate
or exacerbate biased decision-making, and (3) elucidate the
biological and social determinants of cancer outcomes. These
themes relate to several issues discussed in the literature on AI
and health equity in oncology and health care.

The first main theme noted in our review is how AI technologies
can help address health disparities, both in LMICs and HICs.
Previous scholarship examining the application of AI in global
oncology has shed light on numerous practical and ethical
challenges that have been discussed in the literature [171]. The
existence of a “digital divide,” often cited as a key barrier to
the implementation of AI technologies in global health, refers
to the inequitable distribution of digital technologies, such as
computational power, technical infrastructure, and data storage,
that is required to use AI technologies [171]. Without
prioritizing investment in the basic infrastructure, such as
appropriate hardware to run AI programs, buildings where such
hardware can be housed, and cables to carry digital signals, the
utility of these technologies in the global health context should
be questioned [172,173]. A number of articles identified in our
review engaged with these voiced concerns, with some
researchers creating technologies with the infrastructural
capacities of specific LMICs in mind and others highlighting
the need for additional infrastructure to support the technology
they developed [87,102,129,130,148].

Another barrier to the implementation of AI technologies in
LMICs discussed in the literature is the lack of generalizability
of algorithms primarily designed in HICs but applied in LMICs
[170]. As some researchers have observed, data used for training
AI algorithms in HICs are “notorious for their lack of diversity,
and concerns have been raised about their applicability even in
their home countries” [172]. These data are often skewed toward
the populations, diseases, and treatments available in countries
training and developing AI technologies, thereby decreasing
their generalizability to populations in LMICs. Articles from
our review addressed this issue, voicing concerns about the
applicability of AI algorithms developed in HICs to LMICs
[108,110,134,143,149-151].

Our review also focused on solutions to the challenges posed
by the integration of AI technologies in a global health context,
which have been proposed elsewhere in the literature, with the
predominant one being greater collaboration between HICs and
LMICs in the development of AI technologies [171-173]. AI
technologies created without appropriate consultation with the
populations they are intended to serve may be highly
inapplicable, impractical, and unethical. For example, treatment
patterns produced by Watson for Oncology, an AI decision
support system trained by data and experts from the Memorial
Sloan Kettering Cancer Center, may be inapplicable to many

LMICs [173]. In previous studies investigating this issue, some
researchers have argued for the co-design of AI technologies,
which requires the involvement of end users—and specifically
marginalized groups—in AI research and development to ensure
the equitable distribution of the benefits of these technologies
[159,174].

To improve collaboration in global health research, others have
proposed that journals publishing research conducted in LMICs
have the responsibility of ensuring that at least one author
involved in the study is from the countries in question [175].
We observed that this standard was met in most studies
conducted in LMICs included in our review (27/31, 87%).
However, further steps are required to ensure meaningful
collaboration with investigators and stakeholders in LMICs,
beyond simple inclusion in authorship, which risks fostering
tokenism. As discussed earlier, this is especially important in
AI research and development focused on addressing global
health inequities in oncology, which needs to engage additional
stakeholders beyond select partner sites to ensure fair
distribution of benefits throughout populations [130,175]. This
lacuna identified by our review reflects a broader lack of global
coordination in AI research to set priorities and ensure fair
distribution of research opportunities and resources, which is
essential to prevent AI research from perpetuating existing
global health inequities.

Finally, a balance must be struck between the global
dissemination of existing diagnostic and treatment technologies
and the development of new technologies for global health. Our
review revealed how pilot studies of AI in global oncology are
particularly common. Although pilot studies can provide an
important starting point, if not followed by a robust evaluation
to measure the clinical effectiveness of these technologies, which
occurs in only a minority of cases [176], these applications will
remain an ineffective means of addressing global health
disparities in cancer care. Moreover, it has been noted that most
cancer deaths occurring in LMICs are due to a lack of access
to already present and cost-effective diagnostic and treatment
strategies, as opposed to the latest cutting-edge technology
[177,178]. Exploratory research into novel technologies in global
oncology may detract from the need to develop cost-effective
ways to disseminate existing evidence-based technologies in
cancer care.

The second major theme noted in our review was the use of
biased AI algorithms in clinical decision-making, which may
impact the quality and accuracy of decisions and consequently
lead to adverse health outcomes for patients [179]. One theme
identified in our review was the use of AI algorithms to
standardize and reduce bias in clinical decision-making in
oncology. One high-profile example is Watson for Oncology,
an AI decision support system that has been proposed as a
method of standardizing clinical decisions. Watson for Oncology
uses natural language processing to provide treatment
recommendations in oncology based on the latest scientific
literature. Select studies have shown high concordance between
treatment plans produced by Watson for Oncology and
recommendations from multidisciplinary tumor boards
[180-182]. Previous criticisms of this technology have pointed
toward problems using concordance to assess the capability of
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AI technologies, such as Watson for Oncology, because it simply
assesses its ability to reproduce specific expert knowledge while
not evaluating the validity of applying this knowledge in
different contexts [183,184]. Treatment recommendations are
based on the current literature as opposed to novel findings
produced by the AI system, and preexisting biases found in data
sets will be exacerbated rather than mitigated in an automation
process. As Murphy et al [185] note, concerns regarding implicit
bias becoming embedded in AI algorithms have been widely
voiced. The authors noted that implicit biases often reflect
preexisting societal values that may exacerbate already-existing
health inequities for marginalized populations. Moreover,
concerns surrounding lack of transparency in how Watson for
Oncology integrates data from heterogeneous sources to arrive
at decisions, including the influence of implicit value judgments
found in different oncology guidelines, require further attention,
specifically focusing on how this might impact the application
of Watson for Oncology in different global contexts and its
effects on health equity.

Despite the pressing nature of these concerns, the paucity of
studies on biased AI algorithms in our search was surprising.
Many AI applications identified in our study were trained on
selecting data sets from single institutions, creating a high risk
of bias, which should be a pressing concern, given that
algorithmic bias can exacerbate health inequities [140,186]. A
prominent cause of bias is the lack of consideration of the
different contexts in which an algorithm is developed and
subsequently deployed. Academics weary of these concerns
have argued that a generalizable AI model should be developed
from data reflecting the diversity of patients on whom it will
be applied, yet “most health organizations lack the data
infrastructure required to collect the data needed to optimally
train these algorithms” [186,187]. Patterns detected when these
algorithms are trained on majority groups may result in
decreased accuracy when applied to minority groups [188]. For
instance, most AI algorithms for diagnosing melanoma are
trained on white-skinned individuals and thus may underperform
in diagnosing lesions on persons of color [189]. Panch et al
[186] note that solutions to these contextual problems involve
establishing the appropriate context for which the algorithms
will be used. Our literature review identified some proposed
solutions, such as the application of transfer learning to improve
outcomes for populations with data sparsity; stratification of
groups based on race and ethnicity to mitigate bias; and the
need for multidisciplinary collaboration between clinicians,
engineers, social scientists, and ethicists to aid in the contextual
design and development of AI algorithms to mitigate biases
[108,135,138,190].

The final theme identified in our review was the use of AI to
examine determinants of health outcomes in oncology. Social
determinants of health such as education, neighborhood, social
community, and socioeconomic status impact health outcomes
in oncology [191], and the complex interactions between these
variables suggest a potential area for AI applications. Several
studies in our review applied AI to analyze large volumes of
data to help elucidate the social determinants of cancer
outcomes. The identification of social determinants of health

can help support more comprehensive strategies to improve
health equity in underserved populations [192].

However, as noted by several researchers comparing the use of
AI with traditional statistical methods to analyze large amounts
of data, it is not always clear what benefits the former provides
over the latter to investigate the social determinants of health
[145]. A systematic review compared the performance of logistic
regression and ML in clinical prediction models and found no
evidence that ML performs better than logistic regression [193].
Moreover, traditional statistical models are often easier to
interpret than complex, multilayered ML models. Trade-offs
between accuracy and transparency have been widely discussed
in the literature on AI [194,195] and should be considered when
deciding the method of analysis for a given research question.
Appropriate and sufficient justification for the use of ML models
in clinical and epidemiological oncology research is imperative.

Ethical concerns regarding the use of AI to analyze large
amounts of health care data have also been raised in the
literature. In establishing a research ethics framework for health
care ML, McCraden et al [196,197] note how AI can influence
2 phases of health care research: hypothesis generation and
hypothesis testing. AI research focused on hypothesis generation
applies computational techniques to large data sets to explore
models with potential clinical applicability [197]. This type of
exploratory research raises important ethical issues, such as the
protection of data privacy and tensions between enabling ready
access to data and the requirements of informed consent [197].
Most articles from our review under this theme fit into the
hypothesis generation phase and used AI for exploratory
research on the determinants of health outcomes in oncology.
In our review, the discussion of ethical issues in data privacy
versus the need to enable ready access to data was sparse,
despite the importance of such considerations in exploratory
AI research on social determinants of health, which often
requires large amounts of personal health information and other
sensitive data. Moreover, as previously emphasized by advocates
for equity in AI, exploratory AI research also entails an ethical
commitment to ensure representative data sets, including
minorities and “data-impoverished” groups, to avoid biased and
misleading findings [198]. Few articles from our review
addressed these ethical concerns [91,128,199-201].

Finally, it is important to note that the use of AI in health care
research lends itself to the analysis of quantitative and
categorical data, limiting its ability to understand and explain
many social and health-related phenomena. The use of race and
other contested social categories in AI algorithms often relies
on third-party classification in a way that risks misrepresentation
[202]. Therefore, although AI may offer insights into the social
determinants of health in oncology, such tools do not obviate
the need for other methods, including qualitative methods, in
cancer research.

Limitations
Our study has several limitations. First, the application of AI
in oncology is a rapidly evolving field, and as such, the themes
and gaps identified in our scoping review are necessarily
provisional. To help mitigate this, we conducted a secondary
search 9 months after our initial search, which yielded an
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additional 949 abstracts, of which 21 (2.2%) met the inclusion
criteria. Despite this rapid evolution, our findings provide
insights into the current state of the literature on the impact of
AI on health equity in oncology and may also provide a lens
for the early integration of AI technologies in health care more
generally. Second, we focused our search strategy in the field
of oncology and contemporary cancer research; while the themes
and gaps highlighted may be illustrative of more general health
equity issues arising from the integration of novel technologies
in health care at large, there are likely additional themes
pertaining to other areas of health care not covered by our
review. Finally, our search was limited to records written in
English; we were unable to include articles published in other
languages, which may bias our findings toward research
conducted in and themes prevalent in the English-speaking
world; further work could involve a team of multilingual
researchers to shed light on themes from non–English-language
research literature.

Conclusions
In conclusion, we conducted a scoping review to characterize
and assess the literature on the impact of AI on health equity in
oncology. Our analysis identified 3 general themes related to
how AI can be used to address health disparities, how bias might
be mitigated or exacerbated by AI algorithms, and how AI can
help investigate the social determinants of health. Our review
also identified several gaps and areas in need of further research.
These include fostering greater collaboration between HICs and
LMICs in the design of AI technologies, ensuring representation
in training data sets, considering the context of algorithmic
development and application to mitigate bias, and recognizing
ethical and methodological issues arising from the use of AI to
investigate the determinants of cancer outcomes. As AI
applications in oncology continue to expand, attention to these
issues will be critical to prevent harm and ensure equitable
distribution of the potential benefits of these technologies.
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Abstract

Background: Chronic diseases are putting huge pressure on health care systems. Nurses are widely recognized as one of the
competent health care providers who offer comprehensive care to patients during rehabilitation after hospitalization. In recent
years, telerehabilitation has opened a new pathway for nurses to manage chronic diseases at a distance; however, it remains
unclear which chronic disease patients benefit the most from this innovative delivery mode.

Objective: This study aims to summarize current components of community-based, nurse-led telerehabilitation programs using
the chronic care model; evaluate the effectiveness of nurse-led telerehabilitation programs compared with traditional face-to-face
rehabilitation programs; and compare the effects of telerehabilitation on patients with different chronic diseases.

Methods: A systematic review and meta-analysis were performed using 6 databases for articles published from 2015 to 2021.
Studies comparing the effectiveness of telehealth rehabilitation with face-to-face rehabilitation for people with hypertension,
cardiac diseases, chronic respiratory diseases, diabetes, cancer, or stroke were included. Quality of life was the primary outcome.
Secondary outcomes included physical indicators, self-care, psychological impacts, and health-resource use. The revised Cochrane
risk of bias tool for randomized trials was employed to assess the methodological quality of the included studies. A meta-analysis
was conducted using a random-effects model and illustrated with forest plots.

Results: A total of 26 studies were included in the meta-analysis. Telephone follow-ups were the most commonly used
telerehabilitation delivery approach. Chronic care model components, such as nurses-patient communication, self-management
support, and regular follow-up, were involved in all telerehabilitation programs. Compared with traditional face-to-face rehabilitation
groups, statistically significant improvements in quality of life (cardiac diseases: standard mean difference [SMD] 0.45; 95% CI

0.09 to 0.81; P=.01; heterogeneity: X2
1=1.9; I2=48%; P=.16; chronic respiratory diseases: SMD 0.18; 95% CI 0.05 to 0.31; P=.007;

heterogeneity: X2
2=1.7; I2=0%; P=.43) and self-care (cardiac diseases: MD 5.49; 95% CI 2.95 to 8.03; P<.001; heterogeneity:

X2
5=6.5; I2=23%; P=.26; diabetes: SMD 1.20; 95% CI 0.55 to 1.84; P<.001; heterogeneity: X2

4=46.3; I2=91%; P<.001) were
observed in the groups that used telerehabilitation. For patients with any of the 6 targeted chronic diseases, those with hypertension
and diabetes experienced significant improvements in their blood pressure (systolic blood pressure: MD 10.48; 95% CI 2.68 to

18.28; P=.008; heterogeneity: X2
1=2.2; I2=54%; P=0.14; diastolic blood pressure: MD 1.52; 95% CI –10.08 to 13.11, P=.80;

heterogeneity: X21=11.5; I2=91%; P<.001), and hemoglobin A1c (MD 0.19; 95% CI –0.19 to 0.57 P=.32; heterogeneity: X2
4=12.4;

I2=68%; P=.01) levels. Despite these positive findings, telerehabilitation was found to have no statistically significant effect on
improving patients’ anxiety level, depression level, or hospital admission rate.
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Conclusions: This review showed that telerehabilitation programs could be beneficial to patients with chronic disease in the
community. However, better designed nurse-led telerehabilitation programs are needed, such as those involving the transfer of
nurse-patient clinical data. The heterogeneity between studies was moderate to high. Future research could integrate the chronic
care model with telerehabilitation to maximize its benefits for community-dwelling patients with chronic diseases.

Trial Registration: International Prospective Register of Systematic Reviews CRD42022324676;
https://www.crd.york.ac.uk/prospero/display_record.php?RecordID=324676

(J Med Internet Res 2022;24(11):e40364)   doi:10.2196/40364

KEYWORDS

chronic disease; telerehabilitation; meta-analysis; telemedicine; nurses; outpatients

Introduction

“Telehealth” refers to the delivery of health services through
technology when health care providers and patients are separated
by distance [1]. One of the branches of telehealth,
telerehabilitation, is defined as the use of a telehealth approach
to provide rehabilitation care to people with long-term chronic
diseases [2]. Telerehabilitation programs employ communication
and information technology, such as telephones and
videoconferencing, as a delivery channel to provide not only
exercise training, but also self-management education and health
behavior modifications to patients with chronic disease who are
not receiving hospital care [3,4]. Despite offering convenience,
telerehabilitation also has well-known disadvantages, such as
technical issues, limitations on carrying out procedures that
require physical contact, and security breaches.

Many systematic reviews have been published in recent years
on the effectiveness of telerehabilitation programs for those
with one specific chronic disease (eg, cardiac diseases,
respiratory diseases, stroke, or neurological diseases). A
previous systematic review suggested that there is controversy
over the effectiveness of telerehabilitation and that its impacts
could differ depending on which chronic disease a person has
[5]. However, to our knowledge, no reviews have been published
on which chronic disease patients would benefit most from
telerehabilitation programs. The aim in this present review is
to address these research and service gaps by comparing the
effects of telerehabilitation programs on people with different
chronic diseases. If proven successful, the findings can aid the
government and policymakers in better allocating health care
resources, foster the development of telerehabilitation programs
during and beyond the COVID-19 pandemic, and improve the
quality of community care services.

The objectives of the review are to identify the intervention
components of current nurse-led telerehabilitation programs for
community-dwelling people with chronic diseases, to evaluate
the effectiveness of nurse-led telerehabilitation programs
compared with traditional face-to-face rehabilitation programs,
and to compare the effects of telerehabilitation on patients with
different chronic diseases.

Methods

Overview
A systematic review and meta-analysis was conducted following
the PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) 2020 statement [6]. This study was
registered in the International Prospective Register of Systematic
Reviews (PROSPERO; CRD42022324676).

Literature Search
The literature search was performed by 2 independent reviewers
(AYLL and AKCW) without the involvement of librarians.
PubMed, MEDLINE, CINAHL, Embase, PsycInfo, and the
Cochrane Central Register of Controlled Trials were searched
for articles published from 2015 to 2021, with the aim of
capturing the most updated telerehabilitation approaches under
rapid technological development. Handsearching was performed
using Google Scholar and the reference lists of included papers.
Gray literature, such as abstracts and editorials, were excluded
as most of these articles are not peer-reviewed and their
inclusion would have lowered the quality of evidence. Search
strategies for all databases were constructed based on the key
search terms, which included “telerehabilitation,” “chronic
disease,” “nursing,” “multi-disciplinary,” and “randomized
controlled trial.” The search was further expanded by the
inclusion of different chronic diseases and medical subject
headings mesh terms (Multimedia Appendix 1).

Eligibility Criteria

Overview
Studies that included people with hypertension, cardiac diseases
(coronary artery diseases, heart failure), chronic respiratory
diseases (asthma, chronic obstructive pulmonary disease
[COPD]), diabetes, cancer, or stroke were the target of this
review because these are common diseases among people in
the community that require the provision of long-term nursing
rehabilitation care. Articles were screened using the following
eligibility criteria constructed using the patient, intervention,
comparison, and outcome (PICO) strategy.

Inclusion Criteria
The inclusion criteria for articles were the following: participants
aged 18 years or above, diagnosed with one of the targeted
chronic diseases, and living independently in the community
outside health care facilities; telerehabilitation employed as the
intervention delivery channel in 1 arm of the intervention (the

J Med Internet Res 2022 | vol. 24 | iss. 11 | e40364 | p.30https://www.jmir.org/2022/11/e40364
(page number not for citation purposes)

Lee et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.2196/40364
http://www.w3.org/Style/XSL
http://www.renderx.com/


channel could include telephone calls, smartphone apps,
videoconferencing, or SMS text messaging), with nurses
providing of at least 50% of the program in terms of the
frequency or duration of the provision of care; comparison to
conventional face-to-face center-based consultations or a waitlist
control; outcomes of quality of life, disease-specific physical
indicators, self-care ability, psychological outcomes (depression,
anxiety), and health-resource use; and a randomized controlled
trial study design.

Exclusion Criteria
The exclusion criteria for articles were the following:
participants were patients living in assisted residential care
facilities (ie, a nursing home) and interventions were
telerehabilitation programs conducted in hospital settings where

the purpose of the program was to provide education or training
only to health care professionals.

Study Selection
The literature screening process is reported using the PRISMA
flowchart (Figure 1). The search results were retrieved and
imported into EndNote X9 (Clarivate) for the removal of
duplicates after the literature search. Articles were screened by
title and abstract, which was followed by an examination of the
full text by 2 reviewers (AYLL and AKCW) working
independently. For the handsearching, the same 2 reviewers
independently screened the full text of articles. Any
disagreements among the reviewers were resolved through
discussion.

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) 2020 flowchart (adapted from Page et al [6], which is
published under Creative Commons Attribution 4.0 International License [7]). CENTRAL: The Cochrane Central Register of Controlled Trials; RCT:
randomized controlled trial.

Data Extraction
The following variables were extracted and are listed in
Multimedia Appendix 1: author, year of publication, study
characteristics (study location, study population), intervention
characteristics (providers, study duration, intervention group,
control group), data collection timepoint, outcome variables,
outcome measures, and results.

The interventions of all included studies were extracted
according to the chronic care model. The six components of the
model are as follows: (1) active, two-way interactions between
an informed patient and proactive health care providers; (2)
effective self-management support during communication; (3)
an intact delivery system design with regular follow-ups for
evaluation; (4) proper decision support from expertise, protocols,
or training; (5) a clinical information system between patients

and health care providers for managing the patients’ clinical
data; and (6) community resources [8].

Quality Assessment
The Cochrane risk of bias tool was used to identify the potential
risk of bias in the included studies [9]. Two reviewers (AYLL
and AKCW) performed the quality appraisal independently and
resolved any disagreements through discussion.

Statistical Analysis
A meta-analysis was conducted using Review Manager version
5.4.1 (The Cochrane Collaboration) and illustrated using a forest
plot when at least 2 studies were measured for the same
outcomes for a chronic disease at the longest follow-up
timepoint [10]. Under the random-effects model, a mean
difference (MD; using the same measurement tool) or a
standardized MD (SMD; using different measurement tools)
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and a 95% CI were calculated for continuous variables, while
odds ratios (ORs) and the 95% CIs were computed using the
Mantel-Haenszel method for dichotomous variables. The
heterogeneity and significance of the results were assessed using

a chi-squared test, I2 statistics, and a P value (<.05). The value

of I2 could be interpreted as indicating unimportant (0%-40%),
moderate (30%-60%), substantial (50%-90%), or considerable
(75%-100%) heterogeneity [10]. Publication bias was checked
by visualization of a funnel plot [10].

Results

Screening Process
The screening process is reported in Figure 1. A total of 434
papers were included for a full-text screening, and eventually,
38 studies met the criteria for inclusion in this review, 26 of
which had data available for a meta-analysis. The characteristics
of all of the included studies are presented in the data extraction
table (Multimedia Appendix 2).

Study Characteristics
A total of 9677 participants with a mean age of 63.75 years
were included in the 38 studies. Of these, 5105 received
telerehabilitation and 4572 received conventional face-to-face
consultations; 6 studies were 3-armed randomized controlled
trials [11-16], and the remaining studies were 2-armed studies.
Among the 38 included studies, 9 targeted patients with cardiac

disease [15-23], 9 targeted chronic patients with respiratory
disease [24-32], 9 targeted patients with diabetes [11,12,33-39],
4 targeted patients with hypertension [14,40-42], 4 targeted
patients with cancer [43-46], and 3 targeted patients with stroke
[13,47,48].

Intervention Characteristics
The programs were performed by registered nurses (n=20),
specialty nurses (n=8), advanced practice nurses (n=3),
community nurses (n=1), a nurse case manager (n=1), or people
involved in more than one health-related discipline (n=5). The
study periods ranged from 4 weeks to 36 months, with 8 weeks
(n=8), 12 weeks (n=7), and 24 weeks (n=7) being the most
common durations.

The technologies used in telerehabilitation programs are
summarized in Table 1. Generally, the nurse telephone follow-up
(n=26) was the most commonly adopted nurse-led
telerehabilitation delivery channel for all chronic disease
patients, followed by telemonitoring (n=9) and
videoconferencing (n=4). In addition, most of the studies
involved nontechnological components in addition to
telerehabilitation, such as distributing written educational
materials (n=20), attending an in-person educational session
(n=16), regular face-to-face training (n=10), and home visits
by nurses (n=3). For the control groups, regular nursing
consultations (n=30), paper-based educational materials (n=14),
and an in-person educational session (n=6) were used.

Table 1. Telerehabilitation interventions for different chronic diseases.

Stroke, nCancer, nDiabetes, nChronic respiratory diseases, nCardiac diseases, nHypertension, n

328563Nurse follow-ups by telephone/video

000002Nurse follow-ups by SMS texts

001430Telemonitoring

022000Smartphone apps

000010Website

000010Exercise training

Nurse Follow-Ups
A total of 32 studies conducted telerehabilitation programs
through telephone (n=26) [11-13,15,17,19-22,24-28,33,35,
37-43,46-48], videoconferencing (n=4) [21,30,32,34], SMS text
messaging (n=2) [14,41], or WhatsApp (n=1) [45] (Multimedia
Appendix 3). Nurse-led counseling was mostly implemented
weekly (n=4), monthly (n=5), or a combination of both (n=7).
Seven studies did not report the frequency of their interventions.
The contents of nursing follow-up included providing education
on disease-specific knowledge (eg, COPD exacerbation,
hypoglycemia) and self-care behavior (eg, medication
adherence, lifestyle modification; n=14), addressing patients’
enquiries on disease self-management (n=8), monitoring
patients’ signs and symptoms (n=6), conducting motivational
interviewing (n=5), performing medication titration with
collaboration of physicians (n=4), empowering goal-setting and
personal plan implementation (n=4), and providing
psychological support (n=3).

There were 2 studies framed by problem-solving theory, which
supported chronic disease rehabilitation by developing
behavioral plans and providing positive reinforcement during
nurse-led phone counseling [13,28]. Another 2 studies used
noninteractive information SMS texts and/or interactive SMS
texts with nurses to provide education on chronic disease
management and support on disease monitoring [14,41].

Telemonitoring
Nine studies integrated telemonitoring in their telerehabilitation
program for patients with heart failure, asthma, COPD, or
diabetes [16,18,21,29-32,34,35] (Multimedia Appendix 4).
Patients were instructed to measure their disease-specific
physical indicators (eg, blood pressure, spirometry, oxygen
saturation, respiratory rate, blood glucose level) and record their
signs and symptoms daily (n=5), weekly (n=1), or from daily
to weekly after the first few weeks of interventions (n=3). The
data were transmitted to a shared platform by manual recording
in tablet and mobile apps (n=3), auto-transmission from
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measurement tools to tablet (n=2), or SMS texts (n=1). In 7
studies, alerts were sent automatically to nurses if abnormal
data were detected by decision-support systems. These
decision-support systems were constructed according to research
protocol (n=5) or through shared decision-making with patients
(n=2). After receiving the alerts, the nurses would support these
patients through continuing telephone follow-up (n=6),
videoconferencing (n=2), or referring to physicians (n=1).

Other Telerehabilitation Interventions
Apart from nurse follow-ups and telemonitoring, there were 4
studies that used smartphone apps to support chronic disease
rehabilitation in the community [23,35,44,45]. The functions
of these apps generally included provision of multimedia
educational materials, monitoring of health behaviors,
psychological support, chat functions, and discussion forums
for nurse counseling. Two studies designed a website to provide
education information on cardiac self-management [16] and
monitor patients’ health status with the use of online health

questionnaires [46]. In addition, one study provided online
exercise training for patients with health failure through
videoconferencing [23].

Chronic Care Model
The overall chronic care model elements among all included
studies are illustrated in Multimedia Appendix 5. The
interventions in all of the studies are shown as being aligned
with at least a part of the model. In all of the 38 included studies,
regular interactions between patients and nurses,
self-management support, and regular follow-ups were provided.
In a total of 26 studies, decision support for nurses was provided
through preintervention training, guidelines, or protocols. A
clinical information system was involved in 10 studies with a
telemonitoring component. There were 8 studies in which
referrals were provided to available community resources.

Quantitative Synthesis
Forest plots for all outcomes are shown in Figure 2.

Figure 2. Forest plot on the effectiveness of community-based nurse-led telerehabilitation programs on (a) quality of life, (b) disease-specific physical
indicators, (c) self-care ability, (d) psychological outcomes, and (e) health-resource use. std: standard.
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Quality of Life

Hypertension
One study reported that telerehabilitation programs had a
positive effect on the quality of life of people with hypertension
[40].

Cardiac Diseases
A significant improvement in the quality of life of cardiac
disease patients who had received telerehabilitation was
observed when compared with those who had received a
nontechnological intervention (SMD 0.45; 95% CI 0.09-0.81;

P=.01), with moderate heterogeneity (X2
1=1.9; I2=48%; P=.16).

Chronic Respiratory Diseases
Pooled analyses of 3 studies showed that patients with COPD
who received telerehabilitation had a significantly higher quality
of life than did those who received conventional face-to-face
rehabilitation (SMD 0.18; 95% CI 0.05-0.31; P=.007;

heterogeneity: X2
2=1.7; I2=0%; P=.43).

Diabetes (Type II)
For diabetes, 1 study [34] showed no significant difference,
while 2 studies [38,39] reported an improvement in the quality
of life of patients after receiving nurse-led telerehabilitation.

Cancer
From a meta-analysis of 2 studies, it was revealed that there
was no significant difference in quality of life between the
intervention and control groups of patients with cancer (SMD

0.30; 95% CI –0.50 to 1.09; heterogeneity: P=.46; X2
1=8.1;

I2=88%; P=.005).

Disease-Specific Physical Indicators

Hypertension
Pooled intervention effects from 2 studies showed a significant
improvement in the systolic blood pressure of patients through
telerehabilitation (MD 10.48; 95% CI 2.68 to 18.28; P=.008),

with moderate heterogeneity (X2
1=2.8; I2=54%; P=.14).

However, no significant difference was observed in their
diastolic blood pressure (MD 1.52; 95% CI –10.08 to 13.11;

P=.80; heterogeneity: X2
1=11.5; I2=91%; P<.001).

Cardiac Diseases
Among those with heart failure, no significant differences
between the telerehabilitation and control groups were observed
in physical symptoms [17,21,23].

Chronic Respiratory Diseases
One included study reported that telerehabilitation had no effect
on reducing the number of instances of COPD exacerbation or
COPD symptom levels [31]. Another study also found no
significant difference in dyspneic levels between those who
received telerehabilitation and those who received conventional
in-person follow-ups [26].

Diabetes (Type II)
A meta-analysis of 5 studies found that telerehabilitation had
no significant effect on improving the hemoglobin A1c levels
of patients (MD 0.19; 95% CI –0.19 to 0.57; P=.32). However,
the above result might have been affected by an outlier since

the findings showed substantial heterogeneity (X2
4=12.4;

I2=68%; P=.01).

Stroke
One study showed improved systolic blood pressure, diastolic
blood pressure, and low-density lipoprotein levels in stroke
survivors who had received a telerehabilitation program [47].

Self-Care Ability

Hypertension
Only 1 study assessed the effect of telerehabilitation on self-care
among patients with hypertension, and in that study, no
significant difference was found between the groups [42].

Cardiac Diseases
A pooled analysis indicated that telerehabilitation could have
a beneficial effect on the self-care ability of patients with cardiac
diseases (MD 5.49; 95% CI 2.95 to 8.03; P<.001), with mild

heterogeneity (X2
5=6.5; I2=23%; P=.26). A subgroup analysis

showed that participation in telerehabilitation led to a significant
improvement in the participants’ self-care management (MD
6.36; 95% CI 0.29 to 12.43; P=.04) and self-care confidence
(MD 4.30; 95% CI 0.13 to 8.47; P=.04) but not in their self-care
maintenance (MD 4.23; 95% CI –1.79 to 10.25; P=.17).

Chronic Respiratory Diseases
One included study revealed that patients demonstrated a
significant improvement in disease self-management after
receiving telerehabilitation [27]. Nevertheless, another study
showed no significant difference in self-management health
behaviors between the telerehabilitation and onsite out-patient
follow-up groups [25].

Diabetes (Type II)
The pooled SMD indicated that telerehabilitation had a
significant positive effect on enhancing the self-care behavior
of patients with diabetes when compared with conventional
face-to-face nursing consultations (SMD 1.20; 95% CI

0.55-0.84; P<.001; heterogeneity: X2
4=46.3; I2=91%; P<.001).

Psychological Outcomes (Depression, Anxiety)

Cardiac Diseases
A meta-analysis showed that telerehabilitation had no significant
effect on reducing the depression levels of patients who
experience heart failure (SMD 0.16; 95% CI –0.10 to 0.42;

P=.23; heterogeneity: X2
1=0.03; I2=0%; P=.85).

Chronic Respiratory Diseases
Pooled analyses in 3 studies found there to be a significant
reduction in anxiety (SMD 0.14; 95% CI 0.00-0.28; P=.04) and
depression levels (SMD 0.15; 95% CI 0.02-0.29; P=.02) in
patients with COPD.
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Diabetes (Type II)
The only study that evaluated the effects of a telerehabilitation
program on patients with diabetes showed an improvement in
depression [36].

Cancer
The pooled MD showed no significant effect between groups
on relieving anxiety (MD 9.07; 95% CI –4.40 to 22.54; P=.19;

heterogeneity: X2
1=14.5; I2=93%; P<.001).

Stroke
One study reported no significant differences in depression
levels between stroke survivors who received telerehabilitation
and those who received conventional face-to-face nurse
consultations [13].

Health-Resource Use

Cardiac Diseases
A pooled intervention effect of 3 studies showed that
telerehabilitation had no significant effect on reducing
hospitalizations of patients with heart failure (OR=1.04, 95%

CI 0.61-1.77; P=.88; heterogeneity: X2
2=3.91; I2=49%; P=.14).

Chronic Respiratory Diseases
Telerehabilitation had no significant effect on reducing
respiratory-related hospitalizations (OR 1.03, 95% CI 0.79-1.35;

P=.81), with no heterogeneity observed (X2
4=3.8; I2=0%;

P=.43).

Diabetes (Type II)
One included study reported a greater reduction in unplanned
health care services usage among patients with diabetes in the
telerehabilitation group compared to those in the control group
[39]. However, another study found no significant differences
[38].

Cancer
One study reported no significant difference in health-resource
use between patients with cancer who received telerehabilitation
and those in the control group [46].

Risk of Bias
A summary of the risk of bias in the studies is shown in Figure
3 and 4. The quality of the randomization and allocation
concealment in most of the studies was good. However, due to
the nature of telerehabilitation, blinding of participants and
interventionists was difficult. There were 34 out of 42 studies
rated as high or unclear risk regarding to blinding of participants
and personnel (90%). In addition, 25 out of 42 studies were
rated with high or unclear risk on blinding to outcome
assessment (66%), while 12 studies had high risk on outcome
reporting (29%).

Figure 3. Risk of bias.
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Figure 4. Risk of bias table.

Discussion

Principal Results
Given the limited resources in hospital settings and the ongoing
COVID-19 pandemic, telerehabilitation seems to be a promising
long-term approach to delivering continuous care from health
care professionals to people with chronic diseases [49]. In this
meta-analysis, it was found that patients with chronic disease

experienced a significant improvement in their quality of life
and self-care ability after receiving nurse-led telerehabilitation
when compared with those who received a conventional
in-person rehabilitation service. These improvements might
have resulted from an increase in people’s knowledge of how
to monitor their symptoms and in their ability to perform clinical
assessments on their own after participating in a nurse-led
telerehabilitation program [30,46]. Similar results were seen in
previous reviews targeting community-dwelling patients [50]

J Med Internet Res 2022 | vol. 24 | iss. 11 | e40364 | p.36https://www.jmir.org/2022/11/e40364
(page number not for citation purposes)

Lee et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


with heart failure [51], COPD [52], or cancer [53]. Thus, with
these findings, telerehabilitation programs can be applied in
community-based rehabilitation services, especially during the
current COVID-19 pandemic. Although telerehabilitation is
beneficial to the quality of life and self-care ability of patients
with chronic disease, its effect on their psychological health
and hospital admission is less certain. A previous review
analyzing the effects of nurse-driven telerehabilitation programs
found significant improvement in anxiety and depression level
among patients with COPD [52]. In contrast, a few studies
reported that telerehabilitation had no significant impact on the
psychological health of those with chronic disease [18,23]. In
addition, the effectiveness of telerehabilitation on reducing
health resource use was also varied among previous reviews.
A previous integrated review was not able to prove the
effectiveness of telerehabilitation on reducing hospitalization
rate among patients with heart failure [54]. Some reviews found
significant reduction of nonplanned hospital admission [55] and
emergency department visits [56]. In contrast, a few studies
reported no significant differences on health-resource use for
community-dwelling older adults [50], patients with diabetes
[57], or those with heart failure [58]. These mixed findings
might have resulted from differences in the characteristics of
the patients and interventions in their respective nurse-led
rehabilitation programs. Therefore, future reviews are needed
to compare the effectiveness of telerehabilitation programs
according to their different intervention characteristics, such as
duration, delivery mode, and dosage.

Nurse telephone follow-ups were found to be the most common
intervention component in nurse-led telerehabilitation programs,
which was consistent with the finding in a previous study [59].
Telephone follow-ups were perceived to be by far the easiest
way to ask health care providers questions about disease
self-management, while not requiring any sophisticated devices
[12,43,46]. By contrast, telemonitoring, another intervention
component frequently used in telerehabilitation programs, was
regarded as the least favorable by patients because of the
frequent technical issues that arose during the transmission of
data using wireless devices [18,60,61]. The patients were also
concerned about the accuracy of the tools used in the in-home
monitoring of vital signs and the wearable sensor [62]. In
addition, the inability to use the monitoring tools and interpret
their own health data were also common reasons for
noncompliance in self-monitoring [18]. Telemonitoring is thus
better implemented with adequate preintervention nursing
education or training sessions for patients to familiarize
themselves with the technological devices. Future research
should also improve the quality of the telemonitoring system,
including stability, accuracy, and security to increase patients’
confidence towards telemonitoring.

Despite their benefits, rehabilitation programs should not be
provided solely via a telecare delivery mode. The lack of
physical interaction can lead to difficulty in building a trusting
nurse-patient relationship and hence lower the satisfaction of
patients [26,42]. In addition, telerehabilitation may indeed
increase the anxiety and depression levels of patients due to
inexperience in using technology [23,63]. Patients with chronic
disease may need regular face-to-face nurse consultations to

solve the problems that they encounter during telerehabilitation.
Supplementing telerehabilitation with face-to-face consultations
allows for more comprehensive nursing assessments and
physical examinations to be conducted [64].

Guided by the chronic care model, this review found that all
included studies provided regular two-way interactions between
patients and proactive health care providers. However, when
abnormal findings or acute problems were identified, some
studies did not provide evidence-based protocols for nurses to
follow, which might have led to inaccuracy in clinical judgement
and an increase in unnecessary hospital admission [65-67].
Therefore, a reliable guideline should be given to health care
providers before the implementation of telerehabilitation
programs.

Given the current pace of technological development, more
advanced decision support systems can be improved with the
aid of artificial intelligence (AI) [68]. Different decision support
systems were developed in recent research for chronic disease
management, most commonly for diagnosis, follow-up
management, and treatment [69]. A previous study created an
AI-based decision support system for enhancing shared
decision-making in a pharmacotherapy regimen for patients
with diabetes [70]. Based on patients’ clinical data, this
AI-driven system can generate medication regimens with
comprehensive information, including predicted success rate,
risks and benefits, and medication costs. Another study adopted
a machine-learning decision support system in telemonitoring
to predict the risk of acute asthma exacerbation according to
patients’ self-report symptoms, with timely alert notification to
nurses when abnormalities were detected [71].

In addition to decision support systems, clinical information
systems are another important component in the chronic care
model that need to be considered in nurse-led telerehabilitation
programs. The lack of a shared clinical information system
among health care professionals has shown to increase the risk
of medical errors [72]. With the use of technology, health
records of patients can be shared electronically between patients
and health care providers or among different health care
disciplines. Evidence suggests that integrating electronic health
records in community-based chronic disease care can effectively
improve patients’ health outcomes and quality of health care
services [73]. Although the use of electronic health records has
been widely used and tested, it is limited to showing only
objective physical indicators, such as blood glucose level and
radiology reports. Recent studies have begun to allow patients
to impute their subjective health complaints, such as symptoms
and physical activity, into the electronic health records [74].
Nevertheless, concerns have been raised concerning data privacy
issues when patients’ personal information were uploaded and
stored on the internet [62,75]. Therefore, future research is
needed to develop a cloud platform with a more advanced
security system so as to prevent breaching of patient health data
[76]. In addition, policy makers should regulate the storage and
sharing of patient health information to third parties for medical
follow-up and referral to ensure data privacy [77].

Chronic diseases are usually associated with functional
impairment, which can reduce the ability of patients to adapt
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telerehabilitation. The evidence shows that patients with greater
physical disabilities are less likely than their counterparts to
comply with a telerehabilitation program [18,27,78]. To improve
compliance, adequate preintervention training is needed on
disease self-management and on the use of technological devices
[79]. Among the 6 targeted chronic diseases, previous research
suggested that cardiac diseases, chronic respiratory diseases,
and stroke would cause higher functional disability in patients
than would hypertension, diabetes, and cancer and thus
compromise their ability to participate in telerehabilitation
programs [80]. This may explain why improvement in the
physical indicators examined in this review, including COPD
exacerbation and physical disability level, was not significant
among patients with cardiac diseases, chronic respiratory
diseases, or stroke after participating in a nurse-led
telerehabilitation program. In view of this, it is suggested that
caregivers should be involved in assisting such patients to
become engaged in telerehabilitation programs.

Future Directions
Most older adults not only suffer from a single chronic disease,
but also face the problem of multimorbidity. The prevalence of
multimorbidity in China and the United States has been reported
to be 49.4% and 59.6%, respectively [81,82]. Rehabilitation
services for patients with multiple chronic diseases are more
complex in nature than are those for patients with a single
disease due to the interrelated pathophysiological pathways of
chronic diseases [83]. The difficulty in interpreting symptoms
and managing multiple medical regimens increases due to the
overlapping signs and symptoms of these complex and
interrelated chronic diseases [84]. It is thus crucial to conduct
future studies to evaluate the effectiveness of nurse-led

telerehabilitation programs among patients with multiple chronic
conditions, as there are currently few such studies.

Limitations
This review has several limitations. First, it only included papers
written in English, so relevant studies reported in different
languages were missed. Second, this review only included
nurse-led telerehabilitation programs for the 6 most common
chronic diseases. There was no coverage of telerehabilitation
programs for those with other chronic diseases resulting in high
functional disability, such as arthritis and neurological diseases.
Third, the heterogeneity between studies was from moderate to
high due to the differences in intervention characteristics, such
as study duration, sample size, and technological devices used.
Fourth, not all studies were included in the meta-analysis due
to data incompleteness despite reviewers’ attempts to contact
corresponding authors for relevant data.

Conclusions
Although the meta-analysis showed that the programs led to a
significant improvement in the quality of life and self-care
ability of patients with various chronic diseases, it did not have
an advantage over traditional face-to-face consultations with
regard to anxiety, depression, or the number of hospital
admissions. Guided by the chronic care model, the review
showed that the usage of decision support and clinical
information systems may facilitate the work of nurses in
telerehabilitation programs. In addition, despite the commonality
of multimorbidity, limited studies regarding the effectiveness
of telerehabilitation programs targeting patients with multiple
chronic diseases are available. Future research could focus on
the use of telerehabilitation among these patients.
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Abstract

Background: Telemedicine is an expanding and feasible approach to improve medical care for patients with long-term conditions.
However, there is a poor understanding of patients’ acceptability of this technology and their rate of uptake.

Objective: The aim of this study was to systematically review the current evidence on telemonitoring in the management of
patients with long-term conditions and evaluate the patients’ uptake and acceptability of this technology.

Methods: MEDLINE, Scopus, and CENTRAL (the Cochrane Central Register of Controlled Trials) were searched from the
date of inception to February 5, 2021, with no language restrictions. Studies were eligible for inclusion if they reported any of
the following outcomes: intervention uptake and adherence; study retention; patient acceptability, satisfaction, and experience
using the intervention; changes in physiological values; all-cause and cardiovascular-related hospitalization; all-cause and
disease-specific mortality; patient-reported outcome measures; and quality of life. In total, 2 reviewers independently assessed
the articles for eligibility.

Results: A total of 96 studies were included, and 58 (60%) were pooled for the meta-analyses. Meta-analyses showed a reduction

in mortality (risk ratio=0.71, 95% CI 0.56-0.89; P=.003; I2=0%) and improvements in blood pressure (mean difference [MD]=−3.85

mm Hg, 95% CI −7.03 to −0.68; P=.02; I2=100%) and glycated hemoglobin (MD=−0.33, 95% CI −0.57 to −0.09; P=.008; I2=99%)

but no significant improvements in quality of life (MD=1.45, 95% CI −0.10 to 3; P=.07; I2=80%) and an increased risk of

hospitalization (risk ratio=1.02, 95% CI 0.85-1.23; P=.81; I2=79%) with telemonitoring compared with usual care. A total of
12% (12/96) of the studies reported adherence outcomes, and 9% (9/96) reported on satisfaction and acceptance outcomes;
however, heterogeneity in the assessment methods meant that a meta-analysis could not be performed.

Conclusions: Telemonitoring is a valid alternative to usual care, reducing mortality and improving self-management of the
disease, with patients reporting good satisfaction and adherence. Further studies are required to address some potential concerns
regarding higher hospitalization rates and a lack of positive impact on patients’ quality of life.

Trial Registration: PROSPERO CRD42021236291; https://www.crd.york.ac.uk/prospero/display_record.php?RecordID=236291
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Introduction

Background
In the United Kingdom, 15 million people live with at least one
long-term condition [1], with their care accounting for 70% of
the National Health Service budget [1]. Those with long-term
conditions have significantly reduced quality of life (QoL) as
well as an increased risk of morbidity and mortality [2,3].
Cardiovascular disease, diabetes mellitus, and chronic
obstructive pulmonary disease (COPD) are the most common
chronic conditions worldwide [4]. Lack of care coordination
[5,6] and care planning consultation [5,6] are among the
common barriers that patients with long-term conditions face.
In addition, the restrictions induced by the COVID-19 pandemic
have amplified the challenges that people living with chronic
diseases experience in terms of managing their health and
accessing health care [7].

Advances in technology have the potential to support patients
with long-term conditions in managing their health at home,
making the provision of remote health care more accessible and
efficient [8]. Web-based health care and telemedicine include
the remote delivery of care using communication technology
(eg, videoconference software, web-based applications, and
home-based health measurement) to enable consultations
between patients and their care team, providing continuous
monitoring of relevant health parameters. This allows health
care professionals to promptly respond to changes in patient
health status and adapt their clinical management in real time
[9].

Objectives
Recent evidence has deemed telemedicine feasible for patients
with long-term conditions and effective in terms of improving
medical care [10]. As telemedicine is a rapidly expanding and
changing field, recent umbrella reviews [10,11] that consider
older primary studies have potentially made conclusions based
on noncontemporary data. Therefore, the aim of this systematic
review was to update and expand the current literature on
telemonitoring by better defining the interventions included to
encompass the role that interactive, 2-way communication
devices play in improving the care of patients with long-term
conditions, as well as evaluate patient uptake and acceptability
of this technology.

Methods

Overview
This systematic review was registered on PROSPERO
(International Prospective Register of Systematic Reviews;
CRD42021236291) and conducted in accordance with the
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) guidelines [12].

This review aimed to address the following research questions:
(1) What is the rate of uptake, patient retention, and patient
satisfaction when using 2-way (patient-health care provider)
remote patient monitoring devices to manage chronic health
conditions? (2) What factors are associated with patient retention
and satisfaction when using 2-way (patient-health care provider)
remote patient monitoring devices to manage chronic health
conditions? (3) Does the use of 2-way (patient-health care
provider) remote patient monitoring devices for the management
of chronic health conditions affect patient outcomes (eg, changes
in physiological measurements, QoL, all-cause and
cardiovascular-related hospitalizations, and all-cause and
disease-specific mortality)?

Criteria for Considering Studies to Include in the
Review
Studies carried out in any setting aiming to evaluate
telemonitoring interventions for participants with at least one
chronic condition among the following—cardiovascular disease,
COPD, or diabetes mellitus—were eligible for inclusion. All
randomized controlled trials (RCTs) and nonrandomized trials,
before-and-after (pre-post) studies, and interrupted time series
were considered for inclusion. Cross-sectional studies and case
reports were excluded. Qualitative studies were included to
assess participant satisfaction. Ongoing studies (if any) were
also considered and presented in a dedicated table.

Participants
Adult participants (aged ≥18 years) were eligible for inclusion
in this review if they reported one or more of the following
chronic health conditions: cardiovascular diseases (eg, coronary
artery disease, atrial fibrillation, stroke, heart failure, and
hypertension), COPD, or diabetes mellitus.

Intervention
Interventions designed to remotely collect health information
from patients using digital technologies and electronically
transfer the information to health care professionals for
monitoring and assessment were eligible for inclusion. Only
interventions where the participant received a digital device for
remote patient monitoring and the participant or their caregiver
took physiological measurements and either input the
information into the device or the device automatically uploaded
the data were included. Health devices suitable for inclusion
had to transmit data to the participant’s health care team, and
the participant’s health care team had to monitor the information
received, assessing it and making appropriate changes to the
participant’s treatment accordingly. A 2-way exchange of
information was required for a study to be included.

Comparator
Studies in which usual care or a different intervention was used
as control or comparator were also considered as eligible for
inclusion, as were studies that did not have a control group.
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Outcomes
The primary outcomes of interest were (1) intervention uptake
(number of people willing to participate in the intervention) and
adherence (level of commitment of the patient to the prescribed
intervention); (2) study retention (number of people who
completed the intervention); and (3) patient acceptability (level
of acceptance of the intervention by the participants), satisfaction
(number of participants pleased with the intervention), and
experience using the intervention. Secondary outcomes included
(1) changes in physiological measurements (eg, oxygen
saturation, blood pressure [BP], and blood glucose level); (2)
all-cause and cardiovascular-related hospitalizations; (3)
all-cause and disease-specific mortality; (4) patient-reported
outcome measures (eg, mental well-being, depression, and
anxiety questionnaires); and (5) QoL, quality-adjusted life years,
and any other health economic outcomes reported in the studies.
All the studies that reported one or more of these outcomes were
considered eligible for inclusion.

Search Strategy
The search strategy was developed by the review team, which
agreed on the key terms. Medical Subject Headings terms and
synonyms for the different terms, such as “telemedicine,”
“digital monitoring,” and “e-health” (Table S1 in Multimedia
Appendix 1 [13-163]), were used and combined with Boolean
operators, proximity operators, truncations, and wildcards.
MEDLINE, Scopus, and CENTRAL (the Cochrane Central
Register of Controlled Trials) were searched from the date of
inception to February 5, 2021, for relevant studies. There were
no language restrictions, but the availability of the full text was
a requirement for inclusion. Search results were managed using
EndNote (version X9.3.3; Clarivate Analytics).

Study Selection
Two reviewers (MC and DGL) independently screened the titles
and abstracts of the studies retrieved from the databases against
the search criteria. Additional screening of the preliminary
results was independently undertaken by 3 other reviewers (BB,
SH, and MI). The full texts of all potentially relevant articles
were retrieved and independently assessed by the reviewers in
duplicate. Any disagreement was resolved through discussion
with the senior author (DL).

Data Extraction
Data extraction was conducted independently by 2 reviewers
(DGL and MC). The following information was extracted: (1)
authors, year, country, and reference; (2) study aim; (3) study
characteristics (study design and sample size); (4) participant
characteristics (age, sex, and ethnicity); (5) health condition;
(6) intervention (type of telemedicine device, input of the data
[manual or automated], delivery of the intervention, staff
involved, duration and frequency of the intervention, and
follow-up points); (7) comparators (usual care, different
intervention, or no intervention); and (8) outcomes (primary
and secondary, as reported in the study).

Risk of Bias Assessment
Six authors (DGL, MC, BB, SH, MI, and DL) independently
assessed the individual studies for risk of bias in duplicate, and

any discrepancies were resolved via discussion or referral to a
third reviewer, as required. For RCTs, the Cochrane Risk of
Bias version 2 tool [164] was used. For nonrandomized studies,
the Risk Of Bias In Non-randomized Studies of Interventions
[165] was used.

Data Synthesis
Meta-analyses were conducted on comparable studies. Primary
and secondary outcome effect measures with 95% CIs were
pooled using the RevMan software (The Cochrane
Collaboration) [166]. The results are presented visually using
forest plots. Where continuous data were not homogeneous, an
estimate of the standardized mean difference (MD) with 95%
CIs was calculated. For studies in which quantitative data were
too few or too heterogeneous, a narrative synthesis approach
was used.

Dichotomous analyses were conducted using the number of
events and total sample size as reported in the included studies.
The results of the selected studies were combined using the
Mantel-Haenszel method. Effect sizes are expressed as relative
risk and 95% CIs. Random effect models were applied to all
meta-analyses owing to heterogeneity in study characteristics
and populations. Heterogeneity was quantitatively assessed

using the Higgins index (I2).

For the analysis of QoL, the postintervention scores, as reported
in the included studies, were used. Where the SD was not
reported, it was calculated using the calculator function available
in RevMan. For analysis of changes in physiological parameters
(BP and glycated hemoglobin [HbA1c]) and QoL, the results of
the selected studies were combined using the generic inverse
variance method. Effect sizes are expressed as the MD and SD.

Findings from the included qualitative studies will be
synthesized elsewhere using a meta-aggregative approach to
data synthesis.

Results

Overview
The database searches identified 10,401 papers. After
independent screening of titles and abstracts by 2 study authors,
98.77% (10,273/10,401) of papers were determined to be
duplicates or not eligible. After screening against the inclusion
and exclusion criteria, of the remaining 128 papers, 96 (75%)
were included. No ongoing studies were found (Figure 1). A
full list of the excluded studies with reasons for exclusion is
provided in Table S2 in Multimedia Appendix 1. Full texts of
all 96 included papers [13-109] were retrieved.

No study reporting outcomes related to intervention uptake,
study retention, and patient acceptability were identified in our
search and, therefore, these outcomes could not be analyzed.
The following analyses and results concern only patient
adherence and satisfaction as well as clinical and
patient-reported outcomes.
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) diagram depicting the screening and study selection process.

Characteristics of the Included Studies
The included studies were published between 1998 and 2020,
with sample sizes ranging from 20 [36,99] to 3562 [102]
participants and a total sample of 26,167 participants. The mean
age ranged from 44 [22] to 78 [107] years, and the proportion
of men varied from 25% [51] to 76% [91]. Most of the included
studies were conducted in the United Kingdom (21/96, 22%)
and the United States (29/96, 30%), with additional studies
conducted in Belgium (2/96, 2%), Canada (4/96, 4%), Denmark
(5/96, 5%), Poland (2/96, 2%), Singapore (2/96, 2%), South
Korea (2/96, 2%), Spain (9/96, 9%), Germany (4/96, 4%), and
Italy (6/96, 6%; Multimedia Appendix 2 [13-109,136]). In
addition, the following countries had 1% (1/96) of the studies
each: Australia [37], China [99], Finland [106], Greece [49],
Hong Kong [28], Israel [14], Japan [66], Malaysia [67], the
Netherlands [25], and Taiwan [29] (Multimedia Appendix 2).

Populations in the included studies comprised patients with
diabetes (27/96, 28% of the studies), cardiovascular disease
(stroke, atrial fibrillation, hypertension, and heart failure; 52/96,
54% of the studies), COPD (12/96, 12% of the studies), and
mixed chronic conditions (diabetes, hypertension, and COPD;
5/96, 5% of the studies; Multimedia Appendix 2).

Types of Interventions
The studies varied in their design, type of telemonitoring system
used, and method of delivery (Multimedia Appendix 2). Most
(64/96, 67%) were RCTs, with 4% (4/96) being nonrandomized
controlled studies, 2% (2/96) being cluster randomized studies,
10% (10/96) being longitudinal studies, 4% (4/96) being
retrospective analyses, 3% (3/96) being pre-post analyses, and
9% (9/96) having a mixed methods or qualitative design. Most
studies (88/96, 92%) used telemonitoring systems that collected
patient information via computers, tablets, or dedicated devices
(eg, modem) and transferred these data to a web-based server.
Some studies collected patient data via SMS text message (3/96,
3%) or by telephone (4/96, 4%). A total of 4% (4/96) of the
studies provided educational videos to increase the patients’
knowledge of the disease. The length of the intervention was
highly variable, with 5% (5/96) of the studies assessing it over
a short period (7-45 days), 21% (20/96) assessing it over a 2-
to 4-month period, and most interventions (76/96, 79%) lasting
6 to 12 months. The follow-up periods were inconsistent among
the studies and, where present, ranged from 3 to 18 months.

Types of Comparators
Most studies (79/96, 82%) compared the intervention with usual
care, which consisted of routine visits (outpatient clinics) and
in-person consultations with general practitioners or the hospital
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care team (Multimedia Appendix 2). A total of 10% (10/96) of
the studies did not have a control group. A total of 1% (1/96)
of the studies asked the control group to manually record their
data in a diary. In total, 2% (2/96) of the studies used educational
videos in the control group to improve patients’ knowledge of
the disease, another 2% (2/96) compared the intervention with
another telemonitoring device, and 1% (1/96) compared the
intervention (telemonitoring device) with telephone
communication. A total of 1% (1/96) of the studies used a
similar intervention as the control group comparing patients
with and without heart failure.

Types of Outcomes
In total, 12 studies reported adherence to the intervention,
including 9 (75%) in patients with cardiovascular disease, 2
(17%) in patients with diabetes, and 1 (8%) in patients with
COPD (Multimedia Appendix 2). Patient satisfaction with the
intervention was assessed in 9% (9/96) of the studies (2/9, 22%
in patients with cardiovascular disease; 3/9, 33% in patients
with diabetes; 2/9, 22% in patients with COPD; and 2/9, 22%
in a mixed population; Multimedia Appendix 2).

Most studies (31/96, 32%) reported changes in physiological
parameters, which varied depending on the population observed,
with 39% (12/31) of these studies reporting BP values for
patients with cardiovascular disease, 55% (17/31) reporting
HbA1c values for patients with diabetes, and 6% (2/31) reporting
multiple physiological values in mixed populations (Multimedia
Appendix 2).

Hospital admission during the intervention was recorded in 29%
(28/96) of the studies (21/28, 75% in patients with
cardiovascular disease; 4/28, 14% in patients with COPD; and
3/28, 11% in a mixed sample), and death was noted in 18%
(17/96) of the studies (14/17, 82% in patients with
cardiovascular disease; 2/17, 12% in patients with COPD; and
1/17, 6% in a mixed population; Multimedia Appendix 2).

QoL before and after the intervention was recorded in 22%
(21/96) of the studies (11/21, 52% in patients with
cardiovascular disease; 2/21, 10% in patients with diabetes;
6/21, 29% in patients with COPD; and 2/21, 10% in a mixed
population; Multimedia Appendix 2).

Excluded Studies
A total of 25% (32/128) of the studies assessed for eligibility
[110-141] were excluded. A summary of these studies can be
found in Table S2 in Multimedia Appendix 1. Most (18/32,
56%) were excluded as they were not related to a telemonitoring
intervention, 6% (2/32) included disease populations not covered
in this review, 31% (10/32) reported outcomes outside the scope
of this review, 3% (1/32) were literature reviews, and 3% (1/32)
were study protocols.

Risk of Bias Assessment
A summary of the risk of bias assessment of the included studies
can be found in Tables S3-S5 in Multimedia Appendix 1.
Overall, most RCTs (48/66, 73%) and non-RCTs (17/20, 85%)
included in this review showed either some concerns or a high
risk of bias. Most RCT studies (45/66, 68%) showed either some
concerns or a high risk of bias in the randomization process as
well as in the selection of the reported results. Some RCTs
(18/66, 27%) showed either some concerns or a high risk of
bias in missing outcome data. Few RCTs (17/66, 26%) showed
either some concerns or a high risk of bias in the measurement
of the outcomes.

Most of the non-RCTs (18/20, 90%) showed either some
concerns or a high risk of bias in the bias due to confounding
category. A total of 50% (10/20) of the studies showed either
some concerns or a high risk of bias in the bias in measurement
of outcomes category. Few of the non-RCTs (9/20, 45%) showed
either some concerns or a high risk of bias in the bias due to
missing data category as well as in the bias due to deviations
from the intended intervention category.

The studies included in the meta-analyses were assessed for
publication bias. Funnel plots and Egger tests were performed
only where ≥10 studies were available [167].

Funnel plots for the outcomes of systolic BP (SBP), HbA1c, and
mortality can be found in Figures S1-S6 in Multimedia
Appendix 1. The Egger test results revealed no evidence of
publication bias for SBP, HbA1c, or mortality.

Ongoing Studies
The database search did not return any protocols for ongoing
studies. Searches on ClinicalTrials.gov (updated to February 5,
2021) identified 22 ongoing studies [142-163] (n=14, 64% on
patients with cardiovascular disease; n=4, 18% on patients with
diabetes; and n=4, 18% on patients with COPD), which are
reported in detail in Table S6 in Multimedia Appendix 1.

Primary Outcomes

Adherence
Adherence was assessed in 12 studies at different time points:
1 month (n=3, 25%) [51,66,84], 6 weeks (n=2, 17%) [58,103],
2 months (n=1, 8%) [13], 3 months (n=1, 8%) [30], 6 months
(n=4, 33%) [42,48,59,92], and 12 months (n=1, 8%) [36]. Of
the 12 studies, 7 (58%) [13,36,42,48,58,59,92] demonstrated a
benefit of telemonitoring on patient adherence when compared
with a comparator, whereas 4 (33%) [30,51,66,84] showed no
difference when compared with a comparator. A total of 8%
(1/12) of the studies [103] compared 2 telemonitoring systems
and showed that educational support combined with
telemonitoring positively influenced adherence compared with
telemonitoring alone. Owing to variations in how adherence
was defined in the studies, a meta-analysis was not performed.
A summary of these studies is presented in Table 1.
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Table 1. Studies examining the impact of telemonitoring interventions versus comparator on adherence (N=12).

Impact of tele-
monitoring

Follow-upOutcomesComparator, number of
participants, age
(years), mean (n [%])

Intervention type, num-
ber of participants, age
(years), men (n [%])

ConditionStudy popula-
tion, N

Study type and
authors, year, and
country

Randomized controlled trials

=b1 monthAdherence electroni-
cally recorded;
82.7%

Usual care, 722, mean
73 (SD not reported),
men: 382 (53.4); wom-
en: 333 (46.6)

Automated upload of
data on dedicated de-
vice or software, 715,
mean 73 (SD not report-
ed), men: 382 (53.4);
women: 333 (46.6)

CHFa1437Ong et al
[84], 2016,
United
States

=1 monthAdherence recorded
electronically; 81%
in both groups

Usual care, 20, median
62 (IQR 52-75), men:
15 (75); women: 5 (25)

Manual upload of data
on dedicated device or
software, 20, median 68
(IQR 49-79), men: 15
(75); women: 5 (25)

HFc40Gallagher et
al [51],
2017, United
States

=12 monthsAdherence recorded
electronically; 90%
at 12 months

Usual care, 91, mean
65.4 (SD 15.6), men: 56
(61); women: 35 (39)

Automated upload of
data on dedicated de-
vice or software, 93,
mean 67.1 (SD 12.8),

CHF183Kotooka et
al [66],
2018, Japan

men: 51 (56); women:
39 (44)

−d6 weeksAdherence assessed
by the amount of

Motiva system (telemon-
itoring+ educational

Docobo system (tele-
monitoring only), 135,

HF534Varon et al
[103], 2015,

missing data duringvideos), 399, mean 69.1
(SD 12.6), not reported

mean 69.1 (SD 12.6),
not reported

United King-
dom the telemonitoring

period

+e6 weeksAdherence ex-
pressed as medica-

Usual care, 30, mean 59
(SD 8.9), men: 19 (63);
women: 11 (47)

Automated upload of
data on dedicated de-
vice or software, 30,
mean 59.9 (SD 5.31),

Type 2 di-
abetes

60Kardas et al
[58], 2016,
Poland tion taken vs medica-

tion prescribed;
92.9%men: 17 (57); women:

13 (43)

=3 monthsAdherence, self-re-
ported; >70% in
both groups

Web-based telemonitor-
ing system, 34, mean
51.1 (SD 13.1), 26 men;

74 womenf

Mobile app, 35, mean
51.1 (SD 13.1), 26 men;

74 womenf

Type 2 di-
abetes

69Cho et al
[30], 2009,
South Korea

+6 monthsAdherence regis-
tered electronically;
80%

Usual care, 50, mean
52.3 (SD 13.7), men: 38
(76); women: 12 (24)

Automated upload of
data on dedicated de-
vice or software, 50,
mean 55.1 (SD 13.7),

CHF100Seto et al
[92], 2012,
Canada

men: 41 (82); women:
9 (18)

+6 monthsAdherence checking
the amount of data

Healthy group: automat-
ed upload of data on

Disease group: automat-
ed upload of data on

HF and
healthy

441Evans et al
[48], 2016,
United
States

against the partici-
pants’ time spent in
the study; between
71% and 81%

dedicated device or
software, 20, mean 72.2
(SD 4.3), 50 men; 50

womenf

dedicated device or
software, 421, mean
71.8 (SD 8.8), 46 men;

54 womenf

Nonrandomized studies

+2 monthsAdherence recorded
electronically based

Mobile blood pressure
device, 15, mean 61.6

Web-based device, 15,
mean 61.9 (SD not re-

Hyperten-
sion

30Agboola et
al [13],
2013, United
States

on frequency of data
transmission

(SD not reported), 20

men; 80 womenf
ported), 20 men; 80

womenf

+6 monthsAdherence based on
the number of educa-

Usual care, 51, mean
66.5 (SD 11.5), men: 15
(30); women: 36 (70)

Automated upload of
data on dedicated de-
vice or software, 46,
mean 66.5 (SD 11.5),

HF97Domingo et
al [42],
2012, Spain tional videos

watched; between
67% and 85%men: 14 (30); women:

32 (70)
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Impact of tele-
monitoring

Follow-upOutcomesComparator, number of
participants, age
(years), mean (n [%])

Intervention type, num-
ber of participants, age
(years), men (n [%])

ConditionStudy popula-
tion, N

Study type and
authors, year, and
country

+6 monthsAdherence: use of
the device for at
least two-thirds of
working days; full
compliance

N/AhAutomated upload of
data on dedicated de-
vice or software, 36,
mean 67.9 (SD 6.9),
men: 27 (75); women:
9 (25)

COPDg36Karg et al
[59], 2012,
Germany

+12 monthsAdherence based on
the frequency of the
uploaded data; 90%

Usual care, 10, mean
75.2 (SD not reported),
not reported

Manual upload of data
on dedicated device or
software, 10, mean 75.2
(SD not reported), not
reported

CHF20De Lusignan
et al [36],
2001, United
Kingdom

aCHF: congestive heart failure.
bNo differences between telemonitoring and usual care.
cHF: heart failure.
dNegative impact of telemonitoring over comparator.
ePositive impact of telemonitoring over comparator.
fAbsolute value not reported in the paper.
gCOPD: chronic obstructive pulmonary disease.
hN/A: not applicable.

Satisfaction
Patient satisfaction with the intervention was assessed in 9
studies (n=2, 22% in patients with cardiovascular disease; n=3,
33% in patients with diabetes; n=2, 22% in patients with COPD;
and n=2, 22% in a mixed population; Table 2). A total of 56%
(5/9) of the studies [22,28,42,78,91] demonstrated a benefit of

telemonitoring on patient satisfaction when compared with a
comparator, whereas 44% (4/9) [30,43,44,95] showed no
difference when compared with a comparator. Owing to
variations in how satisfaction was defined in the studies, a
meta-analysis was not performed. A summary of these studies
is provided in Table 2.
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Table 2. Studies examining the impact of telemonitoring interventions versus comparator on satisfaction (N=9).

Impact of tele-
monitoring

Follow-upOutcomesComparator, number of
participants, age
(years), mean (n [%])

Intervention type, num-
ber of participants, age
(years), mean (n [%])

ConditionStudy popu-
lation, N

Study type and
authors, year,
and country

Randomized controlled trials

=b4 weeksSatisfaction: 5-point
questionnaire; 4.30
in the phone group
and 4.52 in the mo-
dem group

Data transmitted via
telephone, 23, mean 45
(SD 13), 39 men; 61

womena

Automated data trans-
mitted via modem, 24,
mean 44 (SD 17), 37

men; 63 womena

Type 2 dia-
betes

47Bergenstal
et al [22],
2005, Unit-
ed States

+d2 monthsSatisfaction: 10-item
questionnaire based
on a 5-point system;
91%

Usual care, 18, mean
72.2 (SD 6), men: 18
(100); women: 0 (0)

Manual upload of data
on dedicated device or
software, 22, mean 73.5
(SD 6), men: 21 (95);
women: 1 (5)

COPDc40Chau et al
[28], 2012,
Hong
Kong

Further stud-
ies required

3 monthsSatisfaction: patient
questionnaire

Usual care, 19, not re-
ported, not reported

Mobile phone data
transmission, 16, not
reported, not reported

Type 2 dia-
betes

35Edmonds
et al [44],
1998,
Canada

=3 monthsSatisfaction: ques-
tionnaire, internet vs
phone; 81% vs 79%,
respectively

Web-based telemonitor-
ing system, 34, mean
51.1 (SD 13.1), 26 men;

74 womena

Mobile app, 35, mean
51.1 (SD 13.1), 26 men;

74 womena

Type 2 dia-
betes

69Cho et al
[30], 2009,
South Ko-
rea

=3 monthsSatisfaction: 5-point
questionnaire; 4.50
score

Usual care, 23, mean
75.4 (SD 9.7), men: 13
(56); women: 10 (44)

Manual upload of data
on dedicated device or
software, 23, mean 73.7
(SD 9.6), men: 13 (56);
women: 10 (44)

COPD46Sicotte et
al [95],
2011,
Canada

+6 monthsSatisfaction: 10-
point questionnaire;
8.4 score

Usual care, 51, mean
66.5 (SD 11.5), men: 15
(30); women: 36 (70)

Automated upload of
data on dedicated de-
vice or software, 46,
mean 66.5 (SD 11.5),
men: 14 (30); women:
32 (70)

HFe97Domingo
et al [42],
2012,
Spain

Nonrandomized studies

+7 daysSatisfaction: 3-point
questionnaire;
98.1% indicating
ease of use of the
device

N/AgManual upload of data
on dedicated device or
software, 59, mean 64
(SD 14), men: 45 (76);
women: 14 (24)

CHFf59Schoenfeld
et al [91],
2004, Unit-
ed States

=12 monthsSatisfaction: 11-item
questionnaire with
10-point score; 8.63
score overall

N/AManual upload of data
on dedicated device or
software, 74, mean
67.95 (SD 11.14), men:
49 (66); women: 25
(44)

Chronic con-
ditions
(COPD, type
2 diabetes,
and HF)

74Donate-
Martinez et
al [43],
2016,
Spain

+24 monthsSatisfaction: ques-
tionnaire, 89.4%
were satisfied with
the ease of use.

N/AAutomated upload of
data on dedicated de-
vice or software, 410,
not reported, 64 men;

36 womena

Chronic con-
ditions (type
2 diabetes,
hyperten-
sion, CHF,
and COPD)

410Mira-
Solves et al
[77], 2014,
Spain

aAbsolute value not reported in the paper.
bNo differences between telemonitoring and usual care.
cCOPD: chronic obstructive pulmonary disease.
dPositive impact of telemonitoring over comparator.
eHF: heart failure.
fCHF: congestive HF.
gN/A: not applicable.
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Secondary Outcomes

QoL Measurement
Studies included in the meta-analyses were pooled by
comparable scales (eg, the Short Form 36 Health Survey
Questionnaire) and end points (eg, 6 or 12 months), with 8%
(8/96) of the studies [16,31,33,35,47,96,101,104] included in
the meta-analyses.

A total of 50% (4/8) of these studies [16,31,35,104] reported
the Short Form 36 Health Survey Questionnaire scores (mental
and physical) at comparable end points (12 months) and were
included in the meta-analyses (Figure 2
[15,31,35,47,96,101,104,136], subgroups 1.9.3 and 1.9.4). From
the meta-analysis, telemonitoring showed greater improvements
compared with usual care on physical component scores

(weighted MD=3.72, 95% CI 1.73-5.70; P<.001; I2=51%; Figure
2) compared with the comparator but no difference in mental
component scores (weighted MD=1.06, 95% CI −0.12 to 2.25;

P=.08; I2=0%; Figure 3 [15,39,40,50,60,64,84,96,101,105,107]).

In total, 25% (2/8) of the studies [96,101] reported EQ-5D scores
at comparable end points (12 months) and were included in the
meta-analysis (Figure 2, subgroup 1.9.1). There was no
difference in QoL between the groups (weighted MD=0.01,

95% CI −0.04 to 0.06; P=.71; I2=0%)

A total of 25% (2/8) of the studies [33,47] using the Minnesota
Living with Heart Failure Questionnaire overall scores at 3
months were included in the meta-analysis (Figure 2, subgroup
1.9.2), demonstrating that the telemonitoring group showed
greater improvements in QoL (weighted MD=−7.42, 95% CI

−13.45 to −1.39; P=.02; I2=0%) compared with the comparator.

A to ta l  o f  14% (13/96)  of  the  s tud ies
[20,23,36,43,58,62,65,70,92,100,103,107,108] could not be
included in the meta-analysis because they reported different
time points and used different questionnaires to assess QoL. Of
these 13 studies, 4 (31%) reported a significant improvement
in QoL in the telemonitoring group compared with usual care
at 6 weeks [58], 6 months [92,100], and 12 months [43]
measured using a variety of questionnaires (Minnesota Living
with Heart Failure Questionnaire [92], EQ-5D [43,58], and 15D
[100]), whereas 9 (69%) reported no difference in QoL between
telemonitoring and usual care at 4 weeks [70], 6 weeks [65,103],
7 weeks [70], 3 months [36], 6 months [23,62,107], 9 months
[108], and 12 months [36]. A total of 8% (1/13) of the studies
[20] reported significant improvement in QoL in the usual care
group compared with telemonitoring at 2 and 6 months using
the St George’s Respiratory Questionnaire.

Figure 2. Impact of telemonitoring versus comparator on quality of life (QoL). 1.9.1: EQ-5D; 1.9.2: Minnesota Living with Heart Failure Questionnaire
(MLHFQ); 1.9.3: SF-36 mental score; and 1.9.4: SF-36 physical component [15,31,35,47,96,101,104,136].
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Figure 3. Impact of telemonitoring versus comparator on the mortality rate at 6 and 12 months. The study by Mortara et al [80] was not included in
the mortality meta-analyses because of the use of a composite outcome of mortality and hospitalization where absolute mortality results were not
available. The study by Seto et al [92] was not included in the mortality meta-analyses because of 0 events in the control group
[15,39,40,50,60,64,84,96,101,105,107].

Mortality
Meta-analyses for mortality were conducted at the 6- and
12-month follow-up (Figure 3). Sensitivity analyses were
conducted at the 6- and 12-month follow-up excluding studies
at high risk of bias and at 12 months excluding non-RCTs
(Figure S1 in Multimedia Appendix 1). A sensitivity analysis
with the exclusion of non-RCTs at 6 months was not conducted
as all the studies included were RCTs.

A total of 11 studies contributed to the all-cause mortality
meta-analysis: 4 (36%) [39,50,84,107] (N=2056) provided data
at 6 months, and 7 (64%) [16,40,61,64,96,101,105] (N=2578)
provided data at 12 months. There was no significant difference
in all-cause mortality between telemonitoring and the
comparator at 6 months (risk ratio [RR]=0.86, 95% CI 0.68-1.07;

P=.18; I2=35%; Figure 3). This finding was consistent when
studies evaluated as having a high risk of bias were excluded
(Figure S1 in Multimedia Appendix 1). There was a significantly
lower risk of all-cause mortality with telemonitoring than with
the comparator at 12 months (RR=0.71, 95% CI 0.56-0.89;

P=.003; I2=0%; Figure 3). This finding was consistent following
the exclusion of non-RCTs and studies evaluated as having a
high risk of bias (Figure S1 in Multimedia Appendix 1).

Hospitalization
Meta-analyses for hospitalization at the 6- and 12-month
follow-up were conducted (Figure 4 [23,25,34,52,80,83]), with
sensitivity analyses excluding studies classified as having a high
risk of bias (Figure S2 in Multimedia Appendix 1) and a
subgroup analysis including only studies on patients with heart
failure (12/96, 12%). Subgroup analyses for studies on patients
with COPD and multiple chronic conditions were not possible
because of a lack of absolute values or comparator [29,85].

A total of 8 studies contributed to the all-cause hospitalization
meta-analyses: 3 (38%) [23,34,83] (n=466) provided data at 6
months, and 5 (62%) [25,52,80,96,101] (n=1825) provided data
at 12 months. There was no significant difference in the risk of
all-cause hospitalization between the groups at 6 months

(RR=1.09, 95% CI 0.85-1.40; P=.50; I2=46%) or 12 months

(RR=0.97, 95% CI 0.70-1.33; P=.84; I2=79%; Figure 4). This
result was also consistent after the exclusion of studies evaluated
as having a high risk of bias (Figure S2 in Multimedia Appendix
1). The meta-analysis that included only patients with heart
failure showed no difference in the risk of hospitalization
between the telemonitoring and comparator groups (RR=0.99,

95% CI 0.81-1.22; P=.94; I2=69%; Figure S2 in Multimedia
Appendix 1).
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Figure 4. Impact of telemonitoring versus comparator on hospitalization at 6 and 12 months [23,25,34,52,80,83].

Changes in BP
A to ta l  o f  10% (10/96)  of  the  s tud ies
[16,17,24,38,45,62,72,75,77] reporting on the change in SBP
and 8% (8/96) of the studies [15,17,24,45,62,72,75,77,90]
reporting on the change in diastolic BP (DBP) between a
telemonitoring intervention and usual care were included in the
meta-analyses. Further details on the analyses of BP are
provided in Multimedia Appendix 1.

Changes in SBP
SBP was significantly reduced in the telemonitoring group
(n=1477) compared with that in the usual care group (n=1484;
weighted MD=−5.34 mm Hg, 95% CI −7.81 to −2.86; P<.001;

I2=100%; Figure 5 [15,17,24,38,45,62,72,75,77,90]). In the
subgroup analysis according to study time points, similar results
were observed for SBP at 6 months (weighted MD=−3.85

mm Hg, 95% CI −7.03 to −0.68; P=.02; I2=100%; Figure 5)
and 12 months (weighted MD=−3.85 mm Hg, 95% CI −7.03

to −0.68; P=.02; I2=100%; Figure S3 in Multimedia Appendix
1) in favor of telemonitoring.

Figure 5. Impact of telemonitoring versus usual care on changes in systolic blood pressure (mean difference) at the longest study time point and at 6
months [15,17,24,38,45,62,72,75,77,90].
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The sensitivity analysis, excluding studies where the SD was
not reported directly [38,45,90], did not materially change the
results (weighted MD=−5.19 mm Hg, 95% CI −8.01 to −2.37;

P<.001; I2=100%; Figure S3 in Multimedia Appendix 1). The
sensitivity analysis was also performed excluding studies with
a high risk of bias (Figure S3 in Multimedia Appendix 1); the
results remained in favor of telemonitoring (weighted MD=–2.84

mm Hg, 95% CI −4.22 to −1.46; P<.001; I2=98%).

Changes in DBP
A meta-analysis including the longest time point demonstrated
a significant reduction in DBP in favor of telemonitoring
(n=1218) compared with the comparator (n=1255; weighted

MD=−2.83 mm Hg, 95% CI −3.98 to −1.68; P<.001; I2=99%;
Figure S4 in Multimedia Appendix 1). In the subgroup analysis,
a similar result was observed for DBP reduction at 6 months
(weighted MD=−5.44 mm Hg, 95% CI −9.00 to −1.87; P=.003;

I2=100%; Figure S4 in Multimedia Appendix 1) in favor of
telemonitoring but not for DBP at 12 months (weighted

MD=−1.09 mm Hg, 95% CI −4.76 to 2.57; P=.56; I2=97%;
Figure S4 in Multimedia Appendix 1). Sensitivity analyses at
the longest time point excluding studies with high risk of bias
(Figure S4 in Multimedia Appendix 1) showed no significant
reduction in DBP in the telemonitoring group (weighted

MD=−1.07 mm Hg, 95% CI −2.58 to 0.44; P=.16; I2=98%)
compared with usual care.

Changes in HbA1c

A total of 19% (18/96) of the studies reported on HbA1c, and
all the studies (18/18, 100%) compared telemonitoring with
usual care, with 61% (11/18; n=3277) included in the
meta-analysis [27,30,35,46,49,58,63,87,89,94,109]. Further
details on the excluded studies for the meta-analysis are provided
in Multimedia Appendix 1.

The duration of the interval before and after varied, with 18%
(2/11) of these studies reporting a 6-week assessment [58,87],
45% (5/11) [27,30,46,49,63] reporting 3-month assessments,
9% (1/11) reporting 9-month assessments [109], and 27% (3/11)
[35,89] reporting 12-month assessments. A sensitivity analysis
was performed excluding studies with a high risk of bias [58,94].

The overall mean change in HbA1c is shown in Figure S5 in
Multimedia Appendix 1. The pooled estimate showed a
reduction in the mean change in HbA1c in the telemonitoring
group (n=1703; weighted MD=−0.33, 95% CI −0.57 to −0.09;

P=.008; I2=99%; Figure S5 in Multimedia Appendix 1). The
results did not materially change after the sensitivity analysis
excluding studies at high risk of bias [58,87] (Figure S5 in
Multimedia Appendix 1). Subgroup analyses according to study
time points showed no significant difference in the change in
HbA1c values between telemonitoring and the comparator
(Figure S5 in Multimedia Appendix 1).

Discussion

Principal Findings
Our results suggest that telemonitoring interventions are
associated with good patient adherence and satisfaction.
Although this review did not demonstrate improvements in QoL
with telemonitoring, there was evidence to suggest reductions
in all-cause mortality and improvements in BP and blood
glucose control. Conversely, there was evidence to suggest that
telemonitoring interventions may be associated with a higher
rate of hospitalizations, which could be interpreted as a positive
role of telemonitoring in detecting patients’ health issues more
than usual care.

Comparison With Prior Work
Our review showed improvements in physiological parameters
(BP and blood glucose) in patients receiving telemonitoring
interventions. These findings demonstrate the positive role of
telemonitoring in improving patients’ self-management of their
conditions. This is in line with other reviews that have shown
similar improvements in hypertension [168] and type 2 diabetes
self-management [169] after telemonitoring interventions.

The studies included in this review consistently showed that
patients receiving telemonitoring interventions had lower
all-cause mortality compared with patients receiving usual care.
A recent umbrella review [170] examining the effects of
telemonitoring on mortality in several clinical populations
(cardiovascular, COPD, and neurological) reported similar
findings for the cardiovascular population, where the mortality
rate was either reduced in the telemedicine users or remained
unchanged compared with usual care. The same review [170]
did not find any difference in mortality between telemonitoring
and usual care in patients with COPD. The impact on death is
an important outcome when considering the administration of
remote interventions over in-person visits, and the reduced
mortality rate with telemonitoring reported in our review
suggests the effectiveness of telemonitoring for patients with
chronic conditions.

Surprisingly, the overall results of our review showed a higher
risk of hospitalization among patients undergoing telemonitoring
interventions. There is inconsistency in the previous literature
on the role that telemonitoring plays in reducing the risk of
rehospitalization, with some studies reporting no differences
compared with usual care [171] and others concluding that
telemonitoring is an effective tool to reduce all-cause
hospitalization in adults with heart failure [172]. Thurmond et
al [173] noted the importance that the type of telemonitoring
intervention has on its acceptability by patients and,
consequently, their adherence to it, which, when poor, may
influence the rate of rehospitalization. This would suggest the
need to identify common characteristics of effective
telemonitoring interventions (or “active ingredients”) that
facilitate patient acceptability. It may also be possible that
increased hospitalizations with telemonitoring is a positive
finding (ie, reasons for hospitalization may be identified earlier
by telemonitoring, and hospitalization may be initiated earlier
than with usual care, averting serious outcomes and death).
Hypothetically, this could have contributed to the reduced
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mortality at 12 months; however, future research is needed to
substantiate this.

The results of this review are in line with those of previous
systematic reviews assessing patient satisfaction with
telemonitoring interventions [174,175]. From qualitative reports,
the convenience of decreased travel time and costs and the
reassurance of being monitored are the most likely reasons for
patients preferring telemonitoring over usual care [176]. It is
important to note that patient satisfaction may differ with the
type of telemonitoring device used; indeed, available evidence
suggests that higher patient satisfaction is reported for
videoconferences and devices that allow for automated data
transmission [174].

The included studies did not report significant improvements
in the QoL of patients receiving a telemonitoring intervention
compared with usual care. Our findings confirm previous
reviews [177,178] while expanding the results to populations
outside care homes [178] and including study designs other than
RCTs [177]. Although telemonitoring does not seem to improve
QoL compared with usual care, previous findings [178] have
shown important benefits of telemonitoring in improving
patients’ confidence in accessing health care services.

Strengths and Limitations
This review used a strict definition of telemonitoring, only
including studies that used a device to collect health measures
and facilitated 2-way communication or action between the
patient and health care team. Despite the inclusion of studies
with low methodological quality, sensitivity analyses were
conducted where appropriate, reducing the potential for bias to
affect the results of this review. The studies included in this
review presented a wide range of telemonitoring interventions
that differed in the personnel involved, administration of the
intervention, and technology used and that were examined in a
variety of populations with different long-term conditions, thus
making the results highly generalizable. A robust methodology
was used, with independent screening and data extraction by 2
reviewers and risk of bias assessment in duplicate.

Several limitations are noteworthy. First, despite our initial
plans to investigate uptake, patient retention and satisfaction,
and associated factors when using 2-way (patient-health care

provider) remote patient monitoring devices to manage chronic
health conditions, no studies reported uptake and retention
outcomes and, therefore, these outcomes could not be reported
in this review. Most of the included studies assessed similar
outcomes but used different measurement tools, thus making
comparison difficult, particularly in studies investigating patient
adherence [13,30,36,42,48,51,58,59,66,84,92,103] and
satisfaction [22,28,30,42-44,78,91,95] with the intervention.
Second, despite our efforts to define the best search strategy to
identify all relevant articles for our review, the possible omission
of papers because of the heterogeneity in the key terms used by
the authors cannot be ruled out. We did not conduct any searches
for gray literature. Third, most outcomes analyzed in this review
have been infrequently investigated in the literature (eg,
mortality was reported only in 17/96, 18% of the included
studies; adherence was reported in only 12/96, 12% of the
studies; and satisfaction was reported in only 9/96, 9% of the
studies), and further research is required to properly assess the
effects of telemonitoring on these outcomes. Moreover, some
conditions (eg, COPD) were underrepresented as few studies
investigating the effects of telemonitoring interventions on these
populations were available; thus, we could not conduct a
separate meta-analysis for each condition. The type and quality
of usual care also varied throughout the included studies, which
may have influenced the results in favor of or against
telemonitoring.

Conclusions
Telemonitoring is a promising tool to manage long-term
conditions, with the potential to reduce the associated costs and
alleviate patient difficulties in accessing primary health care.
Patient satisfaction and adherence to telemonitoring appear,
overall, to be promising. Although telemonitoring resulted in
improvement in physiological parameters and reduced all-cause
mortality compared with usual care, there was no improvement
in QoL and an increased risk of hospitalization with
telemonitoring. Although the latter may be a positive finding
indicating earlier detection of health issues and action (resulting
in hospitalization), this result warrants further investigation.
Telemonitoring is expanding rapidly, more so since the
COVID-19 pandemic, and has been shown to be a viable
alternative to usual care for the management of patients with
long-term health conditions.
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Abstract

Background: Ambient assisted living (AAL) is a common name for various artificial intelligence (AI)—infused applications
and platforms that support their users in need in multiple activities, from health to daily living. These systems use different
approaches to learn about their users and make automated decisions, known as AI models, for personalizing their services and
increasing outcomes. Given the numerous systems developed and deployed for people with different needs, health conditions,
and dispositions toward the technology, it is critical to obtain clear and comprehensive insights concerning AI models used, along
with their domains, technology, and concerns, to identify promising directions for future work.

Objective: This study aimed to provide a scoping review of the literature on AI models in AAL. In particular, we analyzed
specific AI models used in AАL systems, the target domains of the models, the technology using the models, and the major
concerns from the end-user perspective. Our goal was to consolidate research on this topic and inform end users, health care
professionals and providers, researchers, and practitioners in developing, deploying, and evaluating future intelligent AAL
systems.

Methods: This study was conducted as a scoping review to identify, analyze, and extract the relevant literature. It used a natural
language processing toolkit to retrieve the article corpus for an efficient and comprehensive automated literature search. Relevant
articles were then extracted from the corpus and analyzed manually. This review included 5 digital libraries: IEEE, PubMed,
Springer, Elsevier, and MDPI.

Results: We included a total of 108 articles. The annual distribution of relevant articles showed a growing trend for all categories
from January 2010 to July 2022. The AI models mainly used unsupervised and semisupervised approaches. The leading models
are deep learning, natural language processing, instance-based learning, and clustering. Activity assistance and recognition were
the most common target domains of the models. Ambient sensing, mobile technology, and robotic devices mainly implemented
the models. Older adults were the primary beneficiaries, followed by patients and frail persons of various ages. Availability was
a top beneficiary concern.

Conclusions: This study presents the analytical evidence of AI models in AAL and their domains, technologies, beneficiaries,
and concerns. Future research on intelligent AAL should involve health care professionals and caregivers as designers and users,
comply with health-related regulations, improve transparency and privacy, integrate with health care technological infrastructure,
explain their decisions to the users, and establish evaluation metrics and design guidelines.

Trial Registration: PROSPERO (International Prospective Register of Systematic Reviews) CRD42022347590;
https://www.crd.york.ac.uk/prospero/display_record.php?ID=CRD42022347590

J Med Internet Res 2022 | vol. 24 | iss. 11 | e36553 | p.67https://www.jmir.org/2022/11/e36553
(page number not for citation purposes)

Jovanovic et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

mailto:mjovanovic@singidunum.ac.rs
http://www.w3.org/Style/XSL
http://www.renderx.com/


(J Med Internet Res 2022;24(11):e36553)   doi:10.2196/36553

KEYWORDS

ambient assisted living; AAL; assisted living; active living; digital health; digital well-being; automated learning approach;
artificial intelligence algorithms; human-centered AI; review; implications; artificial intelligence; mobile phone

Introduction

Background
Ambient assisted living (AAL) is an umbrella term describing
a general approach to technology design to construct safe
environments around assisted users and help them maintain
independent living [1]. Over time, it has focused mainly on
older adults (people aged >65 years) as target users.

Developing technology for this group is an increasingly
important design challenge because of specific deficits in later
life [2]. Beyond usability, there is an increased emphasis on
designing technology for older adults that will enable them not
merely to satisfy their needs but also to transform their mental
and physical health and well-being [3,4]. This challenge is
particularly significant because older people are becoming the
largest demographic group. In 2020, more than one-fifth (20.6%)
of the population in the European Union was aged ≥65 years
[5], and by 2030, an estimated 16.6% of the world’s population
will be aged ≥60 years [6].

Over the last decade, many technological devices have been
developed to support an active lifestyle as people age,
concerning health promotion [4,7,8]. Health promotion refers
to “the process of empowering people to increase control over
their health and its determinants through health literacy efforts
and multisectoral action to increase healthy behaviors” [9].
Concerning technology design, the objective is to find
cost-effective solutions to help independent living and provide
health care and well-being [10]. A comprehensive analysis of
information and communication technology research and
development revealed the common goals of these technologies
as the provision of health, accessibility, and safety [11,12].
Many technologies seek to assist older adults with everyday
activities [4,11,13-15].

To support disability-free and independent living and the
well-being of older users, AAL systems use automated
decision-making mechanisms that integrate, analyze, and
interpret complex multimodal and multidevice information [7].
These systems have focused on 2 general scenarios of automated
decision-making involving older users—health monitoring and
activity recognition [8,16,17].

Different monitoring contexts were targeted by a variety of
technological systems, ranging from monitoring systems for
fall prevention using wearable and ambient sensing technology
[18] and social robots for the well-being of people with dementia
and mild cognitive impairments [13] to games for leisure and
user engagement during therapy and rehabilitation [14].

Robotic technologies have been widely exploited as tools to
support health monitoring and mobility capacities, such as
strength, balance, and range of motion [15], or as companions
[19] to assist older adults in daily and social activities at home.

The former may be nonsocial robots, whereas the latter are
social robots with the primary goal of offering companionship.

Remote telepresence robots have been successfully used to
support the autonomy of older adults in doing daily activities
at home. Giraff is a telepresence robot that uses a video interface
to allow caregivers and relatives to visit older people in their
homes remotely [20]. It runs implicit data collection (blood
pressure, body temperature, movement, and fall) and then
analyzes the data to alert the caregivers for emergencies.
Similarly, Matilda is a social robot with human attributes (such
as baby-face–like appearance, human voices, gestures, and body
movements) that can recognize voices and faces and perform
activities such as playing music, dancing, and playing card
games [21].

Although biological aging cannot be stopped, regular exercise
can minimize its physiological effects, increase life satisfaction,
and prolong the decline in functional abilities in older adults
[22]. Studies on the favorite activities of older adults show the
prominence of physical activities such as walking, jogging, and
outdoor maintenance [23]. Specific technologies, such as
exergames [10] or web-based exercises and activities [24,25],
have motivated, sustained, and monitored physical and social
activities at older adults’ homes. Coupling with the features
from theories of human behavior, such as goal setting,
self-monitoring, achievements, and personalized feedback and
progression, has been associated with the higher effectiveness
of these applications for older adults (ie, increased engagement
in physical activities and associated health outcomes) [26].

In the context of AAL, activity recognition concerns tracking
the daily behavior of older and frail people. It can detect falls
and recognize activities of daily living (ADL), which are crucial
for identifying complex patterns associated with the
development of specific diseases. Zdravevski et al [27]
suggested an automated approach for analyzing multivariate
time series originating from various sensors and facilitating the
robust classification of daily activities.

Wearable [28] and mobile technologies [29,30] have been used
for implicit data collection and analysis to recognize older
adults’ activities for tracking their health and detecting
emergencies.

From a technical perspective, the energy efficiency of wearable
technologies appears to be the primary constraint for continuous
measurement and activity recognition [28]. It further affects the
provision of timely and informative feedback and
recommendations for the users. The major user-related concerns
are privacy and acceptance [28] due to unclear use cases and
difficulties in device pairing with a smartphone for older adults.
A more stable commitment to wearables requires use cases with
apparent benefits and reduced effort of use for older adults.
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Mobile technologies represent a versatile source for older adults’
health and activity data collection [29,30]. They facilitate home
care and self-management of the health and well-being of older
adults. These applications implement various services based on
target activity and health recognition features to support health
care and independent living (ie, reminders, companionship, or
recommendation of favorite activities or treatments). However,
significant obstacles to using mobile technologies in practice
include privacy [30] and technological literacy and usability of
touch screen interaction styles [31].

AAL technologies use a variety of artificial intelligence (AI)
models in learning about their users’habits and health conditions
to provide adequate services with automated decision-making.
Table 1 shows the common AI classification, whereas Table 2
summarizes existing AI models concerning their learning and
decision-making techniques and the problems they address (with
corresponding algorithms) [32-34]. We separated the
classification and models because multiple models can belong
to the same class. Conversely, some models can implement
different classes (ie, clustering can be done in both supervised
and unsupervised manners).

Table 1. The artificial intelligence classification as common learning approaches [32-34].

Problem or algorithmDescriptionName

Classification and regressionInput (training) data or examples are labeled with known output values. The
model uses the data in a training process to make predictions, and the predic-
tions are corrected when they are false. The process runs until the model
achieves a required level of the prediction accuracy.

Supervised learning

Clustering, dimensionality reduction,
and association rule learning

Input data are not labeled, and output values are unknown. Instead, the model
is trained by removing structures from the input data to extract general rules,
reduce redundancy, or organize data by similarity.

Unsupervised learning

Classification and regressionInput data contains labeled and unlabeled examples. The model learns the
structures to organize the data to create predictions. It models the unlabeled
data.

Semisupervised learning

Markov Decision Process, Q learning,
and Monte Carlo methods

The model rewards desired behaviors and eliminates undesired ones. It is rep-
resented by a learning agent (process) that perceives and interprets its environ-
ment, takes actions, and learns through trial and error.

Reinforcement learning
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Table 2. The summary of artificial intelligence models [32-34].

Problem or algorithmLearning techniqueModel

Variations such as linear and logistic re-
gression

Models a relationship between input and output data (or variables). The
relation is iteratively refined by measuring errors in the model’s predic-
tions.

Regression learning

K-nearest neighbor and support vector
machines

Models a decision based on instances of input data that are considered
relevant or necessary. Creates a database of reference examples used to
compare with new data to find optimal matches using similarity metrics
to make a decision.

Instance-based learning

Ridge regression and elastic net regressionThe extension or modification of another model (eg, regression learning)
in a way that reduces the complexity of the model by converting it into
a simpler form.

Regularization learning

Classification and regression trees and
conditional decision tree

Models a decision based on the values of the input data attributes. It
follows a tree structure in making a decision for given input data.

Decision tree learning

Naïve Bayes and Gaussian naïve BayesThe models use Bayes’ theorem to solve problems of classification and
regression.

Bayesian learning

K-means, K-medians, and hierarchical
clustering

The model organizes the input data into groups (or clusters) where group
membership or commonality criteria are taken or derived from the data
(eg, centroid based or hierarchical).

Clustering learning

A priori algorithm and Eclat algorithmThe model discovers associations in input data to make a decision. It
extracts rules that describe relationships between observed variables in
input data.

Association rule learning

Perceptron, multilayer perceptrons, and
back propagation

The model is driven by the structure and function of the human neural
networks. Represents a class of pattern matching models and their com-
monly used variations for regression and classification problems.

Artificial neural network

Convolutional neural network, recurrent
neural networks, and long short-term
memory networks

Special category of large and complex neural networks for handling vast
amounts of labeled input data, including text, images, audio, and video.

Deep learning

Principal component analysis, principal
component regression, and linear discrim-
inant analysis

The model analyzes the input structure in the data to represent and de-
scribe the data with less information. The simplified data can be visual-
ized and used by other learning methods.

Dimensionality reduction
learning

Boosting, random forest, AdaBoost, and
weighted average (blending)

Multiple models that are independently trained, where individual predic-
tions are combined to make the final prediction. The models are combined
owing to their weaknesses in making the desired prediction.

Ensemble learning

Rule-based algorithms, statistics, neural
networks, and deep learning

Specific for conversational artificial intelligence and includes natural
language understanding, dialog management, and natural language gen-
eration.

Natural language processing

Goal of the Study
This study investigated the AI models of existing AAL
technologies to support independent living. The quality of the
models’ decision-making can benefit positive behavior change
to maintain an active and healthy lifestyle for older adults and
other user groups in need of assistance. This is critical for
preventing functional decline and supporting health treatments.
Our work aimed to identify the positive aspects and gaps in
research and practice to provide implications for future AAL
systems.

This scoped analysis focused on the following research questions
(RQs):

1. RQ1: What AI models are implemented in AAL systems?
First, we identified, described, and systematized AI
classifications and models in the current landscape of AAL
systems. For this purpose, we extracted common
terminology to describe current AI models and AAL.

2. RQ2: What are the domains of the models?

Second, we described existing target domains with their
concrete activities to propose suitable application strategies
that reinforce positive aspects and highlight critical parts
in which further research is necessary.

3. RQ3: What technologies are using the models?
Third, we investigated different technologies using AI
models to consolidate and provide design and development
guidelines for intelligent AAL systems.

4. RQ4: What are the significant concerns regarding the
models from an end-user perspective?
Finally, we examined end-user groups and their perceptions
of AAL system use to indicate specific requirements that
the systems should meet or improve.

This study reviews AI models in AAL concerning their domains,
technologies, and concerns published in the literature covering
2010 to 2022. The findings are intended for health and care
professionals, researchers, technology providers, and end users
to consult when developing, deploying, and evaluating
intelligent AAL technologies.
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The paper continues as follows: the Methods section includes
the methodology of the scoped literature review; the Results
section describes the results of the analysis of the 108 selected
articles; and the Discussion section contains the discussion of
the review’s findings concerning the RQs and outlines
conclusions, limitations, and implications for future work.

Methods

Study Type
This paper has been organized as a scoping review, involving
the synthesis and analysis of the existing literature to provide

a conceptual framework that systematizes and clarifies the
specific phenomena—AI models in AAL systems. We identified
the articles to be reviewed by conducting a systematic literature
search within the IEEE, PubMed, Springer, Elsevier, and MDPI
research article databases. The study implemented the PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) workflow for systematic reviews [35], as
illustrated in Figure 1.

Figure 1. The PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow of the review process illustrates identification,
screening, eligibility, and inclusion of relevant articles.

Identification
During the search, the titles, abstracts, and keywords of the
library articles were queried with the search terms structured
as in Table 3. The search terms of AAL and AI classification
and model categories were mandatory for all articles, and the
remaining categories were optional. We ran the search based
on categories as properties and used keywords. For this purpose,
we used a natural language processing (NLP) toolkit we had
developed for automated literature search, screening, and
analysis [36]. The toolkit accepts a collection of keywords as
input to retrieve potentially relevant articles, combined with the
set of properties (or categories) and property groups (as
subcategories) to be satisfied by the articles. The input can be
expanded with keyword and property synonyms to fine-tune

the search and screening process. The details of the toolkit can
be found in the article by Zdravevski et al [36].

The search was conducted in July 2022 and included research
articles written in English and published between 2010 and
2022. Given the rapid advancements in AI that also influenced
the significant growth of technology-supported AAL, we wanted
to cover a sufficient research landscape concerning the time
frame.

The search process sometimes identified the same article by
multiple keywords and phrases from Table 3. For example, the
article could describe the use of multiple AI models or
classifications. In these situations, we counted the articles
multiple times, per each found keyword, and have presented it
in Figures 2-13 in the Results section.
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Table 3. Key terminology for the scoping review’s natural language processing search toolkit.

KeywordsCriteriaCategory

Ambient assisted living, ambient-assisted living, assisted living, active and assisted living, and
active-assisted living

MandatoryAmbient assisted living

Supervised learning, unsupervised learning, semi-supervised learning, and reinforcement learningMandatoryArtificial intelligence class

Classification, regression, clustering, dimensionality reduction, association rule learning, instance-
based learning, regularization learning, decision tree learning, Bayesian learning, ANN, DL, en-
semble learning, and natural language processing

MandatoryArtificial intelligence
model

Activity recognition, health monitoring, activity assistance, rehabilitation, therapy, interaction,
communication, and entertainment

OptionalDomain

Mobile technology, mobile device, smartphone, tablet, touch-screen, wearable technology, wearable
device, robot, robotic device, ambient sensing, ambient sensors, game, gamification, conversational
agent, chatbot, virtual assistant, and virtual companion

OptionalTechnology

Older adults, frail persons, patients, healthcare staff, caregivers, and familyOptionalBeneficiaries

Acceptance, adoption, availability, accessibility, privacy, usability, reliability, safety, and securityOptionalConcerns

Screening
In the screening phase, we evaluated the retrieved articles to
assess their relevance to the review based on the independent
inclusion and exclusion criteria presented in Textbox 1.

The first 3 authors (MJ, GM, and EZ) manually screened the
content of each article independently and coded it to indicate
its relevance concerning the inclusion criteria. The inclusions
were cross-checked, resolved, and confirmed during regular
discussions among the authors.

Textbox 1. Inclusion and exclusion criteria.

Inclusion criteria

• Artificial intelligence (AI) classes and models of ambient assisted living (AAL) applications and platforms, where specific classes and models
are explicitly considered and not mentioned without description, analysis, or evaluation.

• Articles contributing to the AI models’ domains to support or assist in specific health-related or daily activities, in line with research question 2.

• Articles demonstrating different AAL technologies that use the models and deliver the automated decisions of AAL systems to end users, as per
research question 3.

• Articles describing end users’ concerns regarding the model’s automated decision-making outcomes, according to research question 4.

• The primary end users are older adults, but end users also include other user groups.

Exclusion criteria

• Articles containing the search terms, but AAL, AI classes and models, domains, technology, and end users’ concerns were not scrutinized. Thus,
they were not relevant to research questions 1-4.

• Literature reviews and surveys on the related topics.

Extraction
In this phase, we analyzed each included article in detail. We
identified and extracted AI classes and models in AAL systems,
the models’ target domains and technologies, and the end user’s
categories and concerns, where available per article. The
extracted information from the articles was kept in a shared
spreadsheet to facilitate coding and discussion among the
authors. The extracted information included publication venue
and date, a summary of the article, AI model or models used
including corresponding AI algorithms and tools, the models’
target domains if available, the technology using the models, if
any, and information on the end users and their concerns
regarding the models if available.

Analysis
We conducted a manual, thematic analysis of the extracted
information during this phase. Our goal was to categorize the

AI classes, models, domains, technologies, and concerns for
AAL systems. Coded data were the basis to address the review’s
RQs. In particular, we grouped articles based on their primary
outcomes to guide the analysis as follows: articles that describe
AI classes and models of the AAL systems, articles dealing
with the models’domains, articles that present the technologies
using the models, and articles with the models’ beneficiaries
and use concerns.

We describe the general approach to analyzing the particular
article groups.

The analysis of AI classes and models in AAL systems
concerned identifying and describing the systems’ automated
learning and decision-making functionalities, including the
particular AI algorithm or tool. Analysis of AI models’domains
considered specific application scenarios with supported
activities. Analysis of the AI models’technologies through which
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the automated decisions were generated and communicated to
the end users. Analysis of the models’concerns included various
end users’ perceptions and dispositions toward the models’
functions and outcomes.

Results

Screening Process and Number of Articles
The NLP search toolkit initially identified 36,370 potentially
relevant studies (Figure 1). Duplicates were then eliminated,
reducing the number to 20,295. The automated screening process
further removed 60 articles published before 2010 or for which
the title or abstract could not be analyzed owing to parsing
errors, unavailability, or other reasons. The NLP toolkit’s
advanced functions assessed the eligibility of the remaining
20,235 articles and kept 305 articles. After automated
processing, the articles were analyzed in detail according to the
inclusion and exclusion criteria. Finally, 108 articles were
deemed eligible for the in-depth manual investigation to identify
and articulate research results, trends, and implications. The
articles are reported in Multimedia Appendix 1 [27,37-142].

We describe the results by responding to the RQs that guided
our review.

Distribution of Relevant Articles and Categories
Figure 2 illustrates the annual occurrences of the relevant articles
containing different AI classes and models. The term “assisted
living” has been commonly used in the literature to describe
the systems with similar context and purpose of use as per the
definition of AAL [1,4]. It outperformed the number of articles
in some years (eg, 2019) and was comparable with the AAL in
2018 and 2020. In minor cases, the abbreviation was used solely.
In general, there has been a growing trend throughout the search
time frame, occasionally decreasing in specific years. The
decreases were owing to our search conditions and inclusion

criteria. Many articles dealt with AAL without explicit mentions
of AI models concerning their application and outcomes.

The combined information on the digital library and publication
year of the relevant articles demonstrates that IEEE is a leader,
with an increasing trend, reaching a peak in 2020 (Figure 3).
This is expected, as the publisher is oriented toward technology,
with many venues relevant to AI models and AAL. PubMed
follows, dealing more with the end-user aspects of the topics,
such as different types of user evaluations. We could notice a
growing trend until 2020 and an oscillatory period afterward.
The Springer library combines technical articles with
user-oriented articles. A smaller number of the relevant articles
with an irregular annual trend was found in the Elsevier library,
while MDPI published relevant articles from 2020.

As the total number of relevant articles increased within the
review time frame, the number of articles pertinent to the
associated categories changed accordingly (Figure 4). As for
the 3 mandatory categories (AAL, AI classification, and AI
model), there is a general growing trend up to 2020, with
occasional drops in the previous year and a decrease in 2021.
As an optional category, the domain follows the leading trend
but with fewer articles, indicating that sometimes it was not
considered (ie, AI models used or tested in a
domain-independent way). The beneficiaries follow the leading
trend but are smaller than the domain, showing that the AI
models are sometimes studied without relating to a particular
user group or groups. The beneficiaries are comparable with
the technology in total amount but with annual oscillations due
to different types of AI model verifications across relevant
articles (ie, deployments and evaluations with or without users).
The concerns appear in the smallest amount that grows in time
and oscillates in some years, showing that relevant articles
focused on various aspects of AI models in AAL, beyond and
different from users’ concerns (ie, algorithmic accuracy and
performance).

Figure 2. The number of relevant articles concerning ambient assisted living (AAL) with artificial intelligence classes and models per year from January
2010 to July 2022.
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Figure 3. The number of relevant articles per year from January 2010 to July 2022, grouped by the respective digital library.

Figure 4. The number of relevant articles for each category per year from January 2010 to July 2022. AI: artificial intelligence.

Connections Between and Within Categories
Our analysis revealed overlap between searched categories. We
aimed to represent all categories equally while highlighting
particular connections as informative (eg, notably higher
co-occurrences of instances from distinct or within the
categories).

Figure 5 shows associations of AI models and the classes they
use. Semisupervised learning is a dominant approach for deep
learning (DL) and NLP models (51 occurrences). Unsupervised
learning appears mainly in clustering (14 occurrences),
instance-based learning (12 occurrences), and DL (11
occurrences). Supervised learning prevails for instance-based
learning and DL (9 occurrences per model). Finally,
reinforcement learning was the occasional approach for DL and
NLP (7 occurrences per model).

The study reveals specific synergies within categories.
Regarding the classes, 20 articles combined supervised and
unsupervised learning. Reinforcement learning was used
together with the previous 17 times per class. The studies
combined the classes in a sequence or for mutual comparison
in solving concrete problems. Concerning the models, we
noticed that NLP tasks have been mainly tackled with DL
algorithms and tools (51 occurrences).

Figure 6 presents combinations of AI models, domains, and
beneficiaries. Activity assistance (33 occurrences), activity
recognition (25 occurrences), and interaction (14 occurrences)
mainly used DL models. Similarly, and to a smaller extent, NLP
models helped with activity assistance (26 occurrences), activity
recognition (19 occurrences), interaction (15 occurrences), and
communication (10 occurrences).

Combinations of AI models and beneficiaries highlight older
adults as the leading users of DL (27 occurrences) and NLP (26
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occurrences). Patients and frail persons coexisted with DL
models 11 times each.

The coappearance of beneficiaries and domains reveals that
activity assistance targeted mainly older adults (27 occurrences),
followed by activity recognition (17 occurrences) and
communication (10 occurrences).

As for connections within categories, activity recognition is a
common form of assistance (38 occurrences), followed by
communication (12 occurrences), interaction (12 occurrences),
and health monitoring (10 occurrences). Patients and frail
persons co-occurred 11 times. Older adults were referred to as
frail persons and patients 9 times each, indicating that AI models
mainly serve healthy older adult users. Family, caregivers, and
health care staff rarely appeared together in these articles.

Figure 7 shows instances and connections between the
technology, beneficiaries, and concerns. Relationships between
the nodes from different categories reveal that older adults
commonly used ambient sensing technology (9 occurrences),
mobile devices (7 occurrences), and robots (6 occurrences). At
the same time, their primary concerns were availability (7
occurrences), usability (5 occurrences), and safety and
accessibility (4 occurrences per category). Availability is a
concern for patients (4 occurrences). Moreover, availability is
the primary concern in wearable technology (5 occurrences),
along with ambient sensing and mobile technology (4 per
category).

Links between the instances within a category indicate
occasional use of ambient sensing and wearable technology
with mobile devices 4 and 3 times, respectively.

Figure 5. The heat map describing co-occurrences of artificial intelligence classes and models in relevant articles. ANN: artificial neural network;
NLP: natural language processing.
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Figure 6. The heat map describing co-occurrences of artificial intelligence models, domains, and beneficiaries in relevant articles. ANN: artificial
neural network; NLP: natural language processing.
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Figure 7. The heat map describing co-occurrences of technology, beneficiaries, and concerns in relevant articles.

AI Classes and Models in AAL
Concerning the classes, the analysis of relevant articles (Figure
8) showed the highest presence of semisupervised learning (52
occurrences), followed by unsupervised learning (50
occurrences), supervised learning (29 occurrences), and
reinforcement learning (20 occurrences).

The distribution of AI classes shows that semisupervised
learning models had prevailed since the 2010s, with an irregular
growing trend until 2017, when they compensated for the lack
of a sufficient amount of labeled data for particular inputs.
Concrete examples include clustering for physical activity
recognition [37], finding relevant input features for improving
activity recognition [27], and detecting user-object interactions
from sequences of images [143].

The unsupervised learning model trend follows the previous
category, with a slightly smaller number of appearances. Their
use was motivated by a general lack of annotated (or labeled)
training data for various activities that early AAL solutions
aimed to support [4,8]. Such problems were tackled mainly by
either grouping according to shared properties or simplifying
input data. The growing trend that followed was caused by the
emergence of new health-related domains and activities that
solutions were targeting and for which the labeled data did not
exist. The examples include the recognition and measurement
of everyday activities from unlabeled data [38], clustering to
create an ontology of human activities [39], or classification
for predicting user movements indoors [40].

Supervised learning models showed general growth until 2020.
They complemented other approaches (eg, unsupervised and
reinforcement learning; Figure 5) for particular user activities
for which labeled data existed. They were used in various
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classification tasks within the AAL, such as user reidentification
with red green blue depth (RGBD) cameras [41] and ADL
recognition using wearable sensors [42].

Reinforcement learning models were used from 2010, increasing
use until 2015 and reducing use after 2017. They have served
as alternatives to data-driven approaches (ie, clustering and
regression) by promoting desirable behaviors and eliminating
undesirable user behaviors. Hidden Markov models are the most
common algorithms in applications, including user activity
recognition from appliance consumption data [43] or with
multiple Kinect devices [44].

Regarding the models, the study revealed the prevalence of DL
(63 occurrences), followed by NLP (54 occurrences);
instance-based learning (20 occurrences); clustering (17
occurrences); ensemble learning (12 occurrences); regression
(7 occurrences); Bayesian learning, decision tree learning, and
dimensionality reduction (4 each); artificial neural network
(ANN; 3 occurrences); and regularization learning (2
occurrences).

In the following sections, we describe each model according to
its prevalence (Figure 9).

DL models gained momentum in 2017, expanding their use
cases up to date. Their application assumes labeled input data
of different structures and semantics are generated at scale.
Convolutional neural networks are the most common algorithms
used independently or in combination within this model.
Examples are activity recognition by transforming data from
smartphone sensors into image-based representations [45] or
detecting human postures using RGBD cameras [46].

The use of NLP models can be divided into 2 stages—earlier
applications (up to 2015), which focused on speech recognition
and natural language understanding, and later applications,
which could also perform dialog management and natural
language generation. We can explain this trend with the critical
advancements in conversational AI facilitated by the DL
algorithms that overlap with our search time frame [34]. For
example, the detection of acoustic events (eg, knock, cough,
and clap) for older adults in ADL [47] versus conversation with
a companion robot [144].

Instance-based learning models were used throughout the search
period, with an irregular trend and a recent drop from 2020.
They used mainly k-nearest neighbor and support vector
machine algorithms. The use cases include recognizing physical
activity patterns at home with a multiview infrared motion
sensing system [48] or detecting ADL from human joint
trajectories captured with a depth camera [49].

Clustering learning models were used in specific years of the
search time frame, mainly unsupervised, as an alternative
approach in the absence of labeled data concerning particular
use cases. The use cases include predicting a sequence of
connected users’ actions in a robotic device [50] or detecting
dining-related postures from motion sensor data [51].

Ensemble learning models were used starting from 2014.
Boosting and random forest are the main algorithms in this
model, including physical activity classification from wearable
sensors [52] and seizure and fall detection from a smartphone’s
accelerometer data [53], respectively.

The remaining models were used to a smaller extent during the
search time frame.

Regression learning models were mainly linear regression, such
as real-time energy expenditure estimation when walking with
loads and on inclines assisted by an ankle exoskeleton [54] or
ADL recognition from hand grasps using
electroencephalography [55]. Bayesian learning models were
applied to classification problems such as ADL recognition (ie,
detection and classification) using data collected from wearable
motion sensors [42]. Decision tree and dimensionality reduction
models were used for classification tasks. The respective
examples classify physical activities based on step counts [56]
or Wi-Fi and wearables’ data [57]. ANNs were applied to
classification problems as a predecessor of DL models, such as
activity recognition in safety-critical environments (eg, fall
detection) [58]. Finally, regularization learning models were
applied to regression tasks, such as selecting predictive input
features for person identification with RGBD cameras [41].

Although they were mentioned in some articles in the context
of previous, relevant, or future work, our analysis did not reveal
the examples of association rule learning models’ algorithms
in AAL.
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Figure 8. The number and annual distribution of the relevant articles concerning artificial intelligence classes from January 2010 to July 2022.

Figure 9. The number and annual distribution of the relevant articles concerning artificial intelligence models from January 2010 to July 2022. ANN:
artificial neural network; NLP: natural language processing.

Domains of AI Models
AI models were applied in multiple domains, per domain, or in
combination (Figure 10). The most popular domains found were
activity assistance (61 occurrences) and activity recognition (45
occurrences). The domains showed a growing trend until 2020,
with periodic oscillations during the time frame. As indicated
earlier, they were mainly interconnected in previous studies (38
occurrences; Figure 6). Activity assistance has been a significant
target in AAL and assistive technologies in general. Mobility
is a common assisted activity, such as a robotic walker for
mobility in older adults [59] or smart glasses helping visually
impaired users navigate physical spaces [60]. Human activity

recognition (HAR) is a commonly used term to describe the
recognition of various physical activities. These activities are
usually classified into ADL (health focused) and instrumental
ADL (IADL; well-being focused), indicating that intelligent
AAL systems support health and quality of life. An essential
challenge in activity recognition is predicting long-term behavior
[61]. Similarly, some studies dealt with the problem of
multisensor data fusion in a robotic walker for indoor assistance
[62].

Interaction (21 occurrences) referred to the use of different
AAL systems, whereas communication (17 occurrences) was
mainly considered from a technical perspective (eg,
communicating between sensors, servers, and cloud-based
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systems). The former examples include interacting with an
innovative home platform for facial emotion recognition [46]
or a medication delivery application [63]. The latter is a
distributed multimedia system for patient data capture [64] or
digital footprint applications for the activity prediction of
assisted users [65].

Health monitoring (14 occurrences) was commonly referred to
as observing users’ vital signs to detect changes in health

conditions and emergencies, such as health-related data
collection for users at their homes [64] or in-home gate analysis
using radar sensors [61].

Rehabilitation (8 occurrences), therapy (3 occurrences), and
entertainment (1 occurrences) received less attention from the
research community in the search time frame. A rehabilitation
example is a home system suggesting medications and exercises
during fall recovery [66].

Figure 10. The number and annual distribution of relevant articles concerning the artificial intelligence models’ domains from January 2010 to July
2022.

Technologies Using AI Models
Ambient sensing and mobile technology (15 occurrences per
category) prevail in AAL (Figure 11). It is an umbrella term
that connotes various sensors that measure the parameters of
the observed environment (or ambient environment) to detect
and analyze user behavior. In this respect, studies used a
particular sensor or combined multiple sensors. In the former
case, vision [49] and radar [67] sensors were used for
recognizing activities and measuring vital signs, respectively.
In the latter case, studies merged signals from various sensors
for energy efficiency and improved accuracy and performance
(known as sensor fusion). For example, activity recognition
combined depth image sequences and audio data [68].

Mobile technologies exposed 2 typical roles. A passive role in
using their embedded sensors and providing a user interface for
measuring the conditions in the users’ environments or the state
of their behaviors [53]. An active role in promoting healthy
habits and behaviors among users for a positive lifestyle change
by suggesting activities [65].

Robotic technology (14 occurrences) was used during the time
frame, with an irregular trend. Robots fit well with the AAL
paradigm, as they replicate human abilities and characteristics,
but the cost of development and deployment may influence their

use. In line with related work, we noticed their assistive and
companionship purposes. The former concerns upper-limb
gesture recognition to help users with ADL [69]. The latter is
demonstrated by interacting with older adults to prevent social
isolation and mediating between the older adult, the
environment, and the AAL system [144].

Wearable technology was used less frequently than previously
(10 occurrences). On the one hand, it can introduce a certain
level of intrusiveness compared with ambient sensors when
used independently. On the other hand, it is available through
mobile devices (eg, smartwatches and bracelets), and the study
identified 3 overlaps (Figure 7). The study by Slade et al [54]
used wearable sensors attached to users’ ankles to estimate
energy consumption when walking. Another example is activity
recognition, which accounts for measurement uncertainty in
wearable sensors [42].

Conversational and gaming technologies have 3 occurrences
each. The conversation example is a social robot that conducts
simplified small-talk dialogs with users [144]. Overall, the
dialogs were rare compared with the many occurrences of NLP
models used for speech and text recognition. Games were
mentioned as the use of gaming technologies (eg, Kinect RGBD
camera) that recognized human activity [145].
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Figure 11. The number and annual distribution of relevant articles concerning the artificial intelligence models’ technology from January 2010 to July
2022.

Beneficiaries of AI Models
Older adults are the primary beneficiaries of intelligent AAL
systems (42 occurrences; Figure 12). The shared elements
emerging from different AAL systems using AI models for this
target group include HAR and measuring vital signs.
Accordingly, the study described by Saeed et al [70] used radar
sensors’data to infer the activities of community-dwelling older
adults, while research by Ejupi et al [71] detected falls by
analyzing accelerometer and barometric pressure sensor data.

Patients (n=26) were persons with health declines who
underwent different medical treatments. Examples include
activity prediction for fall prevention of patients at risk [44] and
diagnosing clinical abnormalities of patients using multiple vital
signs (eg, heart rate, blood pressure, and respiratory rate) [72].

The overlap with older adults (9 times; Figure 6) indicates that
for most older people, the purpose of AAL systems was more
assistive and aimed toward health promotion rather than therapy.

Frail persons (n=21) were in a specific state of vulnerability
with increased risks of falling or disability. The AAL support
for these beneficiaries was manifested in diagnosing various
health declines. Examples include diagnosing Alzheimer disease
from magnetic resonance images [73] and detecting emergencies
with users’ mobility [54].

Health care staff (n=7), caregivers (n=5), and family (n=2) were
considerably less present than previously. Owing to the AAL
technology used, they appeared as beneficiaries concerning
more efficient and effective caregiving. For example, supporting
medical staff in monitoring patients at home [66] and notifying
physicians and families if patient conditions decline[64].
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Figure 12. The number and annual distribution of relevant articles concerning the artificial intelligence models’ beneficiaries from January 2010 to
July 2022.

Concerns in AI Models
Availability of intelligent AAL systems was the primary user
concern (17 occurrences; Figure 13). It was mentioned mainly
concerning a particular technology. For example, beneficiaries
preferred off-the-shelf technologies, such as mobile devices
because of their availability regarding services they can offer
and cost [53]. Conversely, the availability of particular devices,
such as exoskeletons [54] or multiple Kinect devices [145], was
highlighted as a potential barrier to their use.

Accessibility, adoption, and usability appeared 6 times each.
The accessibility of the AAL systems’ services reflects the
convenience of reaching them, such as the functions of an
Internet of Things device that generates user profiles from their
activities [74]. The adoption referred to a more sustained and
stable use and integration of the introduced technology into the
beneficiaries’ routine, such as the use of widely adopted
technologies (ie, smartphones) for HAR [45]. Usability was
described as the ease of use of various AAL systems, including

the percentage of successful task completion when using a
medication management application [63].

Reliability, safety, and security had 5 occurrences each.
Reliability describes the reliability levels of the AI models’
outcomes from the beneficiaries’ perspective, such as the
perceived accuracy of activity trackers [56]. Safety is a
requirement for AAL applications to prevent any harm to their
users, such as detecting abnormal human behaviors to avoid
dangerous situations [75]. Security refers to protecting users
from external threats when using AAL technology; for example,
when using users’ appliance consumption data to infer their
activities [43].

Privacy (2 occurrences) and acceptance (1 occurrence) received
the least attention. Privacy manifested as the need to protect
beneficiaries’ data during collection, analysis, and use by the
AAL system, such as protecting persons’ identities [41].
Acceptance emerged as a desired quality of the AAL technology
that facilitates the attitude, such as the unobtrusiveness of
radar-based sensors for patient monitoring [61].
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Figure 13. The number and annual distribution of relevant articles regarding the beneficiaries’ concerns from January 2010 to July 2022.

Discussion

Overview
This section summarizes the results of the scoping review. The
AI models are key drivers of AAL systems. In this respect, this
study clarifies their role and significance over the previous
decade by considering domains, technologies, and end users.
At the same time, it highlights critical user concerns to identify
gaps that require further research.

The overall goal was to provide an overview and synthesis of
the research on AI classes and models in AAL (RQ1), domains
in which they were applied (RQ2), technologies that used them
(RQ3), and their beneficiaries along with use concerns (RQ4).

The following section discusses the principal findings
concerning the evolution of the AI models and related categories
and implications for different stakeholder groups, including
well-being and health care, technology, and research.

Principal Findings

Evolution of Categories in AAL
The time frame has seen a variety of AI model contributions
that target a range of domains, technologies, and beneficiaries.
Semisupervised and unsupervised learning classes dominate
the intelligent AAL landscape. Their prevalence is because of
an increase in the variety of the health and living domain and
the gradual appearance of labeled input data describing related
ADL and IADL the learning aimed to support [37,38,143].
Supervised approaches have been used for classification tasks
[41].

DL and NLP models have been mainly used throughout the
search time frame. DL models combined neural network–based
algorithms such as convolutional neural network and recurrent
neural network [146]. These algorithms can be both supervised
and unsupervised but were rarely considered explicitly in
relevant articles. However, an in-depth manual article analysis
showed that they were mainly supervised. These algorithms

deal with multidimensional input data from heterogeneous
sources. The data describe various human activities to support
or infer health conditions [45,46]. In the first half of the frame,
NLP models mainly recognized users’spoken input [47]. During
the second half, they enabled conversations with users [144].
Models using reference examples (ie, instance-based learning)
and clustering were used for classification tasks [48-51].
Ensemble approaches, by definition, combine separate models
to compensate for individual drawbacks [52,53] and were used
later in the time frame (from 2014). However, other approaches
were notably less frequently used.

Activity assistance and recognition were the leading domains,
with a generally growing trend. In most cases, the activity
assistance assumed recognition (38/61, 62% occurrences), while
the remaining instances focused on specific activities known in
advance. A range of ADL and IADL were supported, where
different indoor and outdoor mobility (ie, walking, physical
exercise, and transportation) prevailed [59,60]. The interaction
referred to the systems as seen by their end users [63].
Communication denoted internal interrelations among AAL
system components [64]. Health monitoring concentrated on
deviations in vital functions and detection of abnormal behaviors
[61].

Ambient sensing and mobile technology are mainly used in
AAL. Sensing uses different sensors to detect available signals
that carry specific information on user behavior [68]. Mobile
technologies are convenient to use (ie, market availability,
affordability, and wide adoption) at the application level as
lifestyle applications for health and well-being [65] and at the
device level as a platform with integrated sensors [53]. Robots
appeared as either assistive devices helping users carry out their
activities [69] or companions for pleasurable activities [144].

The study found notably fewer wearables, followed by
conversational and gaming technologies.

Older adults were the primary beneficiaries of AI models in
AAL within the search time frame [70]. Patients coexisted with
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older adults 9 of 26 times or 35% of found cases (Figure 6).
This shows that other ages benefited from AI models [44,72].
Frail persons were less present and coappeared with older adults
in 43% (9/12) of instances. Health care staff, caregivers, and
families were underrepresented compared with the former and
occasionally mentioned.

Availability prevails as a beneficiary concern. In general,
off-the-shelf, affordable technology [53] is preferred compared
with more expensive equipment concerning cost and deployment
[54]. The remaining concerns had fewer cases.

Implications for Health Care and Well-being
On the basis of our observations concerning domains,
beneficiaries, and concerns, we identified gaps in the existing
literature and articulated the following directions for future
work:

• Collaborative decision-making—current AAL systems
make their decisions autonomously, driven by the models’
algorithms and input data. The involvement of expert users
(ie, health care staff and caregivers) in the decision-making
process can improve its accuracy, facilitate automated
learning about users, and reduce the burden on health care
professionals.

• Augmenting caregivers and recipients—by definition, the
AAL occurs outside health care facilities. In such a scenario,
consideration of caregiving and caretaking is critical for
adherence to health care services that should address the
participants' concerns. Active participation of these
beneficiaries is crucial for a successful digital health care
intervention, from their AI model comprehension to a
particular technology design and deployment.

• AAL interventions—studies included various technologies
and platforms to support independent living. Our analysis
did not reveal knowledge exchange among studies
concerning their results and experiences.
Technology-supported health care interventions have been
designed for various medical domains. Systematized
knowledge of models, domains, technologies, and
beneficiaries can guide AAL interventions tailored to
specific health care requirements. Such knowledge can
reinforce best practices and mitigate potential risks.

• Regulations and compliance—at present, AAL design and
deployment space are not regulated, nor is their compliance
acknowledged and endorsed by regulatory authorities
globally. AAL systems must comply with regulations at
both national and international levels. This is crucial for
their implementation in medical practice and general
adoption. To meet this need, we advocate for a repository
of evaluation methods and design guidelines that would
support compliance and provide a clear view of how to
incorporate critical aspects during AAL system design.

Implications for Technology
The analysis of the models, technologies, and concerns revealed
unsolved matters that require more attention, including the
following:

• Transparency and privacy—AI models, by their very nature,
need, produce, and process large amounts of various

user-related data, from intensive data collection and analysis
to delivering their decisions as personalized
recommendations to users. First, the technology should be
transparent on why and how user data are collected,
analyzed, and used. Second, it should respect a user’s right
to control their private data and communications and that
they are free from intrusion. Satisfying these user needs is
critical for building trust in AAL systems.

• Integration with health care services—AAL systems are
usually built and deployed as stand-alone platforms,
independent of institutional health care systems. Connecting
with existing medical technological infrastructure and
digital services can increase the efficiency and effectiveness
of health care provision. These benefits are mutual. AI
models can be fed with existing user medical records and
procedures for improved decision-making. In turn, medical
actors could be timely informed of emergencies or changes
in users’ behaviors that are difficult to observe in clinical
settings.

• Inclusive AAL—AI models focus on individual users as a
user-system relation. Group dynamics are not supported,
such as user-system–physician relations or forming peer
groups of similar users. Future intelligent AAL systems
should equally engage and moderate multiple beneficiaries:
patients, families, caregivers, and health care staff. This
also represents a general implication for health care systems.

Implications for Research
Looking at the results as RQs’ responses, following research
directions emerged:

• Explainable decision-making—as capabilities of AI models
increase, the absence of explanations behind automated
behaviors raises uncertainty with users due to a lack of
understanding of how specific decisions are made [147].
The explanatory behavior of the models can ingrain positive
behaviors to maintain a healthy lifestyle [148]. Thus, a
general requirement for future AI models is the provision
of explanations understandable to beneficiaries without
background or knowledge in AI (ie, nonexperts).

• Evaluation techniques—studies proposed evaluation
techniques that could be broadly categorized into functional
(ie, technical) and nonfunctional (ie, medical and usability).
They used existing instruments to measure AI models’
algorithms (accuracy and performance) or medical and
user-related outcomes (standard scales for particular medical
conditions, interviews, and questionnaires). Moreover, they
focused on a single measure or several measures from the
same category. To obtain a clear and valid assessment of
the effectiveness and efficiency of the AI models used in
AAL, we need a more comprehensive and coherent set of
cross-category evaluation metrics to be proposed and
verified in practice.

• Design recommendations—the discovery of design
guidelines from relevant articles depends on how they are
described. In the analysis phase, the identification and
extraction of guidelines were not straightforward. The
design contributions were mainly presented as suggestions
derived from the studies conducted. Other forms included
development and deployment practices concerning specific

J Med Internet Res 2022 | vol. 24 | iss. 11 | e36553 | p.84https://www.jmir.org/2022/11/e36553
(page number not for citation purposes)

Jovanovic et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


models, domains, and technologies. These contributions
are difficult to apply and reproduce, being a barrier to their
uptake. Standard reporting procedures and knowledge bases
could help address this issue and provide actionable
guidelines to interested communities. Several independent
studies will be needed to implement and validate the
guidelines.

Limitations
We acknowledge that the proposed AI and machine learning
(ML) class and model categorization, which served as a basis
for our search, is not comprehensive, exhaustive, or exclusive.
Although there are other taxonomies, our goal was to highlight
the underlying mechanisms of these classes and models for the
review to provide a proper understanding of their roles in AAL
systems.

Moreover, the categories and associated keywords may have
limited the search results. Thus, we included common synonyms
found in the literature as keywords to capture more results at
the cost of more nonrelevant articles. Still, we may have missed
relevant materials using other terms or not using searched
keywords explicitly.

Another limitation of our study was the necessity of setting a
time frame for the articles included in the review. We chose to
cover work by early reviews of AAL systems and advancements
in AI learning algorithms. However, as with any date restriction,
there is a risk of not considering potentially relevant work.

A further limitation concerns manual extraction and
categorization of retrieved articles (for inclusion), which may
introduce a subjective perception of coders. The risk was
addressed by cross-analysis and discussion of each other’s
results for agreement. Relatedly, the findings on prevalence or
trend may primarily represent the researchers’ interest but not
an objective sampling of all the stakeholders’ perspectives,
including that of the users.

Finally, this study considered 5 digital libraries, among others.
Considering the size, coverage, and diversity of digital libraries
regarding RQs, we believe that the obtained results sufficiently
respond to them.

Comparison With Prior Work
In comparison with relevant work, we focus on previous reviews
and metareviews on related topics and comparative studies,
giving preference to AI models. The reviews’, metareviews’,
and studies’ scope was generally more constrained than ours.

The meta-review presented by Climent-Perez et al [16]
examined video-based lifelogging technologies for AAL in
older adults. Lifelogging assumes recording personal data of a
user’s daily life. It produces a data set as computational
knowledge about a person (also known as quantified self) that
could be used for different purposes, such as detecting
emergencies and predicting user behavior. The target model
was DL, domain HAR, and technology RGBD sensing devices.
This study articulates ethical implications for these applications.

The review by Singh et al [149] analyzed existing fall-detection
systems through the implementation of existing sensor

technologies. It provides a descriptive framework to help choose
appropriate sensors for particular deployment scenarios and
locations. The main areas for technical improvement were
unobtrusiveness, installation costs, and power requirements.

A survey by Demrozi et al [150] discussed ML and DL
algorithms for sensor-based HAR of older adults concerning
their accuracy and quantity (coverage of recognized activities).
ML models require less data and computational resources,
whereas DL models better recognize complex activities.

A review of mobile apps for dementia [151] showed that
caregivers were the primary users, and the app content mainly
provided information on dementia. The barrier to the availability
of these apps is a lack of navigating the app marketplace and
quality metrics for their dementia information.

A review of DL techniques used in smartphones and wearable
sensor-based HAR systems [152] demonstrated that DL
techniques outperform other ML ones. However, they were
verified on preexisting data sets, not the data acquired in real
time.

An in-depth analysis of DL algorithms for HAR using mobile
and wearable sensor networks [146] raised the need for higher
computational resources in mobile and wearable devices to
enable web-based and real-time decision-making.

A more comprehensive review of assistive technologies for
older adults classified technologies into clusters, such as general
information and communication technology (eg, computer and
internet applications), robotics, telemedicine, sensor technology,
medication management applications, and video games [17].

A study analyzed randomized controlled trials on the
effectiveness of assistive technology for memory support in
people with dementia [153]. Measured outcomes included ADL,
level of dependency, clinical and care-related outcomes, and
perceived quality of life and well-being. The evidence was
mixed and inconsistent and drew no generalized conclusions.

Another review investigated mobile health interventions for
adults who had experienced stroke [154]. The interventions
targeted different patient functions, mostly upper-extremity
function, functional mobility, and language and speech skills.
However, they were mainly preliminary, focused on technology
development up to pilot testing, and lacked evidence from
large-scale trials.

Off-the-shelf voice assistants were used by persons with motor,
linguistic, and cognitive disabilities [155]. Although these
systems are widespread, inexpensive, and nonstigmatizing
compared with other assistive technologies, participants’
performances depended on their level of cognitive and linguistic
skills.

A comparative study of different ML algorithms for HAR [156]
used existing data sets and indicated that sensor-based
techniques were preferred over vision-based techniques because
they better preserve user privacy. A similar study [157]
examined particular algorithms, namely decision tree, k-nearest
neighbor, support vector machines, naïve Bayes, linear
discriminant analysis, and ensemble learning, in recognizing
specific ADL (meal preparation, eating, housekeeping, etc). In
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general, the algorithms performed equally well on the chosen
data set.

Conclusions
We have described a scoping review based on systematic search
and analysis, which identified research trends concerning AI
models, domains, technologies, and beneficiaries along with
their concerns. The AI models, domains, technologies,
beneficiaries, and concerns extracted from the literature
represent a knowledge base that can be consulted and used when
developing and deploying AI-infused AAL systems. Its findings
can (1) inform end users, health care professionals, and
caregivers on available technologies and their target medical
domains; (2) guide health care providers and engineers in
implementing and deploying these technologies; and (3) help

end users understand the benefits and trade-offs of the
technologies.

Research activity has increased awareness of AI models in AAL
and revealed gaps in the field. Further work is needed in making
AAL systems more efficient, effective, and user friendly. In
particular, hybrid physician-model decision-making, the
inclusion of caregivers by technology design, and compliance
with health-related regulations will lead to the uptake of AAL
by a society. Moreover, improving transparency and privacy,
integration with legacy systems, and the equal inclusion of
different beneficiaries will improve the acceptance and
availability of AAL systems. Finally, efforts to explain
automated decision-making, adopt standard evaluation metrics,
and verify design guidelines will recognize different AAL
approaches to ensure them in digital health care.
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Abstract

Background: Topic modeling approaches allow researchers to analyze and represent written texts. One of the commonly used
approaches in psychology is latent Dirichlet allocation (LDA), which is used for rapidly synthesizing patterns of text within “big
data,” but outputs can be sensitive to decisions made during the analytic pipeline and may not be suitable for certain scenarios
such as short texts, and we highlight resources for alternative approaches. This review focuses on the complex analytical practices
specific to LDA, which existing practical guides for training LDA models have not addressed.

Objective: This scoping review used key analytical steps (data selection, data preprocessing, and data analysis) as a framework
to understand the methodological approaches being used in psychology research using LDA.

Methods: A total of 4 psychology and health databases were searched. Studies were included if they used LDA to analyze
written words and focused on a psychological construct or issue. The data charting processes were constructed and employed
based on common data selection, preprocessing, and data analysis steps.

Results: A total of 68 studies were included. These studies explored a range of research areas and mostly sourced their data
from social media platforms. Although some studies reported on preprocessing and data analysis steps taken, most studies did
not provide sufficient detail for reproducibility. Furthermore, the debate surrounding the necessity of certain preprocessing and
data analysis steps is revealed.

Conclusions: Our findings highlight the growing use of LDA in psychological science. However, there is a need to improve
analytical reporting standards and identify comprehensive and evidence-based best practice recommendations. To work toward
this, we developed an LDA Preferred Reporting Checklist that will allow for consistent documentation of LDA analytic decisions
and reproducible research outcomes.

(J Med Internet Res 2022;24(11):e33166)   doi:10.2196/33166
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Introduction

Background
The past 25 years have seen an enormous increase in the
availability of so called “big data,” a broad term describing very
large, but typically unstructured data sets [1]. One example of
big data is textual data, which describes any source of data that
contains written words or words that are transcribed from
speech. The big data era [1] has seen increasing availability of
large textual data sets derived from a variety of sources
including web-based forums (eg, Reddit), social microblogging
platforms (eg, Twitter, Facebook, and Instagram), formal
documentation (eg, discharge summaries and clinical notes),
qualitative data sets, Google Books, and scientific literature.
Big data sets have been used in a variety of research areas such
as travel [2], digital humanities [3], and marketing [4]. Given
that textual data sets may provide important insights into trends
and associations relating to human behavior and attitudes, it is
not surprising that the use of these data sets is increasing in the
psychological sciences.

Considering the potential size and complexity of big textual
data sets, psychology researchers have begun to rely on natural
language processing (NLP) techniques. These computational
methods are used to analyze and represent written text [5,6].
Topic modeling approaches are largely automated and allow
researchers to effectively and efficiently engage with big textual
data sets in ways that cannot be practically achieved with
nonautomated techniques for synthesizing (ie, literature reviews)
and analyzing (ie, qualitative approaches) textual data.

There are a range of topic modeling approaches available [7];
for example, latent semantic analysis is a nonprobabilistic
method that can be used to draw meaning from textual data [8],
and Dirichlet multinomial mixture–based methods may perform
better for smaller texts [9]. However, one commonly used NLP
technique used in health research is latent Dirichlet allocation
(LDA), which is a machine learning methodology that uses
Bayesian probability–based algorithms to discover latent
(unobserved) “topics” based on co-occurrence of words from
within a body of text (ie, corpus). Although detailed explanations
of these algorithms can be found in the studies by Blei et al [10]
and Griffiths and Steyvers [11], in simple terms, LDA identifies
latent topics within a corpus by estimating both document-topic

probabilities (ie, the probability that each document is generated
by any specific topic) and word-topic probabilities (ie, the
probability that any word is generated by a specific topic;
[12,13]). LDA assumes that documents comprise many latent
topics and that latent topics comprise many words [12]. Briefly,
the LDA algorithm first requires the user to specify the number
of latent topics (k) expected within the corpus. Initially, the
algorithm iterates through each document (ie, unit of text) and
words within the document and randomly assigns the words to
one of the latent topics. This results in a distribution of
document-topic probabilities (ie, the probability of the words
in any document assigned to each of the k topics) and word-topic
probabilities (ie, the proportion of times a word has been
assigned to each of the k topics) based on random allocation.
This random allocation is then optimized by iterating through
each document and words within the documents, recalculating
the probability of a word belonging to a topic given a particular
document, and then updating the word-topic probabilities across
all documents. In addition to the number of topics (k), the LDA
algorithm is influenced by 2 other parameters (also known as
hyperparameters) that can be specified by the researcher and
affects how topics are represented across documents and by
words. Alpha influences how documents contribute to topics,
with larger alpha values resulting in documents comprising
many topics (ie, smaller alpha values suggest that documents
comprise a small number of topics; [14]). Beta (also known as
delta) influences how words create topics, with large values
resulting in topics represented by a greater number of words
(ie, smaller beta values suggest topics will be represented by
fewer words; [14]). Once the LDA model is optimized, analysts
can examine both the words and documents that are most
probabilistically related to each topic to derive topic meaning
and understanding of the larger textual data set.

As implied in the brief explanation above, training an LDA
model is a complex task that involves decision-making and
consideration of multiple factors that have the potential to
influence the outcomes of the analysis. Several practical guides
have been published [14-17] that broadly outline several
different ways to approach LDA, using a variety of packages.
Broadly, training an LDA model involves 3 major steps: data
selection, data preprocessing, and data analysis (Figure 1).
However, these are not prescriptive, and individual applications
of LDA may involve iterations of these steps.
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Figure 1. Summary of latent Dirichlet allocation (LDA) data selection, preprocessing, and analysis steps. Note: Tokenization is a required preprocessing
step that ensures that the data are appropriately structured for analysis. All other preprocessing steps are optional.

Data Selection
The analyst must first make decisions regarding the textual data
to be analyzed. The 4 major decisions in this step include
determining (1) the research area and the purpose of the research
being conducted, (2) the source of textual data, (3) the data types
within these sources used for analysis, and (4) how data will be
structured for analysis. Specifically, the research area and
purpose of the research influences decisions made about the
source of textual data (eg, social media, formal documentation,
and scientific literature), the data types within that source that
will be used for analysis (eg, original posts, comments,
paragraphs, sentences, words, and other specific sections of
text), and how these data will be structured (eg, by post, by user,
by citation, and by paragraph) into documents (ie, units of text)
for analysis.

Data Preprocessing
Once a data set has been identified, the second major step
involves preprocessing the text for analysis. Preprocessing is
the process of preparing the data with the aim of increasing
fidelity so that the results are meaningfully representative of
the data [15,18] and relevant to the research question. Textual
data sets have the potential to contain a substantial amount of
noise and irrelevant textual information [18]. As outlined in
numerous sources [15-17], textual data may require a range of
general preprocessing steps depending on the research question.
These may include, for example, converting to lower case,
replacing entities (eg, people, places, and numbers) with
placeholder using named entity recognition, and removal of
punctuation and symbols, numbers, selective text that minimally
contributes toward research questions and varies among studies,
and stop words that are words thought to add no meaning to the
data (eg, “and,” “it,” and “to”; [19]) and can be implemented
using various stop word lists [20,21]. Furthermore, 2 processes
of transforming words include stemming (ie, shortening words
to a similar root form, without needing to have meaning; eg,
“explore,” “exploratory,” and “exploration” into “explor”) and

lemmatization (ie, transforming words to a canonical [lemma]
form; eg, “explore,” “exploratory,” and “exploration” into
“explore” [16]). Notably, although some research suggests using
stemming or lemmatization cautiously because of the potential
impact on results [16], the necessity of using this preprocessing
step has also been called into question [22]. Finally, other
preprocessing steps are undertaken to describe the way data are
used in the analysis. Specifically, tokenization is when words
are broken down into n-grams denoting single words (unigrams)
or a series of words that are presented in the same order (2
words=bigram; 3 words=trigram [16]). Tokenization and
n-grams are advantageous for disambiguating meaning in the
context of surrounding words. For example, grouping
“cognitive,” “behavioral,” “therapy” as a trigram allows
researchers to observe how this construct contributes to a topic
rather than how the individual words do.

Data Analysis
Following preprocessing, the LDA analysis is typically
conducted as the third step. There are 4 decision-making points
during this step, including (1) the LDA estimation algorithm
(eg, sampling approaches based on Markov Chain Monte Carlo
[23,24], such as Gibbs sampling [11], and optimization
approaches based on variational Bayes (VB) approximations
[23,24], such as the variational EM algorithm [10]); (2) tuning
parameters such as the alpha parameter [25], which influences
how documents contribute to topics [14], and less importantly
the beta parameter [25], which influences how words create
topics [14]; (3) tuning the k parameter, that is, the process of
selecting the number of latent topics that represent the data set,
which can be done using quantitative (eg, perplexity [10],
log-likelihood [14], topic coherence [26], relevancy score [27],
and elbow method that is used to visually identify the optimal
number of topics when plotting the results of quantitative metrics
[28]) or qualitative approaches (eg, topic rating [29], word
intrusion [30], and topic intrusion [30]); and (4) the process of
evaluating relationships among topics.
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LDA is a burgeoning approach with an increasing number of
studies published in the psychological sciences. Several practical
guides on LDA exist providing high-level advice, but they are
inconsistent and not comprehensive. Therefore, the next steps
in this research are to evaluate how LDA is being conducted by
researchers in psychology and how this compares to synthesized
advice from the existing guides, informing the development of
best practice guidelines. Our aim was to conduct a scoping
review to describe the methodological practices used in studies
using LDA throughout the psychological literature. Scoping
reviews focus on examining the nature of research activity and
can be used specifically to survey how methodological
approaches are implemented within an area of research [31-33].
Thus, a scoping review is particularly well-suited to examining
the methodological practices of studies using LDA in
psychology. Calvo et al [34] and Shatte et al [35] have
previously conducted scoping reviews on broader machine
learning techniques. Although these reviews examined the
mental health literature and described different sources of textual
data, they did not focus on the analytical decisions that were
specific to LDA. This scoping review focuses on the key steps
of data selection, data preprocessing, and data analysis as a
framework to understand the methodological approaches being
used in psychology research using LDA.

Methods

Transparency and Openness
This scoping review adhered to the PRISMA-ScR (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses
extension for Scoping Reviews; [36]) and reports on search
strategy, eligibility criteria, and data charting processes detailed
in the following sections. This study was not preregistered.

Search Strategy
Four electronic databases were searched using the following
search strategy: “latent dirichlet” OR “topic* model*” OR
“latent topic*.” MEDLINE Complete, CINAHL Complete, and
EMBASE were searched up to April 15, 2020, with searches
limited to the English language and research based on humans,
with a peer-review limiter also applied to CINAHL Complete.
PsycINFO was searched up to April 30, 2020, with English
language and peer-review limiters applied.

Eligibility Criteria and Selection of Sources of Evidence
Following the recommended practices for conducting scoping
reviews [32], we used an iterative, team-based approach to
finalize inclusion and exclusion criteria. Studies were included
if they (1) were published in English, (2) were published in a
peer-reviewed journal, (3) used LDA to analyze textual data,
and (4) focused on a psychological construct or issue (eg, mental
health issues, substance use, gender differences, and social
issues such as same-sex marriage and environmental issues).
Studies were excluded if they (1) were a commentary, letter,
thesis, conference abstract or slides, or a methods paper; (2)

used data that were not written words or words transcribed from
speech (eg, genetic codes, mental health codes, and information
derived from images); and (3) focused on constructs or issues
that were nonpsychological in nature (eg, medical [37-40],
marketing [4], and humanities [3]).

Titles and abstracts of all records were reviewed independently
by 3 investigators (LJH, LMF, and GAO). All full-text records
were assessed by a single investigator (LJH). In addition, 10%
(71/712) of the articles were independently screened at the
full-text level by another reviewer (LF or GAO) as part of the
iterative process for refining inclusion criteria in accordance
with recommended practices for conducting scoping reviews
[32]. Disagreements during title and abstract screening and
full-text assessment were resolved through discussion and
consensus agreement by the research team.

Data Charting Process, Data Items, and Synthesis of
Results
A data charting (extraction) template based on common data
selection, preprocessing, and data analysis steps was constructed
and used to collate all relevant information from the included
articles. The development of this data charting template was an
iterative process that was continuously updated and refined
during the data charting process.

In addition to study characteristics (ie, author, year, and journal
of publication), the data charting process included the extraction
of the (1) topic area (eg, mental health, depression, autism,
self-harm, treatment, discrimination, and global climate) and
purpose of research (ie, broadly what the study was aiming to
achieve), (2) data sources (eg, social media, scientific literature,
and formal documentation) and data types (eg, posts or
comments, abstracts or titles, and selective words), (3) structure
of the analyzed documents (eg, by user, post, patient, and
citation), (4) data preprocessing steps conducted (eg, stop words,
stemming, and lower casing), (5) LDA estimation algorithms
used, (6) estimation parameters used, (7) relationships among
topics, and (8) programs and packages used.

All charted data relating to study characteristics, topic area,
purpose of research, data sources, and data types were tabulated
according to the study, and all charted data relating to
preprocessing and data analysis were tabulated according to the
type of preprocessing step and methodological approach.

Results

Selection of Sources of Evidence
A PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) flow diagram of the systematic search
results is shown in Figure 2 [41]. After removing duplicates
(n=279), the search identified 831 articles for title and abstract
screening. Of these, the full texts of 85.7% (712/831) potentially
eligible articles were assessed, and 9.6% (68/712) of these
articles were included in this scoping review.
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Figure 2. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart detailing study inclusion and exclusion process
[41]. LDA: latent Dirichlet allocation.

Characteristics of Sources of Evidence
Table 1 presents the characteristics of the included studies. The
68 studies that met the inclusion criteria were published between
2014 and 2020, with the application of LDA to psychological
constructs increasing from 1 publication in 2014 to 11 in 2018

and 23 in 2019. A total of 13 articles were published in 2020
at the time of searching. Of the 55 different journals publishing
these articles, the most frequent publication sources were the
Journal of Medical Internet Research (7/68, 10%), PLOS One
(3/68, 4%), and International Journal of Environmental Research
and Public Health (3/68, 4%).
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Table 1. Summary of study characteristics and data selection.

Words per
document (be-
fore or after
preprocessing)

Documents,
n

Data type nested
within document
levelSource of dataPurpose of researchTopic areaJournalAuthor

NRaEscitalo-
pram=3649;

Posts (escitalopram);
post Posts (aripipra-
zole); post

Social media;
forum

Detect cases of noncompli-
ance to drug treatment in
patient forum posts

Substance
use

Journal of Med-
ical Internet Re-
search

Abdellaoui
et al [42]

aripipra-
zole=2164

NRNRSelective words; NRFormal docu-
mentation; clini-
cal notes

Identify subtypes in patients
with opioid misuse

Substance
use

PLOS OneAfshar et al
[43]

NRNRPosts; NRSocial media;
Twitter

Improve situational aware-
ness of humanitarian organi-
zations about disaster events

Social issuesBehaviour &
Information
Technology

Alam et al
[44]

NRNRPosts; NRSocial media;
Twitter

Examine advertising prac-
tices of alcohol brands

Substance
use

American Jour-
nal of Health
Education

Barry et al
[45]

NR314,573Controlled keyword
terms; citation

Scientific litera-
ture

Identify hot topics in psy-
chology

Scientific
topics

Zeitschrift fur
Psychologie

Bittermann
and Fischer
[46]

Mean 51.23
(before)

NRFree text response;
task

Social media;
other—Happify

Assessing efficacy of inter-
net well-being interventions

Mental
health

Journal of Med-
ical Internet Re-
search

Carpenter et
al [47]

Range 70-110
(after)

131,004Posts; postSocial media;
forum

Topics of discussion in
mental health support
groups

Mental
health

BMC Psychia-
try

Carron-
Arthur et al
[48]

NRNRPosts; NRSocial media;
forum

Understanding electronic
cigarette and hookah use

Substance
use

Journal of Med-
ical Internet Re-
search

Chen et al
[49]

NR426Abstracts; citationScientific litera-
ture

Provide an overview of de-
pression of caregivers

Mental
health

Issues in Mental
Health Nursing

Choi and
Seo [50]

Mean 8234
(before; SD
3458)

69Interview tran-
scripts; response to
interview question

Other: inter-
view transcripts

Investigate managerial cog-

nitive capabilities and CEOb

communication

Social issuesStrategic Man-
agement Jour-
nal

Choudhury
et al [51]

NRNRPosts; NRSocial media;
forum

Determining mental health
based on indications for self-
harm ideation

Mental
health

Journal of the
Association for
Information Sci-
ence & Technol-
ogy

Cohan et al
[52]

NR20,037Posts and comments;
user

Social media;
forum

Investigate topics in a web-
based depression community

Mental
health

Journal of Affec-
tive Disorders

Feldhege et
al [53]

Mean 43.21
(before; SD
42.99)

2355Posts; postSocial media;
forum

Identify self-injurious
thoughts and behaviors and
related themes on the web

Mental
Health

Suicide and
Life-Threaten-
ing Behavior

Franz et al
[54]

NRNRSelective tweets;
neighborhood

Social media;
Twitter

Predicting crimeForensicDecision Sup-
port Systems

Gerber [55]

NRAnnual re-
port=84;

Annual reports, con-
gressional hearings,

Formal docu-
mentation; con-

Examine relationship be-
tween films and their legal

Social issuesOrganization
Science

Giorgi et al
[56]

congression-and newspaper arti-gressional hear-environment via a cultural
contingency perspective al hear-

ing=25;
cles; annual report,
congressional hear-

ings and annual
reports; other;

newspaper
article=950

ing, and newspaper
article

newspaper arti-
cles

NRNRSelective words in
titles, keywords, and
abstracts; NR

Scientific litera-
ture

Map the topic landscape of
social class an inequality

Social issuesPLOS OneGuo et al
[57]
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Words per
document (be-
fore or after
preprocessing)

Documents,
n

Data type nested
within document
levelSource of dataPurpose of researchTopic areaJournalAuthor

NRNRSelective comments;
NR

Social media;
forum

Demonstrate how change in
the framing of same-sex
marriage in public discourse
relates to changes in public
opinion

Social issuesBehavior Re-
search Methods

Hemmatian
et al [58]

NRNRPosts and comments;
NR

Social media;
forum

Analyze behavior patterns
of emotional eaters

Mental
health

Journal of Med-
ical Internet Re-
search

Hwang et al
[59]

NRNRReports; NRFormal docu-
mentation; so-
cial responsibili-
ty reports

Examine thematic patterns
and their changes over time
of corporate social responsi-
bility reports in the oil sector

Social issuesApplied Linguis-
tics

Jaworska
and Nanda
[60]

NRNRReviews; NROther; company
review website

Identifying job satisfactionMental
health

Decision Sup-
port Systems

Jung and
Suh [61]

NR459,043Posts; postSocial media;
Twitter

Understanding the use of
medicinal drugs during sea-
sonal influenza

Substance
use

Journal of Med-
ical Internet Re-
search

Kagashe et
al [62]

NR2362Posts; postSocial media;
Forum

Understand experiences of
sexism and sexual harass-
ment in the workplace

Social issuesPsychology of
Violence

Karami et al
[63]

NRNRTitles and abstracts;
NR

Scientific litera-
ture

Identify topics relevant to
mindfulness research

Mental
health

MindfulnessKee et al
[64]

NR30,469Posts; userSocial media:
forum

Further understand cyber-
crime carding forums

Social issuesSocial Science
Computer Re-
view

Kigerl [65]

NR4629Posts; postSocial media;
Instagram

Examine tobacco promotionSubstance
use

Addictive Behav-
iors

Kreitzberg et
al [66]

NRNRPosts; NROther; various
webpages

Explore how norms for ap-
propriate behavior between
parents and children are
constructed

Social issuesSexualitiesLandstrøm et
al [67]

Mean 69.65
(before; SD
106.83)

7973Written descriptions;
profile

Social media;
other—web-
based dating
profiles

Investigate mating-relevant
self-concepts and mate pref-
erence

EvolutionEvolution and
Human Behav-
ior

Lee et al
[68]

NRNRSelective words; NRFormal docu-
mentation;
teacher reports

Identify characteristics of
Korean student suicide

Mental
health

European Child
and Adolescent
Psychiatry

Lee et al
[69]

NRNRTweets; NRSocial media;
Twitter

Identify associations be-
tween regional prevalence
of obesity and overweight
and regional information
and social environments

Physical
health

Journal of
Health Commu-
nication

Liang et al
[70]

NRNRPost; NRSocial media;
forum

Investigate gender differ-
ence in web-based health
communities

Social issuesInternational
Journal of Med-
ical Informatics

Liu et al [71]

NR1746Selective words; pa-
tient

Formal docu-
mentation; clini-
cal notes

Determine symptom-based
patient subgroups in mental
illness

Mental
health

Journal of
Biomedical In-
formatics

Liu et al [72]

NRNRTitles and abstracts;
NR

Scientific litera-
ture

Identify hot topics in pub-
lished review articles in
clinical psychology

Scientific
topics

Psychology,
Health &
Medicine

Liu et al [73]
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Words per
document (be-
fore or after
preprocessing)

Documents,
n

Data type nested
within document
levelSource of dataPurpose of researchTopic areaJournalAuthor

NR17,891Posts; postSocial media;
forum

Study differences in the
emotions of patients with
physiological and psycholog-
ical diseases

Emotions;
mental
health; physi-
cal health

International
Journal of Envi-
ronmental Re-
search and
Public Health

Liu et al [74]

NRNRAdvertisement; NRSocial media;
Instagram

Investigate how influencer
vs brand-promoted advertise-
ments affect consumer en-
gagement, sentiment, and
topics of comment

Social issuesJournal of Inter-
active Advertis-
ing

Lou et al
[75]

NRNRTweets; learning
goal

Social media;
Twitter

Classification of goal-based
messages

EducationBehaviormetri-
ka

Louvigné
and Rubens
[76]

NRNRSummary state-
ments; NR

Formal docu-
mentation; sum-
mary statements

Investigate disadvantages of
being a woman in renewing
grants

Social issuesJournal of
Women’s
Health

Magua et al
[77]

NR3231Titles and abstracts;
citation

Scientific litera-
ture

Map delirium literatureMental
health

Psychosomat-
ics: Journal of
Consultation
and Liaison
Psychiatry

McCoy [78]

NR23,939Posts and comments;
identical post

Social media;
Facebook

Investigate how racism con-
tributes to group discussion
of immigration and how
Facebook allows this

Social issuesJournal of
Computer-Medi-
ated Communi-
cation

Merrill and
Åkerlund
[79]

NRNRBooks; NROther; nonfic-
tion books

Study exploration and ex-
ploitation trade-off

Develop-
ment

CognitionMurdock et
al [80]

NRNRAbstracts; NRScientific litera-
ture

Identify topics in Journal of
Counselling Psychology

Scientific
topics

Journal of
Counselling
Psychology

Oh et al [81]

NRNRPosts; NRSocial media;
forum

Investigate opioid-related
discussions

Substance
use

American Medi-
cal Informatics
Association an-
nual symposium
proceedings;
American Medi-
cal Informatics
Association
symposium

Pandrekar et
al [82]

NRNRDiscussion forum
content and news
content; NR

Social media:
forum; other:
news media
content

Investigate how racism is
used in Finnish public de-
bate

Social issuesEuropean Jour-
nal of Communi-
cation

Pantti et al
[83]

NRNRPosts and comments;
NR

Social media;
forum

Identifying factors associat-
ed with weight change

Physical
health

Journal of Med-
ical Internet Re-
search

Pappa et al
[84]

NR114,320,798Selective words
from posts and com-
ments; post

Social media;
forum

Track health-related discus-
sions (ie, Ebola, e-cigarettes,
influenza, and marijuana)

Substance
use; physical
health

American Medi-
cal Informatics
Association an-
nual symposium
proceedings;
American Medi-
cal Informatics
Association
symposium

Park and
Conway [85]
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Words per
document (be-
fore or after
preprocessing)

Documents,
n

Data type nested
within document
levelSource of dataPurpose of researchTopic areaJournalAuthor

NRRe-
views=139,581;
tweets=1442

Review and tweets;
review

Social media:
Twitter; other:
reviews

Explore values affecting be-
havioral intention in e-
learning

EducationJournal of
Strategic Mar-
keting

Ray et al
[86]

NRNRText response to 8
survey items; NR

Other: survey
data

Investigate reflective func-
tioning in fathers of children
born preterm and at term

Develop-
ment

Attachment &
Human Develop-
ment

Ruiz et al
[87]

NRNRSelective words; NRFormal docu-
mentation;
health records

Predicting psychiatric read-
mission

Mental
health

Translational
Psychiatry

Rumshisky
et al [88]

NRNRTweets and web-
pages; NR

Social media:
Twitter; other:
various web-
pages

Investigate the impact of so-
cial media and traditional
media on democratic sys-
tems

Social issuesSystems Re-
search and Be-
havioural Sci-
ence

Santos et al
[89]

NRNRSelective tweets; in-
bound data set

Social media;
Twitter

Understand public engage-
ment with global aid agen-
cies

Social issuesAmerican Be-
havioral Scien-
tist

Shahin and
Dai [90]

NRNRStudent responses;
NR

Other; open-
source data set

Create distractor itemsEducationFrontiers in
Psychology

Shin et al
[91]

NR1156Abstracts; citationScientific litera-
ture

Review research using natu-
ral experimental designs to
infer causal relationships
about leadership

Social issuesThe Leadership
Quarterly

Sieweke and
Santoni [92]

NRNRTweets; NRSocial media;
Twitter

Investigate how Twitter’s
representational features in-
fluence average retweet time
and how effects differed
based on type of disaster
communication

Social issuesInternational
Journal of Infor-
mation Manage-
ment

Son et al
[93]

NRNRSelective words in
comments; NR

Other; student
feedback

Predict student performanceEducationJournal of Edu-
cational Tech-
nology & Soci-
ety

Sorour et al
[94]

NRNRAbstracts; NRScientific litera-
ture

Investigate nature of re-
search regarding personality
and mental health

Mental
health; per-
sonality

Frontiers in
Psychiatry

Sperandeo et
al [95]

NRNRReports; NRFormal docu-
mentation; sus-
tainability re-
ports

Derive propositions for re-
search and practice from
corporate sustainability re-
ports

Social issuesPLOS OneSzekely and
Vom Brocke
[96]

1000 (before)576,801Posts; userSocial media;
forum

Analyzing discursive connec-
tions between Islamophobia
and antifeminism

Social issuesDiscourse &
Society

Törnberg
and Törn-
berg [97]

NRNRAbstracts; citationScientific litera-
ture

Understand artificial intelli-
gence application in the
management of depressive
disorders

Mental
health

International
Journal of Envi-
ronmental Re-
search and
Public Health

Tran et al
[98]

NRNRAbstracts; NRScientific litera-
ture

Map mind-body interven-
tions to improve quality of
life

Mental
health

Complementary
Therapies in
Medicine

Tran et al
[99]

Mean 404 (af-
ter)

332Letters of recommen-
dation; letter

Formal docu-
mentation; let-
ters of recom-
mendation

Examine gender differences
in surgical residency appli-
cants; recommendation let-
ters

Social issuesJournal of the
American Col-
lege of Sur-
geons

Turrentine et
al [100]
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Words per
document (be-
fore or after
preprocessing)

Documents,
n

Data type nested
within document
levelSource of dataPurpose of researchTopic areaJournalAuthor

NRNRAbstracts; NRScientific litera-
ture

Identifying topics about
adolescent substance use
and depression

Substance
use; mental
health

BMC Public
Health

Wang et al
[101]

NRNRTweets; NRSocial media;
Twitter

Discussion of attention to
contemporary protesting
artists among Western audi-
ences

Social issuesInternational
Journal of Con-
sumer Studies

Weij et al
[102]

NR3998Posts; postSocial media;
forum

Determine context of discus-
sions surrounding cessation
treatment for cancer sur-
vivors who smoke

Substance
use

Nicotine & To-
bacco Research

Westmaas et
al [103]

NR3538Learning cell; learn-
er

Social media;
other—Learn-
ing Cell Knowl-
edge Communi-
ty

Investigate learner interest
in open learning environ-
ments

EducationJournal of Edu-
cational Tech-
nology & Soci-
ety

Wu et al
[104]

NRNRTweets and retweets;
NR

Social media;
Twitter

Identifying mental health
needs for people with demen-
tia

Mental
health

Journal of the
American Psy-
chiatric Nurses
Association

Yoon [105]

NRNRPosts; NRSocial media;
Twitter and fo-
rum

Understanding how con-
sumers and policy makers
use social media to track e-
cigarette–related content

Substance
use

Journal of Med-
ical Internet Re-
search

Zhan et al
[106]

NRNRInteractions and
content from 5 Face-
book groups; NR

Social media;
Facebook

Understand how autism-af-
fected users use support
groups on Facebook

DisabilityInternational
Journal of Envi-
ronmental Re-
search and
Public Health

Zhao et al
[107]

NRNRTweets; NRSocial media;
Twitter

Examine social media use in
pollical campaigns

Social issuesInformation,
Communication
& Society

Zheng and
Shahin [108]

NRNRTitles and abstracts;
NR

Scientific litera-
ture

Analyze trends on drug
safety

Substance
use

Expert opinion
on drug safety

Zou [109]

aNR: not reported.
bCEO: chief executive officer.

Data Selection

Research Area and Purpose
Table 1 shows that the most prominent areas of research were
social issues (23/68, 34%; eg, racism, sexism, same-sex
marriage, and global climate), mental health (19/68, 28%), and
substance use (12/68, 26%). There was great variation among
studies regarding the purpose of their research, which ranged
from simply understanding behaviors (eg, e-cigarette and hookah
use) and experiences (eg, sexism and sexual harassment) to
assessing the efficacy of interventions (eg, internet well-being
and mind-body interventions), identifying social discourse (eg,
same-sex marriage, racism, and feminism), and analyzing trends
(eg, drug safety).

Data Sources and Data Types
Table 1 highlights the key sources of the data used in LDA
(Multimedia Appendix 1 [42-109] provides more details of data

selection, data preprocessing, and data analysis) and the types
of data used within these sources. The most common sources
of data were social media platforms (35/68, 51%), which were
most often derived from forums (eg, Reddit: 7/35, 20%) or
microblogging platforms (eg, Twitter: 11/35, 31%; Facebook:
2/35, 6%; and Instagram: 2/35, 6%). Other social media sources
included a knowledge community space (1/35, 3%) and
web-based dating profiles (1/35, 3%). Studies typically sourced
their data from one social media platform, with only 3% (1/35)
of studies using multiple social media platforms as their source
of data (ie, forum and Twitter). Of the studies that used data
from forums and microblogging platforms, all indicated that
they used some form of web-based posts (eg, original posts and
comments) in their analyses. Some were explicit in that they
specified the use of posts and comments or retweets (5/33, 15%),
although some also included selective criterion (4/33, 12%; eg,
selective comments containing negative and positive words or
phrases [58] and selective words with specific term
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frequency–inverse document frequency scores [88]). Most
studies, however, simply mentioned the use of “posts” or
“tweets,” or “interactions online” or “discussion forum content”
and did not describe their precise selection criteria (24/33, 73%).

Scientific literature was the next most common source of textual
data (13/68, 19%), for which data were derived from searches
of databases including Web of Science (5/13, 38%), MEDLINE
(2/13, 15%), PubMed (2/13, 15%), and PSYINDEX (1/13, 8%).
However, 23% (3/13) of the studies used scientific literature
derived from specific journals. All studies using scientific
literature specified the data used for analysis. Specifically, some
studies only used data from abstracts (7/13, 54%), whereas
others used data from titles and abstracts (4/13, 31%), controlled
key terms (1/13, 8%), and selective words from titles, keywords,
and abstracts (1/13, 8%).

Formal documentation was another common source of textual
data (8/68, 12%), where data were derived from different forms
of documentation such as sustainability, social responsibility,
teacher reports (3/8, 37%), clinical notes (2/8, 25%), health
records (1/8, 12%), summary statements (1/8, 12%), and letters
of recommendation (1/8, 12%). These studies either used
selective words from the documentation (4/8, 50%) or used the
documentation in its entirety for analytic purposes (4/8, 50%).

Other uncategorized sources of textual data included nonfiction
books (1/68, 1%), student feedback (1/68, 1%), survey data
(1/68, 1%), interview transcripts (1/68, 1%), an open-source
data set (1/68, 1%), a company review website (1/68, 1%), a
web platform (1/68, 1%), and various webpages (1/68, 1%).
The data types used in these studies are listed in Table 1.

Finally, although most studies used data from a single source,
6% (4/68) of the studies derived data from multiple sources. Of
these, 75% (3/4) of the studies used data from social media
microblogging platforms (eg, Twitter and forums) and other
uncategorized sources including reviews, various webpages,
and news media content. Moreover, of the 4 studies, 1 (25%)
study used data from various formal documentation sources
(eg, annual reports and congressional hearings) and an
uncategorized source (newspaper articles).

Structure of Textual Data
Overall, 43% (29/68) of the studies reported how textual data
were structured into documents for the purpose of analysis
(Table 1). The remaining 57% (39/68) of the studies did not
provide any methodological details on how the textual data were

structured. Of the studies that reported on how they structured
their data, those that derived data from social media commonly
defined documents as individual posts (10/19, 53%) or a user’s
history of posts (3/19, 16%). Studies that derived data from the
scientific literature defined each document as text from
individual publications (5/5, 100%), and studies that used data
derived from formal documentation structured their data by
patient (1/3, 33%), letter (1/3, 33%), or annual report or
congressional hearing (1/3, 33%). Overall, 35% (24/68) of the
studies reported sample sizes (ie, number of documents, which
ranged from 69 documents to 114,320,798 documents (Median
3998, IQR 2164-30469). Finally, 10% (7/68) of the studies
reported the number of words (or average number of words or
range of words) per document (Median 90, IQR 60.44-702),
and of those that did, 2 studies reported this value after
preprocessing.

Data Preprocessing
Overall, 86% (59/68) of the studies reported preprocessing their
data. Table 2 highlights various preprocessing steps undertaken
when preparing textual data for an LDA (Multimedia Appendix
1 describes preprocessing steps broken down by study).
Specifically, the most frequently used steps included removing:
stop words (46/59, 78%), punctuation, symbols or special
characters (31/59, 53%), selective text (eg, hyperlinks, names,
frequent words; 29/59, 49%), numbers (20/59, 34%), and invalid
records (eg, records that do not provide relevant text; 17/59,
29%). Furthermore, 36% (21/59) of the studies undertook
stemming or lemmatization, whereas 7% (4/59) studies explicitly
stated that this step was not conducted [49,79,80,97]. Few
studies reported conducting tokenization (15/59, 25%) and 15%
(9/59) of the studies specified which n-grams were applied.
Other preprocessing steps that were identified but less
commonly used included removing capital letters, clearing
whitespace, and correcting misspelled words (which can be
conducted using automated spell checkers such as hunspell
[110]). Overall, 10% (7/68) of the studies did not report data
preprocessing, and 3% (2/68) of the studies indicated that data
were preprocessed but provided no further details. Regarding
the use of programs or packages for preprocessing data, 51%
(35/68) of the studies did not comment on the tools used, 28%
(19/68) highlighted the program or package used for all
preprocessing undertaken, and 21% (14/68) specified the
program or package for some preprocessing steps but not all
(Multimedia Appendix 1).
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Table 2. Summary of study engagement in data preprocessing, selection of k, and use of programs or packages.

Program; LDAb package (n)Selection of k (n)Preprocessing steps (na)

Java; MALLETc (15)Quantitative approach (28)Stop words (46)

R; Topicmodels package (13)Perplexity (11); [10]Punctuation, symbols, special characters (31)

R; MALLET package (2)Harmonic mean of model log-likelihoods (5); [11]Selective text (29)

R; stm package (1)Topic coherence (4); [26]Stemming or lemmatization (21)

R; maptpx package (1)Log-likelihood (3); [14]Numbers (20)

R; KoNLPd package (1)Kullback-Leibler divergence (3); [111]Invalid records (17)

R; dfrtopics package (1)Jensen-Shannon divergence (3); [112]Tokenization (15)

R; LDA tuning package (1)Exclusivity (1); [113]N-grams (9)

R; NRe (4)Hierarchical Dirichlet process (HDP-LDA; 1); [114]Unigrams (8)

Python; Gensim package (7)Log Bays factor (1); [115]Bigrams (5)

Python; LDA package (1)Per-document topic distributions (1); [62]Trigrams (1)

Python; Natural Language Toolkit package (1)Topic probability (1); [116]Lower casing (16)

Python; NR (2)Observing average F-measure (1); [94]Whitespace (7)

Stata (2)Optimal_k function (1); [117]Spelling (5)

Big text Tool (1)Minimization fit metric (1); [118]Unclear (2)

MeCab (1)t-distributed stochastic neighbor embedding (1); [91]NR (7)

NR (17)Qualitative approach (10)N/Af

N/AQuantitative and qualitative approach (5)N/A

N/ATopic coherence (4)N/A

N/APerplexity (1)N/A

N/ASpecificity (1); [119]N/A

N/AKullback-Leibler divergence (1)N/A

N/ASample size (1); [73]N/A

N/AJensen-Shannon divergence (1)N/A

N/AUnclear (1)N/A

N/ANR (24)N/A

an: number of studies. Further details and references are provided in Multimedia Appendix 1.
bLDA: latent Dirichlet allocation.
cMALLET: Machine Learning for Language Toolkit.
dKoNLP: Korean natural language processing.
eNR: not reported.
fN/A: not applicable.

Data Analysis

LDA Estimation Algorithms
As shown in Table 2, 75% (51/68) of the studies specified the
program or package used to train the LDA model, with the most
common implementation being Machine Learning for Language
Toolkit (MALLET; 15/51, 29%), topic models in R (13/51,
25%), and Gensim in Python (7/51, 14%). Among the studies
that used Gensim in Python, it was unclear whether Gensim’s
implementation of LDA or Gensim’s LDA MALLET wrapper
was used. Multimedia Appendix 1 provides the programs and
packages used broken down by study.

Only 26% (18/68) of the studies explicitly reported the
estimation algorithms used to train the LDA model (Multimedia
Appendix 1). Most of these studies used a Gibbs sampling
method (16/18, 89%). Overall, 74% (50/68) of the studies did
not explicitly provide the estimation algorithms used. Of these
50 studies, 25 (50%) referred readers to algorithm-specific
documentation (eg, the studies by Blei et al [10] for the
variational EM algorithm and Griffiths and Steyvers [11] for
Gibbs sampling), and 19 (38%) studies specified the programs
and packages used for analysis, for which the default algorithms
can be determined (eg, program or package documentation) and
were likely used.
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Selection of Alpha and Beta Parameters
Only 13% (9/68) of the studies (Multimedia Appendix 1)
specified the selection of alpha and beta parameters.
Specifically, the most consistently selected alpha parameters
were 0.1 (3/9, 33%) and 50/k (3/9, 33%), and the most common
beta parameter was 0.01 (5/9, 56%).

Selecting the Number of Topics (k Parameter)
An essential parameter that must be specified when training an
LDA model is the number of topics. Table 2 highlights various
approaches that have been applied to determine the optimal
number of topics (Multimedia Appendix 1 provides an approach
to determine the optimal number of topics broken down by
study). Overall, the most common approaches were quantitative
in nature (28/68, 41%). The most predominant approach was
perplexity (11/28, 39%), which is a common method of
evaluating model fit in LDA models [10,120], where models
with lower perplexity are considered the best fitting. Another
commonly used method for evaluating model fit was topic
coherence (4/28, 14%), which allows for a comparison of topics
by measuring the degree of semantic similarity among words
that contribute the most to that topic [26]. Log-likelihood was
also used (3/28, 11%), whereby the best-fitting model was
considered to occur at the maximum log-likelihood value. These
data suggest that perplexity and coherence remain popular
approaches. Perplexity, which uses the log-likelihood, attempts
to quantify how well an estimated model generalizes to a new
data set. Although this is helpful for understanding the optimal
number of topics in a data set, this approach can lead to
uninterpretable topics; therefore, combining quantitative and
qualitative measures should be used to assess the quality of the
topics. Consequently, coherence metrics attempt to quantify the
semantic relatedness of the words that are most strongly related
to a topic. A model in which the k number of topics all have
high coherence suggests that the topics will be more
interpretable by researchers. Finally, a range of minimization
and maximization fit metrics were used to determine the optimal
number of topics (eg, harmonic mean of the model
log-likelihoods, Kullback-Leibler divergence, and
Jensen-Shannon divergence). A qualitative approach to
determining the appropriate number of topics was used by 15%
(10/68) of the studies, which involved using human judgment
and researcher expertise to specify the number of topics.
Furthermore, 7% (5/68) of the studies used a mixed methods
approach to determine the optimal number of topics, and 1%
(1/68) of studies suggested that LDA tuning was undertaken
but did not specify how. Finally, 35% (24/68) of the studies did
not report on how the optimal number of topics was determined.

Evaluating Relationships Among Topics
Another consideration when training an LDA model is
evaluating the relationships or overlap among topics
(Multimedia Appendix 1). Overall, 85% (58/68) of the studies
did not report the relationships among topics, and 7% (4/58) of
these studies acknowledged this as a limitation of their research.
The remaining 15% (10/68) of the studies that reported
relationships among topics did so using hierarchical clustering
analyses (3/10, 30%) or other study-specific methods including
visualization techniques (4/10, 40%; eg, LDAvis).

Discussion

Principal Findings
Our aim was to conduct a scoping review to describe the
methodological practices used in LDA studies throughout the
psychological literature. We focused on the steps of data
selection, data preprocessing, and data analysis as a framework
to understand the methodological approaches being used in
psychology research that use LDA. The inclusion of 68
empirical studies, all of which were published since 2014,
demonstrates that psychology researchers are adopting LDA to
draw insights from big data sets; however, we identified
considerable variability in the reporting of the steps outlined in
the available practical guides, ranging from 10% for the number
of words per document to 86% for any preprocessing.

Data Selection

Research Area and Purpose
The literature shows that the research areas evaluated using
LDA included both narrow and broad foci. The areas of focus
included behavioral, cognitive, and affective constructs, which
can be categorized into the following research areas: mental
health, social issues (eg, racism, sexism, same-sex marriage,
and global climate), substance use, physical health, education,
identification of scientific topics, human development (eg,
exploratory behavior, and parenting), personality, emotions,
forensics, disability, and evolution. Although the areas in which
LDA has been applied fall within the range of research areas
highlighted earlier, the purpose for which LDA is used in
psychological research varies widely and includes understanding
behaviors (eg, e-cigarette and hookah use) and concepts (eg,
sexism), assessing the efficacy of interventions (eg, internet
well-being and mind-body interventions), identifying social
discourse (eg, same-sex marriage, racism, and feminism), and
analyzing trends (eg, drug safety).

Data Sources, Data Types, and Structure of Data
The findings of this review demonstrate that the common
sources of big data used in psychological LDA research are
social media (eg, forums, Twitter, Facebook, and Instagram),
scientific literature, and formal documentation (eg, reports,
clinical notes, health records, summary statements, and letters
of recommendation). Given that the content often examined in
psychological research is of a sensitive nature (eg, mental health
issues and personal experiences), it may be particularly relevant
to consider the ethical implications of using publicly available
data (eg, social media), which might be linked to a person’s
identity. We encourage researchers to consult ethics boards
when determining whether approval is needed to use such data,
even if it is publicly available [121,122]. Furthermore, social
media data can be more prone to grammatical errors and
increased ambiguity (eg, owing to spelling errors and slang)
compared with scientific literature and formal documentation
and may require more in-depth preprocessing depending on the
nature of the research question. Where required, social media
data can be preprocessed using packages such as
TweetTokenizer from the Natural Language Tool Kit [123].
Despite the potential challenges associated with social media

J Med Internet Res 2022 | vol. 24 | iss. 11 | e33166 | p.107https://www.jmir.org/2022/11/e33166
(page number not for citation purposes)

Hagg et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


data, most included studies (35/68, 51%) used social media data
and were more likely to report the structure of textual data, and
the length of included documents, compared with studies using
scientific literature, formal documentation, and other
uncategorized sources of textual data. However, the scientific
literature was slightly more likely to report the sample size.

The results also demonstrate that LDA provides researchers
with unique flexibility in selecting the type of textual data that
can best answer their research questions. The selection of textual
data for analysis plays an influential role in analysis outcomes;
therefore, it is imperative that authors clearly specify their data
inclusion and exclusion criteria to ensure reproducibility. For
instance, researchers can use “original posts” alone, to obtain
a broad overview of topics within a forum or group, or “original
posts” plus the subsequent comments, which allows for the
analysis of topics in discourse. Although all studies specified
the type of data used for analysis, most studies that used social
media data did not describe their precise data selection criteria
and simply mentioned the use of “posts” or “interactions online.”
Taken together, the literature demonstrates that more
transparency is needed in reporting practices.

This review identified that less than half of the included studies
(29/68, 43%) reported how textual data are structured into
documents (ie, units of text). This is an extension of data-type
selection decisions, as it is important to consider that the same
set of selected data could be structured in multiple ways. This
underreporting of document structures can have a potentially
important influence on contextualizing results [16,124]. For
example, the decision to use titles and abstracts as the set of
data for analysis answers different research questions if
documents are structured according to a citation or journal.
Consequently, not reporting document structure clouds
interpretation of any topics that have been derived. Furthermore,
only a small number of studies reported sample size (ie, number
of documents) and the length of the included documents. This
minimal reporting may be linked to inconsistent evidence
regarding the optimal sample size and length of documents for
LDA. For instance, some evidence argues for a larger number
of documents, as it may be theoretically impossible to identify
meaningful topics from a smaller number of documents;
however, it also suggests that there is a threshold whereby
increasing the number will not affect the performance of the
LDA [124]. Others indicate that the sample size is dependent
upon theoretical and methodological considerations related to
the research question [16]. In addition, documents that are too
long or too short can produce results that are difficult to interpret
[124]. In the context of short pieces of textual data (eg, Twitter
posts), LDA may not perform well, as this approach assumes
that there are multiple topics per document. Qiang et al [9]
reviewed a range of alternative methods for the modeling of
short text documents, which are more likely to comprise a single
topic or have a lower ability to find co-occurrence patterns,
although there is some evidence that LDA may also perform
adequately with such texts [125]. Furthermore, Mehrotra et al
[126] and Ito et al [127] identified that pooling textual data, and
therefore making documents longer, leads to improved LDA
topic models. In contrast, Sbalchiero et al [128] highlighted the
potential effects of different length texts on results and

complexities associated with topic modeling in long texts, which
warrants further investigation. At this time, it is suggested that
the best way to determine the appropriate length of a document
is to observe the optimal model fit for samples of different text
lengths [128] but to use other approaches such as qualitative
or, as discussed, other NLP methods (see the study by Qiang et
al [9] for a review of methods for analyzing short texts and a
GitHub resource that supports the comparison of different
algorithms for short text documents) when dealing with smaller
texts. Given that the structure of textual data into documents,
sample size, and document length may influence the LDA, it is
important that researchers training an LDA model clearly report
this information and that future empirical studies investigate
how these factors may affect results.

Data Preprocessing
In contrast to the suggested practices in existing guides, studies
do not routinely report on data preprocessing steps, with 13%
(9/68) of studies not reporting this. Given that preprocessing
steps work to increase the fidelity of data to ensure that results
are meaningfully representative of the data, this underreporting
is problematic as it may influence analyses and compromise
the interpretability and subsequent conclusions [129]. Studies
that reported preprocessing of data typically conducted a
common set of processes including removing stop words,
selective text (eg, hyperlinks, names, and frequent words),
punctuation or symbols, invalid records, and numbers, and
conducting stemming or lemmatization. Furthermore, few
studies have clearly reported the use of tokenization and
n-grams; however, some studies have highlighted the use of
tokenization but did not specify the n-grams applied. The overall
scarce reporting of tokenization and n-grams even more so
highlights that the focus of researchers has been on reporting
preprocessing steps that aim to increase data fidelity (eg, stop
words, punctuation or symbols, and numbers), and less so on
reporting preprocessing steps that describe how data are
organized for analysis (eg, tokenization and n-grams). A need
for transparency surrounding the presentation of data is
demonstrated by literature that suggests the suitability of both
unigrams and bigrams [16]; however, methodological studies
have suggested that bigrams may not improve categorization
into topics [130]. This indicates the need for further research
exploring best practices for preprocessing steps that describe
how data are presented for analysis.

Although a number of studies chose to conduct stemming or
lemmatization, some explicitly stated that to facilitate topic
interpretation, this step was not conducted [49,79,80,97]. This
is consistent with the findings of Yang et al [131], which suggest
that although topic models with and without stemming provide
similar results, the stemmed results may be more difficult to
interpret. Similarly, other studies have suggested that stemming
or lemmatization provides no meaningful improvement to the
quantitative measures of model fit and has the potential to reduce
topic stability [132]. Despite methodological studies erring
toward not engaging in stemming or lemmatization [132], a
number of studies in the psychological sciences continue to
engage in this practice. We recommend that future studies reflect
the necessity of stemming, given the existing evidence. In
addition, research may evaluate the effects of different types of
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stemming or lemmatization [132,133] on the results. Future
research should consider reporting results with and without
stemming or lemmatization to demonstrate the potential effects
on results, which can be used to inform best practice
recommendations.

Data Analysis

LDA Programs and Packages, LDA Estimation
Algorithms, Selecting Alpha and Beta Parameters, and
Selecting Number of Topics (k Parameter)
Although results revealed that many programs or packages were
used to train the LDA model, among the most commonly used
were Java, R, and Python. The open-source nature of each of
these programs emphasizes that LDA is an accessible analysis
type for researchers in psychology. As such, we recommend
that these open-source programs continue to be used in practice;
however, the different estimation algorithms used in each
program should be considered.

The results indicated that Gibbs sampling was the most
commonly used estimation algorithm. However, the selection
of estimation algorithms is underreported (ie, reported by only
18/68, 26% studies), which may reflect a lack of understanding
about the potential implications of selecting these algorithms.
Although there are some conflicting methodological studies
investigating these estimation algorithms (eg, see VB algorithms
for evidence of appropriateness [134-136]), Gibbs sampling
appears to be a generally robust approach as defined by better
prediction of the optimal number of topics [11,137], as well as
strong performance even when compared with newer algorithms
[29]. Although decisions surrounding which estimation
algorithms to use are often guided by practicality related to ease
of implementation in analysis programs (ie, availability in
widely used statistical packages), we suggest that the wide
availability of Gibbs sampling within packages makes this
approach a strong contender for use in psychological studies.

Although estimation algorithms are underreported, by
mentioning the programs and packages used, it is possible for
the reader to assume that the default algorithms highlighted in
the associated documentation were likely used; however,
packages often change default settings, and therefore, package
and version numbers should be documented. Furthermore,
although the literature has highlighted that programming
languages provide default implementations of LDA [14], there
is evidence suggesting that tuning of the alpha (but not beta)
parameter is an important consideration [25]. Of the studies that
specified alpha and beta, 78% (7/9) of studies overrode defaults
and specifically tuned alpha (as 0.1 and 50/k) and beta (as 0.01).

A parameter that is tuned consistently throughout the literature
is the k parameter, which is the selection of the number of topics
derived from the model [138]. Throughout the psychological
literature, it is evident that approaches used to determine the
number of topics shift between qualitative and quantitative
methodologies, which is reflective of inconsistencies in practical
guides, where some advocate for the use of quantitative
approaches (eg, perplexity, log-likelihood, and topic coherence;
[14]), which can be conducted in multiple ways (eg, [139]),
whereas others suggest using qualitative approaches (eg, human

judgment and expertise [16]). Quantitative approaches are
beneficial, as they can be faster, systematic, and can be validated
using cross-validation [15], which is the process of randomly
splitting data into portions and training the model on all but one
of those portions and then validating the model on the remaining
portion. Although qualitative approaches are more time
consuming, they too can also be systematic and cross-validated.
In addition, research has demonstrated that quantitative methods
do not replace human judgment when deciding a model’s
interpretability and that qualitative methods allow researchers
to explore textual data in ways that model fit statistics do not
[30]. Some human judgment approaches include topic rating
that refers to viewing a topic and assigning a quality score [29],
word intrusion that is the qualitative process of identifying
out-of-place words within a topic to understand a topic’s
coherence [30], and topic intrusion that evaluates a topic
model’s distribution of documents into topics compared with
human judgment of a document’s content [30]. There are
benefits and drawbacks associated with these 2 different
methods of determining number of topics, and Asmussen et al
[15] posited that as akin to factor analytic models where
interpretability of factors is as important as statistical model fit,
the number of topics should be determined by a balance between
a usable number of topics and appropriate model fit. Moving
beyond topic modeling alone, the literature has begun to analyze
textual data sets by conducting qualitative coding and comparing
these results to topic models [54]. Considering the conflicting
literature, it is interesting to note that very few studies in
psychology have used a combination of these techniques
[48,56,58,73,75]. Overall, there are various ways of determining
the number of topics, and although several different authors
have proposed recommended approaches [29,140,141], this is
an area of ongoing research, as recommended approaches do
not necessarily converge on the same value for k selected.

Evaluating Relationships Among Topics
The results indicate that evaluating the relationships among
topics is not a common practice in LDA studies conducted in
the psychological sciences. Specifically, evaluating the
relationships among topics involves observing the overlap
among topics and understanding how topics are similar or
different. One of the ways this can be achieved is by visualizing
topics using tools such as LDAvis in R [27] and pyLDAvis in
Python [142]. Increased evaluation of the relationships among
topics will allow for richer findings and the potential to identify
unexpected links among topics.

Limitations
This is the first study to evaluate the decision-making processes
in psychological research studies that use LDA, thus providing
researchers in this space with an introduction to some of the
key considerations when training an LDA model. The findings
from this review should be considered in light of certain
limitations. First, the points of decision-making within the
analytic pipeline discussed in this review should be considered
by all researchers; however, there are other points of
decision-making that fall within data selection, data
preprocessing, and data analysis that were not included in this
review, as they are discretionary depending on the research
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question. For example, stratified analyses by potential theoretical
or methodological moderators can help identify whether there
is consistency in latent topics identified across the strata [16],
but the use of such moderators is dependent upon the research
question being asked. In addition, researchers may find it useful
to develop specific inclusion and exclusion criteria and extract
data in a way that is driven by clearly developed working
definitions. For example, researchers may develop dictionaries
of words that can be used to identify relevant content, which
are carefully constructed based on theoretical and expert
opinions to reflect important aspects of the constructs of interest
for a study [16]. However, it is important to consider that this
may not always be appropriate because, for example, social
media users may not use the same language as experts; therefore,
the extracted data may not be representative. A data-driven
approach may be useful in that it can capture a greater breadth
of data; however, this can be time consuming. Second, of the
studies that did not provide methodological details on how
textual data were structured into documents (ie, units of text),
inferences could be made for some of these studies based on
the language used throughout the article. This may be considered
a limitation, as this information was not included in the
interpretation of results; however, we argue that this is an
illustration of the primary issues surrounding the lack of
reporting within this literature. Third, this review focused on
mapping the literature rather than appraising its quality;
therefore, it is important to note that the intensity of engagement
with the 3 steps discussed throughout this review does not
necessarily reflect the quality or accuracy of the results as they
relate to the constructs under investigation. Fourth, this review
only included studies that applied LDA to a construct or issue;
therefore, studies providing insights into the LDA methodology
have not been reviewed. Fifth, this review specifically focused
on traditional applications of LDA rather than modifications
thereof, as these are increasingly being used in psychology
research. Although the LDA used by studies in this review was
unsupervised, a supervised LDA approach [143] may be useful,
particularly if the aim of the research is prediction. The
supervised LDA permits the user to label each document with

known properties that can be used for model fitting. Jacobucci
et al [144] provided a recent example of supervised LDA, where
they included information on whether the author of each
document used in their model had a known history of suicide
risk. The study by Šperková [145] provides further information
about variations of LDA (eg, sentiment LDA and factorial
LDA). Finally, this review focuses on one topic modeling
approach rather than an overview of multiple topic modeling
approaches. When conducting topic modeling, we encourage
researchers to consider the suitability of other approaches; the
study by Terragni et al [7] provides further information about
other topic modeling approaches (eg, latent semantic analysis
and embedded topic models).

Conclusions
This review demonstrates that LDA is an accessible and flexible
technique that provides researchers with the opportunity to reap
the benefits of big textual data sets, and as such, we advocate
for its continued use in the psychological sciences. Although
some studies explicitly highlight engaging in data selection,
data preprocessing, and data analysis, this was not always the
case, thus reducing the capacity for reproducibility and
evaluation of alignment with suggested practices. Therefore,
we encourage researchers to be thorough and transparent in
their reporting standards. To assist with reporting processes and
to work toward best practice recommendations, we have
developed an LDA Preferred Reporting Checklist (Table 3)
outlining the key data selection, data preprocessing, and data
analysis steps that researchers should report on where
appropriate, or at the very least consider, when training an LDA
model.

Furthermore, this review revealed that there is still an ongoing
debate surrounding the necessity of certain preprocessing steps,
the most appropriate estimation algorithms, and the most
appropriate methods for determining the number of topics, with
limited investigation into how these decisions may influence
results. Given this, we recommend that future research be
conducted across all stages of LDA to identify comprehensive
and evidence-based best practice recommendations.
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Table 3. Latent Dirichlet allocation (LDA) Preferred Reporting Checklist.

Reported on
pageChecklist itemItemSection and topic

Data selection

Develop research questions, aims, objectives, and hypotheses as to which topics
are likely to emerge.

1Research area and purpose

Consider the suitability of LDA; is this the most appropriate methodology to
answer the research question (eg, consider if another topic modeling approach,
especially for short texts, or traditional qualitative or quantitative approaches
may be more suitable to the research question)?

2Research area and purpose

State inclusion and exclusion criteria for textual data to be used in LDA analysis
(eg, based on researcher-developed dictionaries or data-driven approaches)

3Inclusion and exclusion criteria

Indicate source of evidence (eg, social media, formal documentation, scientific
literature, survey responses, and books) and comment on quality of writing.
Consider ethical obligations associated with the use of a chosen data source.

4Data sources

Specify the data types (eg, original posts or comments, titles, abstracts, or key-
words) from within data sources that will be used for analyses.

5Data types

State the document level (eg, structured by citation, paragraph, post, and user).6Structure of data

Specify number of documents.7Structure of data

Specify length of documents (eg, range, mean, and SD).8Structure of data

Data preprocessing

Specify the program, package, and version used for preprocessing and analysis.9Program, package, and version

List the preprocessing steps conducted (eg, punctuation, symbols and remove
unrelated records, numbers, and whitespace).

10Cleaning

Specify which stop word lists were applied and whether selective text was re-
moved (eg, frequently or infrequently used words, hyperlinks, and names).

11Stop words and selective text

Indicate the use of tokenization and specify the n-gram (eg, unigram, bigram,
or trigram).

112N-grams and tokenization

Indicate use of stemming, lemmatization, or neither and provide a rationale for
decision.

13Stemming or lemmatization

Consider reporting results with and without stemming or lemmatization.14Stemming or lemmatization

Data analysis

State estimation algorithm used for analysis (eg, Gibbs sampling and variational

EMa algorithm).

15Estimation algorithms

Specify alpha (eg, 0.01), beta (eg, 0.1, 50/k), and k (number of topics) parameters.16Tuning parameters (alpha, beta, and k)

Detail iterative approach and specify metrics (eg, qualitative or quantitative such
as coherence, perplexity, and log-likelihood) used to optimize parameters (ie,
number of topics). Include an explanation of qualitative or quantitative cross-
validation approaches.

17Tuning parameters (alpha, beta, and k)

Evaluate and comment on relationships among topics (eg, visualization of topic
modeling).

18Evaluating relationships among topics

Include examples of prototypical documents for each topic. If top words within
topics have little coherence, use the label “uninterpretable” to describe those
topics.

19Reporting results

Publicly release deidentified data (when permitted), code, and documentation
on platforms such as Open Science Framework to allow for reproducibility.

20Reproducibility: share deidentified data,
code, and documentation

aEM: expectation maximization.
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Abstract

Background: Smartphone apps have the potential to address some of the current issues facing service provision for young
people’s mental health by improving the scalability of evidence-based mental health interventions. However, very few apps have
been successfully implemented, and consensus on implementation measurement is lacking.

Objective: This review aims to determine the proportion of evidence-based mental health and well-being apps that have been
successfully adopted and sustained in real-world settings. A secondary aim is to establish if key implementation determinants
such as coproduction, acceptability, feasibility, appropriateness, and engagement contribute toward successful implementation
and longevity.

Methods: Following the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) guidelines, an
electronic search of 5 databases in 2021 yielded 18,660 results. After full-text screening, 34 articles met the full eligibility criteria,
providing data on 29 smartphone apps studied with individuals aged 15 to 25 years.

Results: Of 34 studies, only 10 (29%) studies were identified that were evaluating the effectiveness of 8 existing, commercially
available mental health apps, and the remaining 24 (71%) studies reported the development and evaluation of 21 newly developed
apps, of which 43% (9/21) were available, commercially or otherwise (eg, in mental health services), at the time of enquiry. Most
studies addressed some implementation components including adoption, acceptability, appropriateness, feasibility, and engagement.
Factors including high cost, funding constraints, and lengthy research processes impeded implementation.

Conclusions: Without addressing common implementation drivers, there is considerable redundancy in the translation of mobile
mental health research findings into practice. Studies should embed implementation strategies from the outset of the planned
research, build collaborations with partners already working in the field (academic and commercial) to capitalize on existing
interventions and platforms, and modify and evaluate them for local contexts or target problems and populations.

Trial Registration: PROSPERO CRD42021224365; https://tinyurl.com/4umpn85f

(J Med Internet Res 2022;24(11):e40347)   doi:10.2196/40347
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Introduction

Background
There has been a proliferation in the number of smartphone
apps being developed, both commercially and in academic
research programs, which aim to improve mental health and
well-being. Recent estimates suggest that anywhere from 10,000
[1] to 22,750 mental health apps exist [2]. Although many of
these apps can be accessed directly by individuals in the
commercial app marketplace as self-care tools, they are also
playing an increasing role in clinical services, supplementing
or enhancing traditional interventions [3]. The rapid expansion
in the research and development of mental health and well-being
apps highlights how much interest and potential there is thought
to be in the mobile health arena.

Most common mental health disorders, including depression
and anxiety, have their onset during adolescence and, if not
successfully resolved, can lead to negative impacts well into
adulthood [4,5]. Given the increasing number of young people
(between the ages of 15 and 25 years) using digital technologies,
smartphone-based interventions provide a scalable solution to
support this group to manage their mental health and well-being
[6]. Apps have the potential to address some of the accessibility
issues in service provision for young people’s mental health,
especially for underserved populations. Emerging evidence
suggests that some apps may produce significant symptom
improvement across multiple outcomes compared with waitlist
or control conditions [7-9]. Despite this promise, empirical
research often fails to translate into meaningful and sustained
implementation in “real-world” settings [10,11]. This can be
attributed, in part, to the complex and lengthy process of
implementing and maintaining evidence-based approaches in
practice, as well as the commercial and regulatory complexities
of scaling up mobile technologies in health services [12,13].
Besides innovation and efficacy, other factors, including user
engagement, usability, acceptability, accessibility, and low cost,
are key prerequisites for adoption, scalability, and uptake
[14-17].

Given these multifaceted challenges, it is important to identify
what facilitates and inhibits the implementation of mobile mental
health interventions [10]. Currently, our understanding of how
mental health apps are implemented in real-world settings is
limited in several ways. Foremost, implementation processes
and outcomes from research trials are seldom recorded or
reported, and implementation efforts often lack a solid
theoretical or model-based approach, making it difficult to
understand and explain how and why implementation succeeds
or fails [18,19]. In the context of mobile mental health apps,
successful implementation can be measured by the extent to
which the intervention has been embedded into service
provision, the number of app users, the frequency of app use,
app engagement, and evidence of sustained use following the
end of a research trial [20,21]. Assessing implementation
outcomes using a conceptually grounded framework allows for
a systematic assessment of outcomes while also supporting the
rigor and reproducibility of implementation research and

providing building blocks for the implementation of future
interventions.

Existing scoping and systematic reviews have focused on
reviewing and critically appraising the methodological rigor
and quality of implementation effectiveness studies, reporting
implementation outcomes as their primary outcomes [22,23].
To the best of our knowledge, no review has taken a systematic
approach to assessing the successful implementation and
sustainment of all evidence-based mental health apps for young
people. In this review, we assessed the factors influencing
implementation success according to a set of implementation
outcome criteria based on a modified version of the
implementation framework by Proctor et al [24]. In total, 10
implementation variables were examined, of which 8 were from
the Proctor model: acceptability (perceived usefulness and
satisfaction with a technology), appropriateness (fitness for
purpose), feasibility (extent to which a technology was
successfully used), fidelity (implementation as intended), cost
(financial impact of technology implementation), adoption
(technology uptake and use), penetration (spread or reach of
the technology), and sustainability (sustained uptake by users
or maintenance or integration of a technology within a health
care service). Two additional relevant outcomes were added:
coproduction (user involvement in intervention development
and evaluation) and engagement (adherence and dropout)
[25,26].

Although conceptually distinct constructs, the implementation
variables listed above are dynamically interrelated and
sequentially contingent on one another [24,27]. For an app to
be engaging, widely adopted, and well sustained, it must first
be acceptable, appropriate, and feasible. It may be that an
app-based intervention is deemed highly relevant and applicable
to young people’s needs (high appropriateness) but may be
costly to download and time intensive (low feasibility).
Similarly, an intervention may be considered by a mental health
service as a good fit to address young people’s needs (high
appropriateness); nevertheless, the service user may be reluctant
to use it if they dislike a certain feature of the intervention (low
acceptability). Given the potential benefits of smartphone apps
in supporting the mental health and well-being of young people,
it is critical that researchers and app developers place greater
emphasis on enhancing the engagement, implementation, and
scalability of efficacious interventions in local contexts or
specific populations.

Research Questions
The aim of this review was to determine how successfully
evidence-based mobile apps, which aim to promote well-being
and mental health outcomes in young people, are adopted, scaled
up, and sustained in real-world settings. The research questions
of interest were as follows:

1. What proportion of evidence-based mental health apps are
sustained and adopted after development?

2. What components are needed for successful implementation
outcomes and what are the common barriers?
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Methods

The systematic review protocol was registered in PROSPERO
(CRD42021224365).

Literature Search and Search Strategy
An information specialist (EH) performed an electronic search
of the following databases from January 1, 2011, to the search
date on February 2, 2021: Ovid Embase, Ovid MEDLINE, Ovid
PsycINFO, Cochrane Database of Systematic Reviews, and
Cochrane Central Register of Controlled Trials. The search
strategies used text words and relevant indexing to capture the
concepts of studies on the effectiveness or trials of mental health
apps for young people. The search strategy was guided by
similar reviews exploring digital mental health interventions
for young people [25], and the terms for apps were derived from
Cochrane reviews [28,29]. The full search strategies are
available in Multimedia Appendix 1. Duplicates were removed
following the method described by Falconer [30], and records
were then screened by titles and abstracts to complete the
process manually. The reference lists of included studies and
relevant systematic reviews were assessed for additional relevant
studies. All references were exported to Endnote X9 (Clarivate)
and then to the systematic review software Rayyan [31].

Inclusion and Exclusion Criteria
The focus of this review was the implementation of app-based
interventions that aim to promote mental health and well-being,
prevent mental health problems, and treat existing mental health
problems in young people. Screened articles were included if
(1) the study targeted young people with a mean age of 15 to
25 years, with or without a formal mental health or physical
health diagnosis (eg, targeting anxiety in adolescents with
diabetes); (2) the intervention was an efficacious “native” mobile
app (ie, not on a web browser), whose primary aim was to
promote well-being, prevent mental health problems, or treat
existing mental health problems; (3) the primary outcome was
a measure of mental health or well-being, including change in
anxiety and depressive symptoms, diagnosis, problem severity,

problem improvement, recovery, remission, or more general
change in mental health or well-being across at least 2 time
points (eg, baseline and after the intervention or follow-up);
and (4) the intervention was efficacious, that is, it had beneficial
mental health or well-being outcomes compared with any other
type of digital intervention, usual care (eg, psychotherapy),
waitlist control group, or no-intervention control group. Both
randomized and nonrandomized studies were considered for
inclusion.

Articles were excluded if (1) the mean age of participants was
not 15 to 25 years; (2) the intervention was not a mobile app,
such as other digital interventions, including therapy delivered
by phone, SMS text message, video platforms, or PC (eg,
computer-based cognitive behavioral therapy); (3) the apps used
were not efficacious (ie, there was no significant improvement
in mental health or well-being compared with a control group);
(4) the apps used did not include an intervention component
(ie, primarily focused on diagnosis or assessment); (5) the
studies did not report mental health outcomes or the primary
outcome was physical (eg, blood sugar levels or exercise); and
(6) the studies did not have a control group. Gray literature was
not included in the search.

Study Selection
In accordance with the PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) guidelines [32], the
flowchart presented in Figure 1 provides step-by-step details
of the study selection procedure. The search strategy identified
18,660 citations after the removal of duplicates. Of these 18,660
studies, 1634 (8.75%) were considered potentially relevant
based on their titles and abstracts. Three members of the review
team (HB, LAN, and JD) screened the titles and abstracts against
the inclusion criteria. The remaining full texts were screened
by 6 members of the review team (HB, LAN, JD, SL, BM, and
LN). At this stage, 20% of the texts were screened by at least
2 reviewers independently to ensure interrater reliability
(intraclass correlation coefficient range 0.88-0.96). Any
disagreements between the 2 reviewers were resolved through
discussion with the wider review team.
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart of the study selection process.

Data Extraction
Data were extracted by 1 reviewer (HB or LAN) and reviewed
for accuracy and completeness by another. After verifying all
the extracted data, discrepancies were resolved through
discussion or adjudication by another party (MF). Extracted
data included information on study characteristics (eg, authors,

publication year, country, study design, and study population),
intervention characteristics (eg, characteristics of the technology,
app name, therapeutic modality, and intervention outcomes),
and implementation constructs (eg, implementation objectives
and implementation results). Textbox 1 provides a description
of the implementation outcome criteria.
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Textbox 1. Description of implementation variables.

Outcome and definition

• Coproduction: user involvement in the development or evaluation of the intervention through coproduction or another patient and public
involvement activities.

• Acceptability: perception among stakeholders that a given evidence-based practice is useful, agreeable, palatable, or satisfactory.

• Appropriateness: appropriateness is the perceived fit, relevance, suitability, or compatibility of an innovation with a practice setting or context.

• Feasibility: actual fit, utility, or suitability and the extent to which an evidence-based practice can be successfully used or conducted within a
given context.

• Fidelity: extent to which an evidence-based practice is being delivered as intended. This includes adherence and the quality of program delivery.

• Adoption: intention, decision, or initiation to use or uptake an evidence-based practice.

• Engagement: user enrollment, attendance, session participation, homework completion, adherence, and dropout.

• Penetration: spread, reach, and integration of an evidence-based practice in “real-world” settings.

• Implementation cost: costs associated with implementing an evidence-based practice. This includes cost-effectiveness and cost-benefit.

• Sustainability: uptake by users and the extent to which a newly implemented evidence-based practice is maintained and continued within a service
setting’s ongoing, stable operations.

Quality Assessment
The mixed methods appraisal tool (version 2018) was used to
assess the methodological quality of the included studies [33].
It was developed by combining the core relevant methodological
criteria found in different well-known and widely used
qualitative and quantitative critical appraisal tools. It consists
of 2 screening questions applicable to all types of study design
and a further 5 questions applicable to specific study designs.
Responses were rated on a categorical scale as “no,” “unclear,”
or “yes” to any of the methodological quality criteria. Quality
assessments were made by 1 of 3 reviewers (SL, BM, and LN).
We did not exclude any studies based on quality assessment
scores.

Data Synthesis and Analysis
The extracted data were collated and summarized to produce a
narrative summary of the study, sample, and intervention
characteristics. To determine the proportion of apps that were
sustained or adopted after development, we contacted the
corresponding author of the included articles to complete a brief
survey about the development and implementation of the app
described in their study (Multimedia Appendix 2). If they did
not respond, the first or lead author was then contacted. In
addition, we searched to check the availability and
discoverability of the app in the Apple App Store (iPhone or
Mac) and Google Play Store. A codebook approach was used
to code and synthesize implementation data from all available
sources according to the 10 implementation outcome categories
[34].

Results

The systematic search identified 34 studies published between
2011 and 2021, corresponding to 29 unique apps that reported
a beneficial intervention effect when compared with a control
group. Figure 1 provides additional details on the screening and
inclusion processes.

Study Characteristics
The characteristics of the included studies are presented in
Multimedia Appendix 3 [35-68]. Of the 34 studies, 11 (32%)
studies were conducted in the United States; 6 (18%) in the
United Kingdom; 3 (9%) in Australia; 2 (6%) each in Italy,
Japan, New Zealand, and Spain; and 1 (3%) each in Canada,
Iceland, Iran, Israel, South Korea, and Sweden. Most studies
(31/34, 91%) were published between 2018 and 2021. Regarding
the evaluated sample populations, most studies (24/34, 71%)
primarily recruited university students, followed by clinical
samples (5/34, 15%), general population samples (5/34, 15%),
school students (3/34, 9%), primary care patients (1/34, 3%),
and those attending youth organizations (1/34, 3%). In terms
of study design, 74% (25/34) of studies were randomized
controlled trials (RCTs), 15% (5/34) were pilot RCTs, 6% (2/34)
were quasi-experimental, and 6% (2/34) were feasibility trials.
Notably, 29% (10/34) of the included studies evaluated the
effectiveness of a commercially available app that was not
developed by the evaluation study team.

Intervention Characteristics
Multimedia Appendix 4 [35-68] outlines the format and delivery
of interventions assessed in the included studies. Of the 34
studies, 15 (44%) studies aimed to treat mental health problems
or reduce symptoms, 14 (41%) aimed to promote well-being or
mental health, and 5 (15%) aimed to prevent the onset of mental
health problems. Most apps studied (29/34, 85%) were
stand-alone, and the remainder (5/34, 15%) accompanied other
therapeutic interventions.

Successful Implementation
The measurement of successful implementation, such as
sustained use following the end of the research trial either
commercially (eg, discoverable in app stores) or otherwise
(including available to young people via schools or mental
health services) varied based on unique features of the app itself,
its recipients, and its context. To ascertain the proportion of
apps that were sustained after development, we contacted the
authors of the included articles to request additional information
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about the implementation of the app reported in their study. We
did not contact the authors of the 18% (6/34) of studies testing
existing apps that we knew were commercially available and
discoverable to the public at the point of the review (eg,
Headspace and Calm); that is, being successfully sustained. Of
those contacted (28/34, 82%), we collected 23 survey responses
( M u l t i m e d i a  A p p e n d i x  5
[35-43,48,50,51,54,55,57-61,63,65-67]), and 5 authors did not
respond. However, on reviewing the survey responses, 17%
(4/23) were evaluating other apps already available. In the
absence of survey data for 5 studies, we checked if they were
commercially available; 2 (40%) were discoverable on either
the Apple App Store (iPhone or Mac) or Google Play Store
(Google Inc) [45,62], and 3 (60%) were not available [52,53,64].

In summary, 10 articles evaluated the effectiveness of an
existing app that was available for use at the time of the
evaluation study [38,44,46,47,49,54,56,59,60,68]. Of the 10
articles, 8 (80%) evaluated an app still available on the market:
Headspace [44,46,47,68], Calm [49], Pacifica/Sanvello [38],
Smiling Mind [47], Stop Breathe Think [56], and Thrive [59].
The 2 major smartphone app markets (ie, App Store and Google
Play) publicly list app ratings out of 5 on their store pages.
Google Play also provides download count estimates. The
consumer app ratings on a 5-point scale, from the App Store
and Google Play, respectively, are as follows: Headspace (rating
4.9 and 4.25) and Calm (rating 4.8 and 4.25) were the most
popular (>10 million downloads), followed by Sanvello (rating
4.8 and 4.5), Stop Breathe Think (rating 4.8 and 4.5), Smiling
Mind (rating 4.5 and 3.75; >1 million downloads), and Thrive
(rating 5.0 and 3.5; >50,000 downloads). Finally, 2 studies
evaluated consumer apps that are no longer available:
DeStressify [54] and Lantern [60]; therefore, their store statistics
are not reported.

Of the 24 studies reporting on a newly developed app, 43%
(9/21) are currently available, commercially or otherwise (eg,
in mental health services), and 57% (12/21) are no longer
available. Most respondents reported that it took several years
to develop and test the app reported in their articles, ranging
from 6 months to 6 years.

Markers of Successful Implementation

Adoption
Of the 20 apps sustained after development, several are available
noncommercially and freely to users in local contexts, including
in mental health services [37,42], for university students [36,59],
and for corporate organizations [63]. Apps are also accessible
to users via commercial channels, including Apple App Store
(iPhone or Mac) and Google Play Store (Multimedia Appendix
6 [35-68]).

Coproduction
A total of 9 unique apps were reported as being coproduced
with young people, 5 of which are either currently available or
were previously available following the study but no longer
available. The level of youth involvement in the coproduction
of the apps varied across studies but involved activities such as
a web-based survey, which was delivered to 150 young people
(ie, the target end users) [61,69]; market research and beta

testing [54]; design workshops with 15 key stakeholders,
followed by a series of in-depth interviews [67,70]; focus groups
with young people with lived experience that guided the
development of app functionalities [42]; and study groups with
teenagers and young people who were involved in all
developmental phases of the app [43]. Coproduction data were
not reported in 12 studies.

Acceptability and Appropriateness
Acceptability was generally well assessed with a variety of
measures using both qualitative and quantitative methods (k=16).
Most studies of implemented apps reported them as acceptable,
with high user satisfaction and ease of use among young people
and health care providers [43,45,61,69]. O’Dea et al [69]
examined adolescents’ attitudes toward the concept of a mobile
phone app for relationship help and support and reported that,
overall, 60.7% (91/150) were likely to use an app for
relationship problems, and this was not associated with
demographics or social support (P>.05). Notably, the likelihood
of app use was found to be influenced by the perceived need
for help, personal beliefs about app effectiveness, and whether
the app was engaging and easy to use. Overall, adolescents
found the proposed app content helpful, with an average of
99.3% (149/150) rating the strategies provided as somewhat to
very helpful. More than 90% of respondents reported that the
app was enjoyable, easy to use and understand, and that they
would recommend it to a friend [61,69]. The barriers most
commonly experienced were mismatched need, forgetfulness,
and being time-poor [61,69]. Acceptability was also assessed
for the “Personalized Real-time Intervention for Motivational
Enhancement (PRIME)” app designed to improve motivation
in young people with early-onset schizophrenia during an exit
interview 12 weeks after the trial. Participants rated their
satisfaction with specific features of the app, such as the ability
to interact with peers and the different goal categories, on a
scale from 1 (not at all) to 10 (very much) [67]. Schlosser [67]
reported that participants rated their overall satisfaction with
“PRIME” highly. Similarly, Broglia et al [38] explored the
feasibility and acceptability of supplementing college
counselling with the “Pacifica” app and whether this, in turn,
had positive clinical outcomes. This blended approach to their
intervention was shown to be acceptable and feasible and
showed the potential to maintain clinical improvement in anxiety
following the completion of a brief counselling intervention
[38]. Egilsson et al [43] assessed acceptability with the
Systematic Usability Scale, a widely used and relatively
well-studied 10-item questionnaire on app usability, where
scores range from 0 to 100, and a total score of >70 indicates
satisfactory usability and user acceptance [71]. The mean total
score on the Systematic Usability Scale was satisfactory (mean
78.09, SD 9.82), indicating adequate usability of the app they
tested to improve the emotional and physical health of
adolescents [43]. Acceptability data were unavailable for 53%
(18/34) of studies, and appropriateness data were unavailable
for 68% (23/34) of studies.

Feasibility
The extent to which interventions were feasible (ie, the actual
fit or practicality) was reported in 35% (12/34) of studies that
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used a broad range of metrics as indicators of utility and
suitability, including log-in frequency, app activity, average
number of sessions, recruitment duration, treatment preference,
the percentage of participants who completed follow-up
assessments, and randomization acceptability [38,42,43,56,67].
To evaluate the feasibility of “PRIME,” the authors examined
the log-in frequency, challenges completed, spontaneous and
goal achievement moments, peer and coach interactions, and
active use rate [67]. Participants in the “Stop, Breathe and
Think” trial, which evaluated a publicly available mindfulness
app, provided high satisfaction ratings and reported regular use
of the app, particularly in the first 2 weeks. However, the rate
of recruitment was slow over the course of an academic year,
indicating potential feasibility and long-term sustainability
concerns [56]. Of the 34 studies, feasibility data were not
available for 22 (65%) studies.

Fidelity
Fidelity, the extent to which the interventions were delivered
as intended, is a less-prominent implementation determinant
for apps, given the content control inherent in the structure of
the delivery mechanism. However, it is relevant, for example,
in one of the included studies, where fidelity outcomes were
reported in transcripts from counselling audio recordings where
the app was provided as an adjunct to face-to-face counselling
[38]. Transcripts were scored to assess the following criteria:
(1) number of times the app was discussed, (2) duration of app
discussion, (3) whether therapist reviewed client app use, (4)
number of app features therapist suggested, and (5) missed
opportunities to discuss client app use [38].

Engagement
Engagement-related factors, including user enrollment,
attendance, session participation, homework completion,
adherence, study retention, and dropout, were widely reported
outcomes across studies. Engagement data were reported in all
but 1 study [37]. A consistent and noteworthy finding across
several studies was that engagement decreased over time
[43,54,67]. Unsurprisingly, young people identified that
accessibility and engagement issues, including user experience,
influenced their likelihood of using the intervention [61,69].
For example, engagement with 1 app dropped after the first
month of the trial before leveling out over the second and third
months [67]. Egilsson et al [43] noted a decrease in average
exercises performed between the first week of the intervention
and subsequent intervention weeks, with a significant 76%
decrease in the total number of in-app health exercises from
week 1 to week 2.

A total of 10 articles evaluated a consumer (ie, available on the
App Store or Google Play) smartphone app at the time of their
publication. Data collection methods and the degree of detail
for app use differed across studies. Most studies (6/10, 60%)
collected information regarding app use from participants’
self-reports [38,44,47,54,59,68], followed by passive activity
tracking (2/10, 20%) provided by the official app teams [46,49],
combined self-report and passive tracking (1/10, 10% [56]), or
not specified (1/10, 10% [60]). Self-report measures were
generally 1-item data points, varying from 10-point scales
between “did not use at all” and “used as often as requested”

[54] to number of times per week [56,59] and yes or no daily
measures [47]. In total, 2 studies requested an in-app summary
screenshot of completed minutes as a record [44,68], and Yang
et al [68] further provided a paper calendar for record tracking.
On the other hand, passive activity tracking provided greater
detail, including the date, time, and duration of an in-app
exercise [46,49,56]. Newman et al [60] did not specify app use
data collection methods but recorded more details of use than
other studies, such as total visits on the app, number of sessions
on the app, and minutes on the app. It is noteworthy that Yang
et al [68] reported that individuals in the experimental group
who tried Headspace at least once had an average of 12 days of
use over the course of their 30-day, laissez-faire (ie, use this
app as you would normally) intervention without additional
prompts or ongoing accountability. In addition, 74% of those
who used the app during the 30-day intervention period
continued to use it for an additional 30 days. These findings
imply that motivating individuals to use an app just once may
be an important step in retention.

Although app use measures provide straightforward indicators
of attendance, session participation, homework completion, and
adherence are unclear owing to variations in their definitions.
Session participation may be synonymous with attendance for
some researchers, whereas others operationalize it as
meaningful, back-and-forth interactions between a user and
agent (eg, app, coach, or counselor). A total of 20% (2/10) of
studies reporting on consumer apps included an agent (therapists
[38] and coaches [60]) as part of their intervention, but only 1
analyzed whether user-agent communication (ie, session
participation) affected efficacy. Newman et al [60] reported
“treatment usage” (a composite variable including user-agent
interaction), which did not affect symptom outcomes. In
addition, homework completion may be defined as completing
the prescribed exercises in a study, whereas another study may
define it as tasks in addition to the primary intervention. None
of the included studies mentioned “session participation” or
“homework.” In terms of adherence, 50% (5/10) of studies
explicitly measured adherence (eg, app use data, including time
spent and sessions using the app) [46,47,49,54,59]. An additional
study [56] did not operationalize “adherence,” although they
collected characteristic adherence data through self-report,
asking users how many days in the past 2 weeks they had used
the app. However, given the lack of conceptual clarity and
consensus on adherence, it is difficult to assess whether
adherence affects clinical health outcomes in the context of
consumer app evaluation.

Implementation Cost
Data on the costs associated with implementing the apps,
including cost-effectiveness and cost-benefit, are not readily
available in the public domain. However, results from the survey
indicate that, unsurprisingly, apps developed from scratch were
the costliest to develop and test. Notably, several apps included
in this review were developed from existing, ready-made
platforms, which were modified for different interventions rather
than building the app from the ground up. For example, the
GGtude platform was developed in 2016 and hosts several apps
designed for different populations and presenting problems
[35,40,41,66]. This approach has been successful with several

J Med Internet Res 2022 | vol. 24 | iss. 11 | e40347 | p.125https://www.jmir.org/2022/11/e40347
(page number not for citation purposes)

Bear et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


studies reporting that daily use of apps from the GGtude
platform during a period of 2 weeks (3 minutes a day) is
associated with significant beneficial effects on mental health
in nonclinical and subclinical samples [40,41,66]. Similarly,
Levin et al [55] have focused their efforts on developing app
prototypes rapidly using easy-to-use website platforms to
customize intervention content and develop generalizable
knowledge about principles and processes that work in mobile
apps rather than building and developing new apps from scratch
[55,57]. However, the authors note that their platform was not
set up for commercialization or broad deployment because the
app is delivered within the LifeData system and lacks key
features needed for a public launch, including budget and
support for ongoing technical maintenance and monitoring user
inquiries and data. It was also noted that ongoing updates are
likely needed to remain relevant and competitive with other
market products, which involves undertaking regular market
scans and content refinement to ensure the product remains well
positioned and effective in an increasingly saturated market
[61].

Another approach taken by the authors of the included studies
was to evaluate existing, publicly available apps for a specific
local context and also as a potential adjunct to existing in-person
therapies (eg, university students and college counselling
centers) [38,54,56,59,60]. For example, Broglia et al [38]
contacted the developers of a mood monitoring app to test its
use in conjunction with usual care counselling sessions.
Similarly, Levin et al [56] conducted a pilot RCT to evaluate
the feasibility and acceptability of a publicly available
mindfulness app for university students. Using existing,
commercially available apps or building prototypes using
adaptable web platforms provides a lower cost and quicker
alternative to developing and evaluating new apps from the
ground up. However, implementing apps in distinct local
contexts requires well-thought-out and tailored implementation
strategies, with consideration given to common barriers,
especially acceptability and feasibility.

Sustainability and Penetration
Sustainability can be measured in several ways, including apps
being fully integrated into service settings and a steady budget
for app advertising, maintenance, and updates [21]. The number
of app downloads and interactions over time also provides an
indication of sustained uptake over time. However, none of the
included studies reported data on the sustainability of the
interventions evaluated in their study. As such, the literature is
sparse regarding the long-term integration and penetration of
mobile interventions within mental health and other support
service settings.

Study Quality
Methodological quality varied across the included studies
(Multimedia Appendix 7 [35-68]). Most studies (32/34, 94%)
were judged as having possible limitations in at least 1 criterion.
Most studies (29/34, 85%) clearly described the randomization
of the study participants or the process for recruiting a
representative sample. Most randomized trials reported complete
outcome data (30/32, 94%) and described samples that were
comparable at baseline (27/32, 84%). However, few studies

described the process used to blind the outcome assessor to the
intervention group (10/32, 31%). Only half of the studies (16/32,
50%) reported acceptable adherence rates to the intervention.
Regarding the 2 nonrandomized trials, both studies used
appropriate outcome measures. Of the 2 studies, 1 (50%) was
judged as not clearly accounting for confounders in the study
design and analysis. Both studies were judged as adhering to
the intervention protocol [38,53].

Discussion

Principal Findings
The primary aim of this systematic review was to determine the
proportion of evidence-based mental health and well-being apps
that have been successfully adopted and sustained in
“real-world” settings. In total, 29% (10/34) of studies were
identified that evaluated the effectiveness of 8 existing,
commercially available mental health apps. The remaining 71%
(24/34) of included studies evaluated 21 newly developed apps,
of which 43% (9/21) are currently available, commercially or
otherwise (eg, in mental health services), and 57% (12/21) were
no longer available at the time of enquiry. Therefore, these
results not only indicate a 43% implementation success rate of
new apps but also provide some information on how existing
efficacious commercial apps are promoted and sustained in the
field.

Broadly synthesized using 10 dimensions of implementation,
our review suggests that measures of adoption, acceptability,
appropriateness, and feasibility are more frequently reported
than indicators of cost, fidelity, sustainability, and penetration.
Implementation outcomes were unavailable for many of the
studies, precluding direct comparisons between those apps that
were implemented and those that were not across constructs.
To partially address our second research question, most of the
apps that had been implemented confirmed a degree of adoption,
acceptability, appropriateness, feasibility, and engagement.
These determinants are relevant to a range of interventions and
would benefit from broad systematic incorporation into the
development of a smartphone app. Other important factors
identified included the coproduction of interventions with young
people and the need to embed apps within local settings, such
as schools, universities, and mental health services, rather than
relying on commercial strategies. Although assessing
implementation outcomes using an integrated framework allows
for a more systematic assessment of outcomes, the review
highlights a lack of measurement precision around
implementation constructs in that an array of overlapping terms,
such as acceptability and usability, are often used
interchangeably, highlighting the need for greater consensus on
how to measure and report implementation determinants. There
is also a need to elucidate the relationship between different
implementation constructs (eg, acceptability and engagement)
and intervention effectiveness (eg, clinical change) [22].
Modeling these relationships was not possible in the current
review because of data quality issues. Further empirical research
is needed to model the interrelationships between
implementation variables to better understand the nature of their
connections and their impact on implementation success.
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Confirming acceptability and engagement in the early phases
of intervention development, before implementation commences,
is an important step in ensuring that the intervention has
potential longevity and may be important for saving time and
money. As evidence suggests that engagement is the highest in
the first days or weeks of downloading an app, it might be more
appropriate for apps to be developed with this anticipated
behavior in mind [72].

Research has identified that intervention- and person-specific
factors that influence engagement with mobile mental health
interventions should be considered [25]. For example, getting
individuals to use an app just once is an important step in
retention. It is likely that an initial hook is needed to catch the
attention of young people to encourage them to identify and
download the app. Thereafter, rewards and gamification are
reported by young people as motivating factors for ongoing
engagement and retention [25]. Similarly, usability has been
reported as important for promoting engagement. Acceptability
and engagement are critical elements of mental health apps that
support users [73]. However, it is recognized that
operationalizing meaningful app engagement is not
straightforward, as many downloaded apps are never used and
more work is needed to define sustained engagement, what leads
to it, and how to create products that achieve it [73,74]. Further
research may explore characteristics facilitating initial use,
continued use, and the implications of changing the treatment
structure during an intervention (eg, Do individuals find it
motivating or overwhelming?).

Barriers to Successful Implementation
The importance of identifying mental health interventions that
are efficacious needs to progress in concert with addressing
implementation requirements from the outset of app
development. This can be a complicated focus for researchers
and funding bodies, as in the absence of efficacy, it might seem
premature to address dissemination issues, but given the high
redundancy of scientific studies—less than half of the
efficacious apps were actually identified as being in sustained
use—these questions must be paramount at the outset of the
research cycle.

In addition to the markers of successful implementation, there
are several extant barriers, including high cost, time, funding
constraints, and lengthy research processes. The process of
applying for funding, app development, data collection, data
analysis, and app release is lengthy and expensive, taking up to
6 years [39]. The sustainability and penetration of apps is
contingent on projects being funded or grants being successful,
and even when funding is secured, it is often time limited
[42,67,75]. The way in which funding streams are set up means
that it is harder to secure funding for the follow-on
implementation research than for the initial evaluation project.

Other challenges include the continuous, rapidly evolving
development of technology, which results in the need for
continued code updates and upgrades to allow for compatibility
with smartphone operating systems [42,61]. Additional noted
barriers include the rapidly changing nature of many commercial
providers supplying the app technology, sometimes with
significant staff movement, changes to the focus of work

depending on commercial drivers, and short life spans of some
tech companies [60]. Given that only a small proportion of
existing, commercially based apps are being well sustained,
rather than developing de novo apps, it might be that evaluating
more successful apps and adapting them to specific contexts
can propel implementation in the field. However, it is recognized
that the commercial app marketplace is highly competitive, and
research has identified that, based on our estimates of monthly
active users, mindfulness and meditation apps appear to be the
most popular: Headspace and Calm account for 13.4 million
users, Replika and Wysa account for 1.5 million users, and
Reflectly and Daylio account for 840,000 users [76]. In total,
these 6 apps monopolize the marketplace, many of which have
been made freely available to young people and extensively
marketed; hence, they penetrate the market and account for 83%
of the monthly active users of mental health and wellness apps
[76]. As noted by others, currently, the mental health and
well-being apps that have been rigorously evaluated struggle
to attract users, and apps with many users are rarely evaluated
[76,77].

There are several possible explanations for the success of these
commercial apps. Fish and Saul [44] reported that Headspace,
one of the most popular consumer apps in the market, applies
gamification techniques, such as accomplishment,
empowerment, social influence, and ownership to improve
engagement and motivate individuals to enjoy meditations and
find them rewarding. Several engagement design features in
Headspace, such as user tracking, reminder function, and push
notifications, can improve engagement, these features were not
actively part of any of the evaluated studies and were left for
use at the discretion of the individuals [46]. However, Huberty
et al [49] report that these features may be critical for
engagement and acceptability.

Groups at Risk of Exclusion
An interesting finding of this review is that there are certain
groups that are less likely to access mental health and well-being
apps. It is noteworthy that most studies included in this review
recruited university students (24/34, 71%). There was a marked
absence of youth samples from underserved or marginalized
populations, including but not limited to migrants, asylum
seekers and refugees, those experiencing homelessness, and
those from socioeconomically deprived backgrounds. These
potentially high-risk groups are typically underrepresented in
research, face access and engagement barriers when navigating
health care systems, and experience digital exclusion [78]. The
studies included in this systematic review had not targeted these
populations, and research exploring the acceptability,
appropriateness, and feasibility of app-based interventions is
lacking.

Limitations
Although this review was rigorous, carefully executed, and used
a robust methodological approach, it was not without limitations.
Foremost, although the review team attempted to identify and
include as many articles as possible, some articles may have
been missed because of the inconsistencies in how
implementation outcomes are recorded and reported. It was also
difficult to ensure that all apps for this age group were identified
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because those aged between 15 and 25 years are harder to
differentiate in adolescent and adult studies, meaning we might
have missed some relevant studies. Although the focus of this
review was young people aged between 15 and 25 years, most
of the included studies recruited university students, and most
of the study samples had a mean age of >20 years. This finding
suggests that there may be a lack of effective mental health apps
targeted at mid to late teenagers. This may be a result of the
ethical constraints of recruiting young people aged <18 years
(16 years in the United Kingdom) to research studies, as it is
easier to recruit those who are deemed able to independently
consent to trial participation. Additional research is needed to
determine whether mental health apps have been developed for
this group; however, upon evaluation, they were deemed
ineffective. Given the considerable heterogeneity in the social,
emotional, and cognitive development and maturity of young
people in this age range, research is needed to understand the
potential differential impacts and utility of apps throughout
adolescence and young adulthood.

In addition, the review included several apps that were delivered
as an adjunct to in-person therapies. It is recognized that the
reported successful implementation of these apps may in fact
be a by-product of the success of the primary therapeutic
intervention rather than the app itself. Research comparing
face-to-face therapies with and without additional app support
provides evidence to support the superiority of adjunctive
interventions compared with standard intervention-only
conditions [79]. However, additional research is needed to
enable us to determine the role of apps in the successful
implementation and sustainability of blended intervention
programs.

Unpublished data were not included in the search, which may
have affected the results of this review. Nevertheless, this
approach was also seen as a further strength by ensuring that
only peer-reviewed interventions were included. Given that the
focus of our review was on apps that had been found to be
efficacious, the publication bias effect was minimal. However,
it is possible that companies that have developed the apps
possess valuable data pertaining to some aspects of
implementation. Commercial companies are likely to have
collected a wealth of relevant and informative data on user
engagement and app use over several years. However, owing
to competing commercial interests and a lack of regulation in
the mobile mental health app arena, these data are not publicly
available or made openly accessible to researchers [80].
Nonetheless, an attempt was made to obtain implementation
data when it was not included in the articles by contacting the
study authors, most of whom responded.

Finally, more than two-thirds of the apps were not independently
evaluated and, therefore, an important consideration is that
“developer bias” may have impacted the analysis and subsequent
findings of those trials. More independent and robust evaluation
of apps is needed, and findings must be shared in a manner that
is accessible to the scientific community as well as the users of
the app. This will require time and resources but needs to
become integral to the development process to mitigate potential
bias in evaluations moving forward [81], be that within purely

commercial or research contexts or for commercial-research
collaborations.

Recommendations for Research and Practice

Coproduction With Young People
Coproducing interventions with young people may help improve
the acceptability and feasibility of the end product, which, in
turn, can improve intervention effectiveness [25,26].
Coproduction actively involves relevant stakeholder groups in
the design process to help ensure that the technology developed
meets their needs and is usable. In coproduction, intended users
work with designers, developers, and researchers during the
innovation and development process [82]. A range of methods
have been used to enact young people’s involvement in health
research, often under the umbrella of “Young People’s Advisory
Groups” (YPAGs) [83]. This includes, but is not limited to,
market research and beta testing, design workshops, in-depth
interviews, and focus groups. Consistent reporting on the
methods of involvement and outputs of YPAGs in publications
will help develop a better understanding of the influence of
YPAGs in youth mental health research, enabling better systems
for meaningful youth involvement in research [83,84].

Cost-effective Prototyping
To address the lengthy and costly research and evaluation
processes, adaptable and modifiable interventions can be
developed from existing platforms, which can then be delivered
quickly in a personalized way to meet a range of users’ needs.
As noted by others, this is complicated by the need to balance
scientific rigor with the fast pace with which technology
advances to achieve the adoption of evidence-based practice
[85]. To address some of the time, funding, and financial
burdens, it may be that researchers and clinicians work
collaboratively with industry partners to capitalize on existing
interventions and platforms, modifying and evaluating them for
their local context. However, it is acknowledged that working
with developers involves its own set of complex challenges.
Often, researchers invest time and resources in the initial stages
in building prototypes with developers only to find out that the
intervention is ineffective, not feasible, or not economically
viable. As an alternative, researchers can take advantage of free
or low-cost systems for rapid prototyping, such as Qualtrics, or
an Ecological Momentary Assessment platform, such as
LifeData or MetricWire.

Assess and Report Implementation Outcomes
Intervention evaluation should include key implementation
determinants, such as acceptability, feasibility, appropriateness,
and cost. Currently, implementation outcomes are poorly
reported, and publications reporting the results of RCTs focus
on clinical outcomes, often neglecting sustainability, cost, and
the process of embedding the intervention into “real-world”
clinical practice. It has been reported that psychological
intervention articles report, at most, 64% of the information
needed to implement interventions [86]. It is important that
researchers use consistent implementation measurement and
reporting to allow meaningful and accurate comparisons across
studies and share the information required by implementers.
Assessing implementation outcomes using a conceptually
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grounded framework allows for a more systematic assessment
of outcomes while supporting the rigor and reproducibility of
implementation research and providing the building blocks for
implementation evaluation.

Hybrid Intervention Models
There has been increased attention toward “blended”
approaches, where web-based support is provided as an adjunct
to, rather than a replacement for, face-to-face treatment. The
importance of human support in web-based therapies and the
perceived value of blending mobile health interventions with
traditional face-to-face treatment is well described in the
literature [87-89]. A blended approach has the potential to
reduce the relative load of costly face-to-face contact while
boosting engagement, enhancing outcomes, and increasing
treatment acceptability [88].

Early Consideration of Economic Sustainability
To support the implementation of evidence-based and
efficacious interventions, early consideration of funding and
costs are crucial. Funding bodies should endeavor to develop
new, responsive funding streams, including
implementation-specific grants, to focus on the implementation
of existing evidence-based interventions, as the translation of
evidence from feasibility to adoption is poorly realized, bringing
considerable redundancy to the field of intervention research.
Currently, it is harder for researchers to secure funding for
follow-on work than for the initial evaluation project, and it is
not possible to secure funding ahead of time for this in the initial
app, as they are usually feasibility studies, and so effectiveness
cannot be assumed. However, services are unable to adopt
evidence-based practices until implementation drivers are tested
and addressed. Furthermore, it is important that a clear business
model is planned and in place, with consideration given to the
potential market and how the implementation of the product
will take place and any anticipated revenue generation [85].

Involvement of Vulnerable Groups
As in other areas of mental health research, young people from
marginalized and underserved groups (eg, from low-income
backgrounds, refugees, or asylum seekers; those not in
education, employment, or training; members of ethnic and
sexual minorities; and those under state care) were
underrepresented in these studies, which typically focused on
university students. Few attempts have been made in the
literature to create new interventions or to adapt existing ones
to meet the complex and heterogeneous needs of these young
people [90]. Research exploring the acceptability,
appropriateness, and feasibility of mental health app–based
interventions for this group is lacking [89]. Work to assess the
acceptability and feasibility of mental health apps for
underserved young people is needed to ensure that they are not
further excluded from research and to advance toward mental
health provision that meets their support needs.

Conclusions
Despite the significant amount of funding that has been directed
toward the development of mobile mental health interventions,
few have published evidence-based data to support their use in
real-world settings, and even fewer have been successfully
transitioned into sustainable mental health interventions.
Although it had been thought that smartphone apps held the
potential to address many of the current issues facing service
provision in youth mental health by improving the scalability
and affordability of evidence-based mental health interventions
for young people and addressing health disparities by providing
wider access to underserved populations, more work is needed
to improve key implementation drivers, such as uptake and
adoption. Innovative and targeted funding mechanisms that are
quick, responsive, and encouraging of broad stakeholder and
industry partnerships, where data are openly shared, are essential
to ensure mental health and well-being app development,
evaluation, implementation, and sustainability proceeds in a
direction that will enable evidence-based interventions to be
made available quickly to young people who may benefit from
them.
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Abstract

Background: Home health aides (HHAs) provide necessary hands-on care to older adults and those with chronic conditions in
their homes. Despite their integral role, HHAs experience numerous challenges in their work, including their ability to communicate
with other health care professionals about patient care while caring for patients and access to educational resources. Although
technological interventions have the potential to address these challenges, little is known about the technological landscape and
existing technology-based interventions designed for and used by this workforce.

Objective: We conducted a scoping review of the scientific literature to identify existing studies that have described, designed,
deployed, or tested technology-based tools and apps intended for use by HHAs to care for patients at home. To complement our
literature review, we conducted a landscape analysis of existing mobile apps intended for HHAs providing in-home care.

Methods: We searched the following databases from their inception to October 2020: Ovid MEDLINE, Ovid Embase, Cochrane
Library, and CINAHL (EBSCO). A total of 3 researchers screened the yield using prespecified inclusion and exclusion criteria.
In addition, 4 researchers independently reviewed these articles, and a fifth researcher arbitrated when needed. Among studies
that met the inclusion criteria, data were extracted and summarized narratively. An analysis of mobile health apps designed for
HHAs was performed using a predefined set of terms to search Google Play and Apple App stores. Overall, 2 researchers
independently screened the resulting apps, and those that met the inclusion criteria were categorized according to their intended
purpose and functionality.

Results: Of the 8643 studies retrieved, 182 (2.11%) underwent full-text review, and 4.9% (9/182) met our inclusion criteria.
Approximately half (4/9, 44%) of the studies were descriptive in nature, proposing technology-based systems (eg, web portals
and dashboards) or prototypes without a technical or user-based evaluation of the technology. In most (7/9, 78%) papers, HHAs
were just one of several users and not the sole or primary intended users of the technology. Our review of mobile apps yielded
166 Android and iOS apps, of which 48 (29%) met the inclusion criteria. These apps provided HHAs with one or more of the
following functions: electronic visit verification (29/48, 60%), clocking in and out (23/48, 48%), documentation (22/48, 46%),
task checklist (19/48, 40%), communication between HHA and agency (14/48, 29%), patient information (6/48, 13%), resources
(5/48, 10%), and communication between HHA and patients (4/48, 8%). Of the 48 apps, 25 (52%) performed monitoring functions,
4 (8%) performed supporting functions, and 19 (40%) performed both.
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Conclusions: A limited number of studies and mobile apps have been designed to support HHAs in their work. Further research
and rigorous evaluation of technology-based tools are needed to assess their impact on the work HHAs provide in patient’s
homes.

(J Med Internet Res 2022;24(11):e39997)   doi:10.2196/39997

KEYWORDS

home health aides; home care services; mobile health; mHealth; mobile apps; mobile phone apps; smartphones; educational
technology; technology; mobile phone

Introduction

Background: Home Health Aides
By 2060, the number of Americans aged >65 years is projected
to reach approximately 95 million, making up almost one-fourth
of the population in the United States. Most older adults,
including those with multiple chronic conditions, prefer to stay
in their homes and communities for as long as they can and
avoid nursing homes, a concept referred to as “aging in place.”
To do so, they require help at home from family caregivers and
home health aides (HHAs). HHAs represent the sixth fastest
growing occupation in the United States; at present, there are
2.3 million HHAs in the United States and are expected to grow
by 1.5 million by 2030 [1]. Largely employed by home care
agencies, HHAs are trained and certified health professionals
who provide assistance with personal care (such as activities of
daily living [eg, bathing and dressing] and instrumental activities
of daily living [eg, preparing meals, cleaning, and shopping],
emotional support, and medically oriented care [eg, taking vital
signs and medication reminders]) to older adults and those with
chronic conditions at home [2]. Unlike other health professionals
such as physicians, nurses, and physical therapists, HHAs
interact with patients on a daily or near-daily basis, which gives
them a unique vantage point from which to observe, support,
and advise patients [3]. Therefore, they are often referred to as
the “eyes and ears” for patients and the medical team in the
home.

Professional Challenges on the Job
However, despite being integral to patient care, HHAs are an
overlooked and underutilized group of health care professionals
who experience challenges in caring for patients at home. Most
women and minorities of color who earn low wages work long
hours, have erratic schedules, and have limited opportunities
for career advancement [4]. Studies have found that HHAs
increasingly care for medically complex patients with a high
burden of chronic diseases [5,6]. Despite their observations and
insights into patients’ health, they are rarely considered a part
of the patient’s medical team. In addition, when they try to
report information, convey their concerns, have questions, or
need advice, they have difficulty reaching their supervisors via
phone. Furthermore, formal technology systems are lacking in
conveying the data they collect to other health care
professionals. eHealth, which refers to health services that are
delivered through the internet or other technologies [7], mobile
health (mHealth), and telehealth, which are both subsets of
eHealth, have the potential to fill this gap and benefit HHAs.
Technology can connect multiple aspects of the health care
system (physicians, patients, staff, and HHAs) and increase the

efficiency of health care delivery. Although eHealth
interventions can be challenging to implement because of their
complexity, the integration of technology may ultimately make
HHA jobs easier [8].

Finally, although HHAs receive training for certification and
maintenance, many of their courses are general and not disease
specific, which may not meet the clinical needs of the older
adults [9]. Qualitative studies have shown that the workforce
wants and benefits from technological systems to address these
issues. For example, when HHAs monitor their patients’ blood
pressure, a technological system that allows for the
measurement, recording, and transmission of these data to other
providers would be useful, especially when the values are
abnormal. Similarly, when caring for patients and questions
arise about their conditions, many HHAs rely on past clinical
experiences or “Google” their questions using their personal
devices. Instead, HHAs might prefer to have access to
disease-specific (eg, stroke) information on their personal
devices that they can reference while at work.

Objective
To meet these needs and inform future technological innovations
for this workforce, a better understanding of the technology
landscape is needed [10]. Herein, we conducted the first scoping
review of the scientific literature to identify existing studies that
have described, designed, deployed, or tested technology-based
tools and apps that are intended for use by HHAs as they care
for older adults or those with chronic conditions. To complement
our literature review and provide additional context, we also
conducted a landscape analysis of existing mobile apps
pertaining to HHAs and the care they provide in the home
environment.

Methods: Scoping Review
This scoping review is reported in line with the PRISMA-ScR
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses extension for Scoping Reviews) guidance [11].

Guiding Framework
We conducted a scoping review using the 5-stage framework
developed by Arksey and O’Malley [12]. The 5 stages include
(1) identification of the research question, (2) identification of
relevant studies, (3) selection of relevant studies for the review,
(4) charting information and data from the selected literature,
and (5) summarizing and reporting the results of the review.

Search Strategy
A medical librarian (DD) performed a comprehensive literature
search on October 28, 2020, of Ovid MEDLINE(R) ALL, from
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1946 to October 27, 2020, Ovid Embase (from 1974 to October
27, 2020), Cochrane Library (Cochrane Database of Systematic
Reviews, Cochrane Central Register of Controlled Trials, and
Cochrane Methodology Register), and CINAHL (EBSCO) from
inception to October 2020. The first search was conducted using
Ovid MEDLINE. Subject headings and keywords were adapted
for other databases. No restrictions were applied on language,
publication date, or article type. Additional records were
identified by reviewing reference lists and using the “Cited by”
and “View references” features in Scopus of the included
studies. The full set of search terms for Ovid MEDLINE is
presented in Multimedia Appendix 1.

Inclusion and Exclusion Criteria
This review was limited to studies that focused on
technology-based tools, innovations, or interventions intended
to be used by home health care workers (including HHAs,
attendants, and personal care aides). Studies can be descriptive
in nature (eg, overview of technology design),
quasi-experimental, or randomized controlled trials. Only
peer-reviewed studies published in the English language were
included. Qualitative studies that did not discuss or propose an
intervention, reviews, editorials, or scientific meeting abstracts
were excluded. Studies that focused on other people who provide
care at home (eg, nurses or family caregivers) were excluded.
Studies that were conducted in nursing homes, long-term care
centers, and acute rehabilitation centers were also excluded.

Selection of Studies
All studies identified following the database search were
uploaded to the web-based systematic review software package
Covidence (Veritas Health Innovation). First, the title and
abstract reviews of all studies were completed independently
by 3 authors (JC, IO, and ND). Disagreements were discussed
and resolved through consensus. A record was kept of all the
studies excluded and the reason for exclusion in Covidence. All
studies that met the inclusion criteria (189 studies) went through
a full-text screening process by the 4 authors independently (JC,
IO, EFK, and ND), and any disagreements on the eligibility of
the studies were reviewed by a fifth author (MRS).

Data Extraction
Data from the included studies were extracted using the
following categories: (1) author, (2) country, (3) year of
publication, (4) title of the study, (5) journal, (6) contribution,
(7) technology innovation, (8) intended users, (9) study objective
and systems goals, and (10) evaluation and assessment of
innovation.

Results

Study Characteristics
In total, 8643 studies were imported from our search of the
peer-reviewed literature. Among these 8643 studies, 2452
(28.36%) were excluded because they were duplicates. We
screened 6191 abstracts and excluded 6002 (96.94%) studies
because they were not relevant to home health care. A total of
189 full-text studies were assessed for eligibility, and 7 studies
were included. A medical librarian (DD) identified 13 additional
studies from the citation chasing process; among these, 2 studies
met the inclusion criteria. Taken together, we identified 9
full-text studies that met the inclusion criteria (Figure 1).

The characteristics of the 9 included studies are presented in
Table 1 (Multimedia Appendix 2 [13-21]). The studies were
published between 2004 and 2018 in journals that focused on
technology, computer science, home and long-term care, and
gerontology or aging. Most studies were conducted in Europe
(5/9, 56%), whereas one-third (3/9, 33%) were conducted in
the United States and 11% (1/9) in Japan. More than half (6/9,
67%) of the studies were descriptive in nature, proposing
technology-based systems (eg, web portal or dashboard) or
prototypes without a technical or user-based evaluation. Of the
3 studies that included evaluations, all but one (1/3, 33%;
Danilovich et al [21]) were design prototypes or feasibility pilot
studies with limited data collection on the users (eg, nurses,
family caregivers, or HHAs) of the technology or on patients.
Of the 9 included studies, most (n=7, 78%) evaluated HHAs as
just one of several caregivers or health professionals as intended
end users, rather than as primary users. Most (6/9, 67%) of the
technological interventions were web based, 22% (2/9) of studies
described mobile apps, and 11% (1/9) of studies tested a DVD.
We discuss these studies in detail in the following sections.

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram for the scoping literature review.
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Table 1. Results from the scoping review of literature.

HHAb roleIntended usersTechnology innovationStudy titleAuthor, year, and

countrya

PrimaryHome helpersJava mobile phone–based care report
creation support system

A Java mobile phone-based “home
helper” care report creation support
system

Ogawa et al [13],
2004; Japan

Peripheral; one
of many

GPc, DNd, and HHSe person-
nel

Design prototype based on participatory
design

Visualisation and interaction design
solutions to address specific demands
in shared home care

Scandurra et al
[14], 2006; Swe-
den

Peripheral; one
of many

Patients, family members,
home care teams (clinicians,
GPs, nurses, etc), and social
community members (eg,
social workers and volun-
teers)

Emilia Romagna Mobile Health Assis-
tance Network (ERMHAN) service
platform

An ontology-based system for con-
text-aware and configurable services
to support home-based continuous
care

Paganelli et al [15],
2011; Italy

Peripheral; one
of many

Physicians, home care case
managers, patients, and
caregivers

Web dashboard intended to bridge the
gap between physicians and home care
case managers

Improving care delivery using health
information technology in the home
care setting: development of the home
continuation care dashboard

Page et al [16],
2012; the United
States

Secondary; 1 of
3 (patient is pri-
mary)

Older patients residing at
home and informal and for-
mal caregivers

OCarePlatform and cloud-based seman-
tic system to offer information and
knowledge-based services for older
people and their informal and formal
caregivers

The OCareCloudS project: toward
organizing care through trusted cloud
services

De Backere et al
[17], 2016; Bel-
gium

Peripheral; one
of many

Multiple formal and infor-
mal caregivers involved in
a patient’s care

Sensor-based in-home systemThe OCarePlatform: a context-aware
system to support independent living

De Backere et al
[18], 2017; Bel-
gium

Secondary; 1 of
2 (patient is pri-
mary)

Home HCAf and patientsMobile exercise app. Content of the
program itself seems static. Minimal data
entry about patient (pain and mood)

Design and development of a mobile
exercise application for home care
aides and older adult Medicaid home
and community-based clients

Danilovich et al
[19], 2017; the
United States

PrimaryFamily, volunteers, older
people, home care aides,
hospitals

Elderly Support to Inspired Ageing plat-
form that enables medical and back-
ground information to be combined into
a single server

Elderly support to inspired ageing
(ESTIA)

Bourikas et al [20],
2017; the United
Kingdom

Secondary; 1 of
2 (patient is pri-
mary)

Home HCA and patientsSFLg: Resistance Exercise Intervention:
35-minute DVD on warm-up and upper
and lower extremity exercises for home-
bound older adult clients

Translating Strong for Life into the
Community Care Program: Lessons
Learned

Danilovich et al
[21], 2017; the
United States

aStudies are listed in chronological order based on the year published.
bHHA: home health aide.
cGP: general practitioner.
dDN: district nurse.
eHHS: home help service.
fHCA: health care aides.
gSFL: strong for life.

Intended Users of Technology
HHAs were the intended users of the technology for 33% (3/9)
proposed technology interventions. Of these 3 studies, only 1
(33%) study by Ogawa et al [13] exclusively focused on
supporting HHAs in their work, whereas the remaining 2 (67%)
studies included HHAs as peripheral users of the technology
with the larger goal of supporting the patients. In a study of 21
home helpers (eg, HHAs) in Japan, Ogawa et al [13] described
a Java mobile phone–based system intended for HHAs to use
when caring for older adults at home. The system aimed to
reduce the amount of time and technical challenges for HHAs

reporting to their agencies and patients. In contrast, 2 studies
by Danilovich et al [19,21] designed technology for HHAs to
use; HHAs were one of several stakeholders involved in
intervention development and deployment, and the primary
focus of the technology was ultimately the patient. For example,
in one of their 2017 studies, Danilovich et al [19] designed,
developed, and piloted a mobile exercise app (app and videos)
for frail older patients, and HHAs and physical therapists were
trained on how to help these patients use the app. In a separate
study, Danilovich et al [21] trained home care aides in an
evidence-based resistance exercise program that consisted of
workout DVDs. However, as in the previous study, the intended
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users of the exercise DVD program were homebound and
community-dwelling patients.

The remaining 67% (6/9) of studies examined technology tools
that were not designed primarily for HHAs. HHAs were one of
several types of users. Although these tools supported HHAs,
they targeted patients and general members of the health care
team, such as physicians, nurses, and physical therapists, as the
main users. For example, Page et al [16] described the
development of a web-portal home continuation care dashboard
to facilitate communication among case managers, physicians,
patients, and their caregivers at home.

Purpose of Technology
All (9/9, 100%) studies aimed to support HHAs in caring for
patients at home. There was a wide range of distinct purposes
of the technology proposed and tested. Overall, 78% (7/9) of
studies proposed and described digital software platforms,
ranging from web-based platforms to enhance communication
in the home environment to a sensor-based in-home tool to alert
caregivers of their patients’ falls and physical injuries. Only the
study by Ogawa et al [13] focused on designing and pilot-testing
a Java mobile phone–based system to facilitate data entry and
documentation exclusively for HHAs. The remaining platforms
were designed to facilitate communication and coordination
among patients and members of their health care team. These
members included physicians, nurses, case managers, HHAs,
and the patient’s family members.

A total of 22% (2/9) of studies designed and tested a
technological intervention intended to improve patients’physical
mobility. Both studies by Danilovich et al [19,21] used
technology (mobile apps and DVDs) to train HHAs on exercise
regimens, which could benefit patients (mobility) and HHAs
(job satisfaction). Specifically, Danilovich et al [19] developed
and pilot-tested a mobile exercise app with HHA-patient dyads.
The mobile app presented users (eg, older patients and their
HHAs) with several exercise videos filmed by the researchers
and HHAs. These videos are downloaded onto the app so that
users can access the app without the internet. On completing
the exercises, users are prompted to update their progress on
the app. Although the researchers included HHAs as a key group
of stakeholders who could assist patients with the app, the app
was intended for patients and did not provide direct assistance
to support HHAs’ work.

Study Design and User Evaluation
Of the 9 studies, 6 (67%) presented descriptions of the proposed
technology and system. None of these studies included
evaluations of the technology or data on feedback from the
intended users, HHAs. A study discussed the development and
testing of a system prototype among home help service
personnel, nurses, and general practitioners. However, no
follow-up user evaluations or deployment data were evaluated.

Only 22% (2/9) of studies collected and reported quantitative
and qualitative data on user evaluation and deployment efforts
from the perspective of users, one of whom was HHAs. These
evaluation efforts focused on overall program satisfaction. For
example, a study by Danilovich et al [21] conducted a mixed
methods randomized controlled trial and specifically focused

on examining the effect of a technology-based exercise program
on home care aides’perceptions of job satisfaction, achievement,
and recognition. In this study, the researchers assigned 17 and
15 HHAs to the intervention and control groups, respectively.
The intervention group received resistance bands and exercise
programs in a DVD-based format for older adults to complete
on days when the HHAs did not visit. The researchers compared
preintervention and postintervention scores to assess the
effectiveness of the resistance exercise intervention. Quantitative
and qualitative assessments were conducted and evaluated using
validated instruments (ie, Job in General and Work on Present
Job scales) and blinded field observations by the researchers.

In another study by Danilovich et al [19], the authors developed
and pilot-tested a novel mobile exercise app to engage older
adults in physical activity. A total of 5 HHA-patient dyads were
recruited to participate in the study. The participants provided
quantitative and qualitative feedback via written questionnaires
and semistructured interviews. The outcomes assessed were
usability evaluations focusing on 3 domains: system usefulness,
information quality, and interface quality. The participants
provided further feedback on the functionality and aesthetics
of the mobile app.

Methods: Landscape Analysis
On the basis of paucity of results from the scoping review, we
conducted a landscape analysis of existing mobile apps that
were designed for HHAs and could potentially assist them in
their work caring for patients in the home.

Search Strategy
Two authors (EFK and JC) searched for existing mHealth apps
created for HHAs on the Google Play store (for Android apps)
and the Apple App store (for iOS apps) using a predefined set
of terms (Multimedia Appendix 3).

Screening and Data Extraction
Our inclusion criteria for mobile apps included apps that (1)
were available on the iOS Apple or Google Play stores, (2) were
primarily designed for HHAs, and (3) supported HHAs with
their work in patients’ homes. For example, we included apps
with features for documentation, communication, and training.
These are resources that HHAs may use while working directly
with patients.

Our initial search yielded 686 Android apps and 289 Apple apps
that were screened for inclusion. We created a custom-built
Python script to automatically save all the search results as a
list, which facilitated further analysis. In our first pass, we
removed apps that were clearly not relevant to HHAs (eg, patient
self-tracking apps, radio stations, or self-help books) This
yielded 175 apps: 148 Android and 27 Apple apps. For each
app, we collected the app name, ID, year released, last year
updated, number of downloads, app description, and number
of reviews. We then removed an additional 8 apps that were
duplicated in the data set (ie, had both Android and iOS
versions). A total of 167 apps underwent independent review
by 2 authors (EFK and JC), who examined each app’s
descriptions (found on the Google Play or the iOS Apple App
stores) for their intended users (eg, HHA, medical professionals

J Med Internet Res 2022 | vol. 24 | iss. 11 | e39997 | p.140https://www.jmir.org/2022/11/e39997
(page number not for citation purposes)

Kuo et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


including HHA, or nurses) and purposes (eg, connecting
providers with patients, providing task checklists, and GPS
tracking). Apps that did not make HHAs one of the primary
users were excluded.

After doing so, a total of 67 mobile apps met our inclusion
criteria for further review.

We verified the completeness of the resulting set of apps in 2
ways. (1) For each relevant app, we used search engine
optimization software (Semrush) that given the name and URL
of a relevant app, provided a list of “competitor” apps that would
be likely serve the same purpose or provide similar functionality.
We reviewed the suggested competitor apps for all
HHA-relevant apps to confirm whether they were already
present in the set of apps or assess whether they met the
inclusion criteria. (2) In addition, we used the built-in
“recommended app” features provided by both Google Play
and Apple App stores. We entered the name of each
HHA-relevant app and noted any alternative or similar apps
that were recommended by each platform. We then checked
these recommended apps to see if they were already in our data
set or assessed whether they should be included. Neither of
these processes yielded new apps that were not already present
in our data set, which increased the confidence that our search
process discovered all relevant apps.

Results

Characteristics of the Included Mobile Apps
Since we sought to study apps that assisted HHAs with their
work in a patient’s home, apps that only served HHAs before
or after their patient visit were eliminated. Through our previous

categorizations based on each mobile app’s description, we
included apps that performed at least one of the following
functions: (1) allowed HHAs to access their task checklist; (2)
allowed HHAs to document their work of the day; (3) provided
a place for HHAs to access their patient’s information; (4)
facilitated communication between an HHA and their agency;
(5) facilitated communication between an HHA and their patient;
(6) provided resources such as training courses, information,
and so on for HHAs; (7) helped with electronic visit verification;
and (8) assisted HHAs with clocking in and out. After applying
these criteria to the 67 apps, 48 (72%) remained that performed
one or more of the 8 core functions (Figure 2).

An overview of the characteristics of these 48 unique apps is
presented in Table 2 (Multimedia Appendix 4). The majority
of apps studied assisted with electronic visit verification (29/48,
60%); fewer apps provided means for communication between
HHAs and patients (4/48, 8%) and resources for HHAs (5/48,
10%). Other notable functions that apps had were clocking in
and out of shifts (23/48, 48%), documenting work performed
by the HHA (22/48, 46%), allowing access to a task checklist
for the day (19/48, 40%), facilitating communication between
the HHA and the agency (14/48, 29%), and providing patient
information (6/48, 13%). Each app may have more than one
characteristic. We further categorized the 48 apps according to
their primary purpose of monitoring HHAs, supporting HHAs,
or both. We defined a monitoring app as one that helps an
agency or employer keep track of HHAs’ tasks or their location
in the patient’s home. We defined a supporting app as one that
provides various resources or training tools for the HHA, gives
the HHA information on their patient, or assists with
communication between the HHA and their agency or patient.

Figure 2. Flow diagram for the landscape analysis of mobile health apps. HHA: home health aide.
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Table 2. Results from the landscape analysis of mobile apps.

ObjectivePrimary usersTypeYearName of the mobile appa

SupportingHome care providers (including HCWsb)Android2014Domiciliary Care Toolkit

BothHCWAndroid2014HHAeXchange

BothHCWAndroid2015Verify Centre Home Health

BothHCWAndroid2016Alora Plus

BothHCWAndroid2016Connected Home Care

MonitoringHCWAndroid2016Electronic Visit Verification

MonitoringHCWAndroid2016FreedomCare Plus

BothHome care providers (including HCWs)Android2016MedFlyt

MonitoringHCWAndroid2016PointClickCare Care at Home

SupportingHCWAndroid2017CareConnect

BothHCWAndroid2017Axxess HomeCare

MonitoringHome care providers (including HCWs)Android2017Caretap EVV

BothHCWAndroid2017DCI Mobile EVV

BothHome care providers (including HCWs)Android2017eRSP Mobile Connect

BothHCWAndroid2017FormDox EVV for Aides

MonitoringHCWAndroid2018Ally Home Care

BothHCWAndroid2018August Systems Mobile for Caregivers

MonitoringHCWAndroid2018AuthentiCare 2.0

MonitoringHCWAndroid2018ClearCareGo Caregiver

BothHome care providers (including HCWs)Android2018CliniqOS

BothHome care providers (not specific to HCWs)Android2018CrescendoConnect

SupportingHCWAndroid2018Domiciliary Care Worker Gweithiwr Gofal Cartref

BothHome care providers (including HCWs)Android2018Helpers Home Care

MonitoringHCWAndroid2018My EVV

MonitoringHCWAndroid2018MyEzcare—EVV

MonitoringHCWAndroid2018Mobile Caregiver+

BothHCWAndroid2018Honor Care Pro

MonitoringHCWiOS2018UCP Caregiver Staffing

MonitoringHCWAndroid2019BarbaraKares

MonitoringHCWAndroid2019CareTime

BothHCWAndroid2019Cashe EVV

MonitoringHCWAndroid2019KorEvv

BothHCWAndroid2019MatrixCare for Home Care

MonitoringHCWAndroid2019myHRresults—At Work

MonitoringHCWAndroid2019SwyftOps—Caregiver App

MonitoringHCWAndroid2019Vertex EVV

MonitoringHCWiOS2019HomecareGPS Mobile

MonitoringHCWiOS2019ServTracker Mobile Home Care

MonitoringHCWAndroid2020Moravia Shifts

BothHCWAndroid2020Netsmart Homecare Mobile Phone

MonitoringHCWAndroid2021BAYADA Home
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ObjectivePrimary usersTypeYearName of the mobile appa

BothHCWAndroid2021Careswitch

BothHCWAndroid—cVisit Wizard Mobile

MonitoringHCWAndroid—Best Care

MonitoringHCWAndroid—Caregiver App

SupportingHome care providers (including HCWs)Android—Caregiver Cloud Training

MonitoringHCWAndroid—Time4Care

MonitoringHCWAndroid—ViolaCare

aApps are listed in chronological order based on the year created or last updated.
bHCW: home care worker.
cMissing information.

Of the 48 apps, 25 (52%) apps focused on monitoring functions,
4 (8%) apps provided supporting functions, and 19 (40%) apps
provided both. Of the 48 apps, 34 (71%) were developed and
sponsored by software companies, 9 (19%) were developed and
sponsored by individual home care agencies, 1 (2%) by
government-partnered software companies, and 1 (2%) by
government-partnered agencies. Specific developer information
could not be found for 6% (3/48) of the apps. The apps that
were developed between the years 2014 and 2021 were from 5
countries; most apps were from the United States (41/48, 85%),
with the remainder from the United Kingdom, Ireland, Canada,
and Ethiopia. The number of downloads ranged from 5 to
>100,000, and user ratings ranged from 2 out of 5 stars to 5 out
of 5 stars.

Apps That Only Monitor HHAs in the Home
The most common feature provided by the apps was monitoring
of HHAs at home (25/48, 52%). This included monitoring

whether HHAs arrived at the patient’s home on time by logging
HHAs’work hours (16/25, 64%), keeping track of HHAs’ tasks
(11/25, 44%), reporting their real-time GPS location in the
patient’s home via electronic visit verification (17/25, 68%),
and documenting information about the patient (11/25, 44%).

For example, FormDox EVV (Figure 3), which was developed
by FormDox Technology Solution, includes features such as
electronic visit verification and documentation services. The
app focuses on assisting agencies by tracking their HHAs and
collecting data on HHA performance. It was rated 4.4 out of 5
stars by the users (Multimedia Appendix 4).

Another example is My EVV (Figure 4), which is an app that
allows HHAs to clock in and out of shifts electronically and
allows HHAs to document services provided to the patient. The
app received 3.9 stars on the Google Play store and has been
downloaded >10,000 times (Multimedia Appendix 4).

Figure 3. FormDox EVV interface.
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Figure 4. My EVV interface.

Apps That Only Support HHAs at Home as They
Provide Care
Of the 48 apps, 4 (8%) focused solely on providing support for
HHAs. Of the 4 apps, 3 (75%) them provided information or
training resources for HHAs and 1 (25%) app assisted with
communication between HHAs and their agencies. However,
none of the apps included other supporting functions, such as
assisting with communication between HHAs and their patients
or providing information about the patient to the HHA.

An example of a supporting app is the Domiciliary Care Toolkit
(Figure 5). This app was developed by the Northern Ireland
Social Care Council in partnership with care providers. It
provides guidelines for HHAs on how to conduct clinical tasks
as well as resources on how to handle patients with dementia
and delirium. The app is unique in that there are no functions
that track HHAs, and its only purpose is to serve as a reference
tool. It describes the issues an HHA may face and offers possible
solutions through patient examples.

Figure 5. Domiciliary Toolkit interface.
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Apps That Both Monitor and Support HHAs
Of the 48 apps, 19 (40%) were apps that both supported and
monitored HHAs. The 19 apps included features for keeping
track of tasks (n=8, 42%), for HHAs to use for documentation
(n=11, 58%), for electronic visit verification (n=12, 63%), for
assisting with clocking in and out (n=7, 37%), for HHAs to find
information about the patient (n=6, 32%), for facilitating
communication between the HHA and patient (n=4, 21%), for

facilitating communication between the HHA and agency (n=12,
63%), and for resources (n=1, 5%).

For example, the app MedFlyt (Figure 6) allows agencies to not
only monitor HHAs through documentation features and
reminders to clock in and out but also support HHAs with
web-based training courses and communication (eg, instant
messaging between HHA and the agency). With 2466 reviews
and 4.7 stars, the app is one of the most highly rated apps of the
48 we reviewed (Table 2).

Figure 6. MedFlyt interface.

Discussion

Main Findings
Our findings illustrate the need for increased research on
technological interventions for HHAs and the further
development of mobile technologies that support HHAs with
their work in patients’ homes. The scoping review of the
peer-reviewed literature yielded only 9 studies, and in most of
them, HHAs were not the primary intended users of the
technology. In addition, very few studies have assessed the
feasibility and effectiveness of this technology among HHAs.
The landscape analysis revealed only 4 existing apps that were
solely focused on supporting HHAs, with most apps designed
for agencies to monitor HHAs rather than assisting them with
their work. The lack of studies from the scoping review that
included data on user feedback and the dearth of research on
how mobile technologies impact HHAs’work suggests an urgent
need for research that rigorously evaluates technology-based
tools to measure their effect on HHAs’ caregiving in patients’
homes.

Research in the field of human-computer interaction has long
acknowledged the importance of actively engaging the eventual
users of technologies in their design [22], such as via
participatory or ethnographic methods that enable designers to

deeply understand the context and problems being addressed
[23-25]. Without taking the time to learn people’s current
practices and understand their perspectives, priorities, and
values, designers run the risk of building technologies that are
not appropriate or usable and fail to meet people’s true needs.
The stakes are particularly high in in-home health care, where
poorly designed technologies might have a negative impact not
only on HHAs but also on patient care.

Although prior work [26] suggested that HHAs are eager to
play an active role in the design of technologies, none of the 9
papers in our scoping review discussed engaging with HHAs
to deeply understand their needs and workflows before building
an intervention. Moreover, none of the studies presented a
long-term evaluation of the impact of the intervention on the
HHAs’ workflow or patient care. In addition, there is little
evidence to suggest that any of the final 48 apps included in our
landscape analysis have been rigorously evaluated for feasibility,
clinical trials, or user deployments (eg, none of the apps in our
search appeared in any papers in our scoping review). This
suggests that to date, the perspectives of HHAs in both the
design and evaluation of technology have been lacking.

Rather, our landscape analysis suggests that many of the existing
apps have been primarily developed with home care agencies
in mind, providing functionality that primarily serves the
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administrative needs of the agency (eg, electronic visit
verification) rather than providing on-the-job support for HHAs.
Compounding these concerns, the COVID-19 pandemic has
accelerated and amplified the use of technology in HHAs’work.
For example, home care agencies have been rapidly transitioning
to using digital tools for remote training, scheduling, and
monitoring HHAs’ work, but it remains unclear whether, or to
what extent, these technology tools meet HHAs’needs or impact
patient care [27]. However, some of the apps in our study
provide functions that support HHAs, including the ability to
obtain training, communicate with their agencies or patients,
and search for patient information. Additional efforts are needed
to understand how HHAs perceive these functions, including
how they are used in real time and what their impact is on HHA
employment attitudes (eg, job satisfaction) and self-efficacy in
providing care.

Notably, several recent reviews of mHealth apps relate to and
build on some of our main findings. A scoping review by
Vaughan et al [28] analyzed existing studies of mHealth apps
that support nurses in monitoring their patients’chronic wounds.
They found that although several wound care apps are available
for nurses to use, there is a lack of rigorous and standardized
evaluations of these apps, few clinical trials, and a paucity of
information about which apps nurses actually use in real time
[28]. A scoping review by Dauletbaev et al [29] highlighted the
increased the use of mHealth telemonitoring for patient care
since the COVID-19 pandemic, a trend we also saw in-home
health. Although both reviews highlight the importance of
technology for the health care workforce and patient care,
neither review included HHAs. Finally, a recent systematic
review by Widdison et al [30] examined the effectiveness of
randomized control trials that used mHealth apps to deliver
pelvic floor muscle training exercises to patients with urinary
incontinence. The rigor of the included studies signals a gap

with the studies in our review and where the current research
on HHAs needs to be conducted in the future.

Limitations
Our study has a few limitations. First, new studies and mobile
apps may have been published or released after we collected
data for our scoping review and landscape analysis, which may
signal an underrepresentation of existing studies and apps.
Second, mobile apps available at the time of data analysis may
have been discontinued. Finally, our study examined mobile
app descriptions on the Google Play or the Apple stores between
2019 and 2021, and our categorization of these apps depends
on the accuracy of these descriptions. Future studies should
verify publicly facing descriptions of these apps to confirm that
they accurately represent the intended use of the products.

Conclusions
Our findings suggest that despite the integral role of HHAs in
patient care and their exposure to and use of technology, few
studies of technology-based interventions designed for this
workforce exist and those that do lack rigorous evaluations. In
addition, although many apps for the workforce are in use, most
are designed from the perspective of the home care agency, not
the HHA, and serve to monitor HHAs rather than support them
in providing care to patients. Taken together, there is an urgent
need for research that centers on the needs and perspectives of
HHAs and using human-centered methods to engage HHAs in
the design of technologies that truly support their essential
caregiving work. Such approaches will also likely make HHAs
feel more included and valued in the health care system,
addressing the challenges identified in prior work. Therefore,
more rigorous evaluations of both existing and new technologies,
including clinical trials that effectively measure the impact of
the technology on both HHAs and patients for whom they care,
are warranted.
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Abstract

Background: Medicinal cannabis is increasingly being used for a variety of physical and mental health conditions. Social media
and web-based health platforms provide valuable, real-time, and cost-effective surveillance resources for gleaning insights
regarding individuals who use cannabis for medicinal purposes. This is particularly important considering that the evidence for
the optimal use of medicinal cannabis is still emerging. Despite the web-based marketing of medicinal cannabis to consumers,
currently, there is no robust regulatory framework to measure clinical health benefits or individual experiences of adverse events.
In a previous study, we conducted a systematic scoping review of studies that contained themes of the medicinal use of cannabis
and used data from social media and search engine results. This study analyzed the methodological approaches and limitations
of these studies.

Objective: We aimed to examine research approaches and study methodologies that use web-based user-generated text to study
the use of cannabis as a medicine.

Methods: We searched MEDLINE, Scopus, Web of Science, and Embase databases for primary studies in the English language
from January 1974 to April 2022. Studies were included if they aimed to understand web-based user-generated text related to
health conditions where cannabis is used as a medicine or where health was mentioned in general cannabis-related conversations.

Results: We included 42 articles in this review. In these articles, Twitter was used 3 times more than other computer-generated
sources, including Reddit, web-based forums, GoFundMe, YouTube, and Google Trends. Analytical methods included sentiment
assessment, thematic analysis (manual and automatic), social network analysis, and geographic analysis.

Conclusions: This study is the first to review techniques used by research on consumer-generated text for understanding cannabis
as a medicine. It is increasingly evident that consumer-generated data offer opportunities for a greater understanding of individual
behavior and population health outcomes. However, research using these data has some limitations that include difficulties in
establishing sample representativeness and a lack of methodological best practices. To address these limitations, deidentified
annotated data sources should be made publicly available, researchers should determine the origins of posts (organizations, bots,
power users, or ordinary individuals), and powerful analytical techniques should be used.

(J Med Internet Res 2022;24(11):e35974)   doi:10.2196/35974
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Introduction

Medicinal Cannabis Pharmacovigilance
Cannabis has been widely used for a variety of purposes,
including medicinal applications, throughout human history.
Over the last century, its use has been prohibited in Europe,
Northern America, and Australasia [1]. Since 2016, these
jurisdictions have incrementally authorized the use of medicinal
cannabis for certain conditions [2]. Given the substantial public
interest in cannabis as medicine, there is a pressing need to
better understand its safety and efficacy.

However, aside from clinical trials, there are scant data regarding
the efficacy and side effects of medicinal cannabis [3-6]. One
of the main methods for postmarketing safety surveillance of
medications is the use of established pharmacovigilance
reporting systems, which rely on reporting of adverse events
by individuals [7-9]. Cannabis users are often unaware of these
systems or the importance of reporting. They may find them
too difficult to use or may not want to divulge personal details
if these are required [10]. Users may not even think of reporting
their side effects because they consider them an inherent
experience of cannabis consumption, especially if they are not
using an approved medical cannabis product.

Increasing the understanding of the efficacy and safety of
cannabis as medicine is warranted because cannabis is a
nonstandardized product, given the wide variety in growing
conditions and production specifications [11]. This includes
variations in climate, soil (or other growth media), water, light,
and other factors that affect plant growth. Even if cannabis
medicines in a country or state must adhere to mandatory
standards (good manufacturing practice), some cannabis users
prefer to grow or import their own cannabis [12]. These factors
make the systematic assessment of the effectiveness of medical
cannabis and its side effects difficult.

Social Media as a Pharmacovigilance Data Source
To gain additional insights into cannabis use and its effects,
researchers are now turning to social media and web-based
health forums. These platforms are a place for both patients and
the general population to freely express and exchange their
experiences and thus provide a valuable additional data source
for monitoring public health [13]. Unlike other forms of highly
curated data collection methods, such as surveys or interviews,
social media provides an organic view of everyday thoughts,
behaviors, and activities of people. Therefore, social media has
the potential to provide insights beyond the boundaries of

targeted investigations, including emergent events, observations
of behavioral phenomena and subcultures, and insights for the
social sciences [14].

The information contained in social media conversations is
voluminous and not only potentially rich in content but also
complex and varied. As an unstructured raw data source,
credible information may be sparse and difficult to identify;
there may be uncertainty about the origin of the data or the
population they represent [15]. Furthermore, it is difficult to
interpret the informal language and structure of social media
posts, which are confounded by many competing sources, such
as promotional posts, hashtags, and social media bots [16,17].
Social media bots automatically create content and interact with
social media platform users [18]. A study found that between
9% and 15% of Twitter accounts are bots [19]. Notwithstanding
these limitations, if these complexities can be successfully
navigated, social media has the potential to be a great asset for
increased understanding of cannabis as a medicine.

Our previous systematic scoping review [20] used PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) guidelines [21] to understand the utility of
web-based user-generated text in providing insight into the use
of cannabis as a medicine. This paper examines the techniques,
analyses, and limitations of these studies.

The objective of this research was to provide a review of studies
that have used user-generated data in conjunction with
computational methods to understand the medicinal use of
cannabis in a population. We addressed the following research
questions (RQs):

• RQ1: What consumer-generated data sources are used for
studying cannabis?

• RQ2: What common techniques for collection and analysis
of data are used?

• RQ3: What are the common limitations and challenges
faced by the studies?

Methods

We searched for English-language studies that were indexed in
MEDLINE, Embase, Web of Science, and Scopus databases
and published between January 2010 and March 2022. Literature
database queries were developed for these 4 databases. See
Table S1 in Multimedia Appendix 1 [22-63] for the details of
search terms used and Multimedia Appendix 1 Table S2 for the
inclusion and exclusion criteria of the selected articles. A
summary of the PRISMA flowchart is shown in Figure 1 [20].
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart of the study selection process [20].

Results

Overview
Table 1 provides a summary of each article that includes author
names, publication year, data source, and duration of data
collection, analysis, and number of items analyzed.

The year with the highest number of publications was 2020
(11/42, 26%), followed by 2017 and 2021 (6/40, 14%). Of the

42 studies, 6 (12%) were conducted in 2015 and 2019. The
number of publications per year is shown in Table 2.

Regarding data sources, Twitter was used in 40% (17/42) of
the reviewed studies, around 3 times the number of studies using
either Reddit or web-based forums 14% (6/42). GoFundMe,
YouTube, and Google Trends comprised 7% (3/42) of the total.
Text was the focus of 83% (35/42) of the studies, whereas the
others analyzed trends, videos, search logs, and images. Table
3 shows the distribution of the publications selected per data
source.
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Table 1. Articles included in the review.

Number of items ana-
lyzed

AnalysisSource (duration)Study

3785 itemsWeb-based forums,
Facebook, Twitter, and
YouTube (not available)

McGregor et al
[22], 2014

• Thematic and content analysis of glaucoma-related posts on the fol-
lowing:
• Analysis of the nature of the post (personal stories, information

sharing or flagging, supportive comments, questions, answers,
and general discussions)

• Sentiment analysis (positive or negative)

7000 tweetsTwitter (February to
March 2014)

Cavazos-Rehg et al
[23], 2015

• Cannabis-related chatter by influential users on the following:
• Sentiment analysis by using the Likert scale
• Thematic analysis of tweets
• Demographic analysis

125,255 tweets (27,018
geolocated tweets)

Twitter (October to De-
cember 2014)

Daniulaityte et al
[24], 2015

• US dab-related tweets:
• Counting and normalizing based on cannabis legalization policy

200 most viewed videosYouTube (June 4-8,
2014)

Gonzalez-Estrada
et al [25], 2015

• Content analysis of asthma-related videos on the following:
• Source: professional society, media, asthma care provider, etc
• Content: personal experience, medical professional, advertise-

ment, patient education, alternative treatment, or to increase
awareness

• Quality scoring of misleading and useful info
• Video characteristics or video statistics

116 videosYouTube (January 22,
2015)

Krauss et al [26],
2015

• Analysis of dabbing-related videos on the following:
• Characteristics of the people dabbing (age and skills)
• Characteristics of the session
• Messages included in the videos

36,939 original tweets
and 10,000 retweets

Twitter (March 2012 to
July 2013)

Thompson et al
[27], 2015

• Content analysis of cannabis-related tweets and retweets on the fol-
lowing:
• Adolescence users (age, inferred from the user profile)
• Sentiment (positive, negative, or unclear)
• Subject (self, other, general, or subject unclear)
• Use category (own use, use by others, or not mentioned)
• Related behaviors (habitual use, social aspect, etc)
• Positive aspects (better than other drugs and medical use)

5000 tweetsTwitter (January 2015)Cavazos-Rehg et al
[28], 2016

• Dabbing-related tweets:
• Thematic analysis of tweets to 7 themes
• Subanalysis of 1 theme (extreme effects) into physiological or

psychological effects
• Geotagged tweets analysis for number per state
• Demographic analysis

3000 tweetsTwitter (May to July
2015)

Lamy et al [29],
2016

• Content analysis of cannabis edible-related conversations:
• Tweet sources (media, retail, or users)
• Sentiment analysis (positive, negative, or neutral)
• Word frequency analysis
• Geotagging (policy impact on the volume of tweets)

268 threadsWeb-based forums (Octo-
ber 2014)

Mitchell et al [30],
2016

• Thematic analysis of ADHDa and cannabis web-based forum posts
on the following:
• Impact of cannabis on ADHD symptoms (therapeutic, harmful,

both, and none)
• Other domains (mood, psychiatric conditions, and other [sleep])
• Comments about cannabis as medicinal (more effective than

other ADHD medications, less effective, or not legal)
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Number of items ana-
lyzed

AnalysisSource (duration)Study

32 topics• Thematic analysis of conversations on headache-related postsWeb-based forums (April
18-19, 2016)

Andersson et al
[31], 2017

66,000 cannabis-related
and 31,184 geolocated
tweets

• Naive Bayes classifier on PTSDb and cannabis-related tweets:
• Sentiment analysis
• Analysis of prevalence of support of cannabis use for PTSD in

association with state level legislation and socioeconomic factors

Twitter (August 2015 to
April 2016)

Dai and Hao [32],
2017

717 posts• Content analysis of cannabis help forums on the following:
• Fields of interest (illness-related, social, financial, and legal is-

sues)
• Self-help mechanisms (exchange of information, emotional

support, group support)
• Analysis of sex and age when available
• Highly involved vs moderately involved users

Web-based forums
(November 2014 to
March 2015)

Greiner et al [33],
2017

40,509 geolocated tweets• Supervised and unsupervised machine learning techniques of
cannabis-related tweets:
• Binary classification to identify marijuana-related tweet
• Topic modeling
• User social network analysis
• Spatiotemporal analysis of conversations

Twitter (August 2015 to
April 2016)

Turner and Kan-
tardzic [34], 2017

468,000 posts• Topic modeling of Cancer Survivors Network:
• Analyze smoking or cessation-related content
• Analysis to determine the overall context in which these discus-

sions occurred

Web-based forums (Jan-
uary 2000 to December
2013)

Westmaas et al
[35], 2017

Not available• Statistical analysis of cannabis-related query logsBing logs (November
2016 to April 2017)

Yom Tov and Lev
Ran [36], 2017

83 videos• Cannabis review web-based videos:
• Sentiment analysis
• Physical or mental effects; is it promotional, encourage follow-

up; depiction of consumption; video details and engagement
statistics

• Current users survey (demographics, reason for use, and use of
reviews)

YouTube (June 10-11,
2015)

Cavazos-Rehg et al
[37], 2018

73,235 tweets• Statistical analysis on opioid-related tweets:
• Clustering algorithm to find topics
• Analysis of trending hashtags, top influencers, and location of

tweets

Twitter (August to Octo-
ber 2016)

Glowacki et al
[38], 2018

400,000 posts• Analysis of modes of cannabis use mentions on Twitter on the follow-
ing:
• Most frequent words
• Mentions of adverse effects
• Subjective highness

Reddit (January 2010 to
December 2016)

Meacham et al
[39], 2018

Not available• Analysis on CBDc and cannabidiol terms to evaluate public interestGoogle Trends (January
2004 to April 2019)

Leas et al [40],
2019

193 questions• Content analysis of dabbing-related questions on the following:
• Topics of questions
• After engagement and the types and sentiment of information

Reddit (January 2017 to
December 2019)

Meacham et al
[41], 2019

20,609 tweets• Analysis of opioid-dependent user’s tweets:
• Thematic analysis of conversations
• Demographic analysis

Twitter (January 2015 to
February 2019)

Nasralah et al [42],
2019

J Med Internet Res 2022 | vol. 24 | iss. 11 | e35974 | p.153https://www.jmir.org/2022/11/e35974
(page number not for citation purposes)

Khademi Habibabadi et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Number of items ana-
lyzed

AnalysisSource (duration)Study

Pérez-Pérez et al
[43], 2019

24,634 tweets• Lexicon- and rule-based analysis of bowel disease tweets on senti-
ments, network, gender, geolocation, symptoms, and food

Twitter (February to Au-
gust 2018)

Not available• Google Trends analysis on cancer therapies to evaluate interest in
cannabis vs other therapies

Google Trends and Buz-
zsumo (January 2011 to
July 2018)

Shi et al [44], 2019

60,861 nonbot and 8874
bot tweets

• Topic analysis of cannabis-related tweetsTwitter (May to Decem-
ber 2018)

Allem et al [45],
2020

4,027,172 documents or
blogs

• Topic modeling on vaping-related conversations:
• Analysis of word prevalence
• Analysis of change of topics over time

Blogs, news, forums, and
<1% other (August 2019
to April 2021)

Janmohamed et al
[46], 2020

51 Google websites, 126
Facebook posts, and 37
YouTube videos

• Content analysis of glaucoma and CBD posts on the following:
• General discussion, information sharing, personal story, question,

answer, and moderator comment
• Quality of information
• Source of information being professional or not and whether an

opinion on glaucoma and medical cannabis use was expressed
• Analysis of professional accounts

Google, Facebook, and
YouTube (September
2019)

Jia et al [47], 2020

104,917 posts• Content analysis of reasons for CBD use:
• Reasons for personal use (condition and wellness)
• Analysis based on categorized diagnosable conditions

Reddit (January 2014 to
August 2019)

Leas et al [48],
2020

1280 pins• Content analysis of CBD and cannabidiol posts on the following:
• Mentions of mental and physical benefits
• Emotional appeal analysis
• Engagement statistics

Pinterest (July 31, Au-
gust 18, and September
1, 2018)

Merten et al [49],
2020

941 tweets• Analysis of Ireland pain-related tweets on:
• Topic analysis: sentiment analysis, analysis of most frequently

occurring keywords, demographic analysis, and personal use
analysis

Twitter (June to July
2017)

Mullins et al [50],
2020

Not available• Google Trends analysis on autism and cannabis to analyze trends in
search volume about the causes and treatments of Autism spectrum
disorder over time

Google Trends (January
2004 to December 2019)

Saposnik and Hu-
ber [51], 2020

1474 campaigns• Content analysis of alternative medicine and cancer campaigns on
the following:
• Themes of patient narratives
• Types of alternative treatments used
• Demographics (gender, cancer type, cancer stage, insurance

status, past treatment, future treatment, and alternative treatment)

GoFundMe (January
2012 to December 2019)

Song et al [52],
2020

64,099 Reddit and 3832
FDA comments

• Content analysis on CBD posts for therapeutic effects and popular

modes of consumption compared with FDAd comments

Reddit and or FDA com-
ments (January to April
2019)

Tran and Kavuluru
[53], 2020

1,200,127 tweets• Cannabis-related US and Canada posts:
• Topic modeling
• Sentiment analysis based on cannabis legalization policies

Twitter (January 2017 to
June 2019)

van Draanen et al
[54], 2020

155 campaigns• Thematic analysis of cancer and cannabis campaigns:
• Efficacy claims
• Treatment regimen classification
• CBD efficacy presentation
• Content analysis for Other: cancer stage, raised money, and

number of donors

GoFundMe (January
2017 to March 2019)

Zenone et al [55],
2020
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Number of items ana-
lyzed

AnalysisSource (duration)Study

Pang et al [56],
2021

17,238 tweets• Thematic analysis of pregnancy- and cannabis-related tweets for
safety during pregnancy, safety postpartum, and pregnancy-related
symptoms

Twitter (December 2019
to December 2020)

974 posts• Thematic analysis of veteran’s cannabis posts on the following:
• Point of view, reasons for use, prescription drug use, or other

substance use
• Test, legality, legal policy, and doctor-patient conversation

Reddit (January 2008 to
December 2018)

Rhidenour et al
[57], 2021

7694 posts• Thematic analysis of traumatic brachial plexus injury posts on: antio-
pioid sentiment, preference for alternative options, and antigabapentin
sentiment

Facebook (November
2018 to November 2019)

Smolev et al [58],
2021

2,200,000 tweets• Analysis of CBD marketing tweets and therapeutic claimsTwitter (July 2019)Soleymanpour et al
[59], 2021

164 campaigns• Thematic analysis for informational pathways: self-directed research,
recommendations from a trusted care provider, and insights shared
by someone associated with or influencing the crowd funders personal
network

• Content analysis for intended outcome, social media shares, number
of donors, total requested, and total received

GoFundMe (June 2017
to May 2019)

Zenone et al [60],
2021

167,755 personal
143,322 commercial
tweets

• Analysis of personal and commercial CBD-related tweets; term and
sentiment analysis

Twitter (October 2019 to
January 2020)

Turner et al [62]
2021

353,353 tweets• Analysis of cannabis-related conversation for health-related motiva-
tions or perceived adverse health effects

Twitter (January to
September 2020)

Allem et al [61],
2022

908 posts from opioid re-
covery subreddits and
4224 posts from opioid
use subreddits

• Analysis of cannabis-related posts from an opioid use and an opioid
recovery subreddit

Reddit (December 2015
to August 2019)

Meacham et al [63]
2022

aADHD: attention-deficit hyperactivity disorder.
bPTSD: posttraumatic stress disorder.
cCBD: cannabidiol.
dFDA: Food and Drug Administration.

Table 2. Publications per year (n=42).

Count, n (%)Year

1 (2)2014

5 (12)2015

3 (7)2016

6 (14)2017

3 (7)2018

5 (12)2019

11 (26)2020

6 (14)2021

2 (5)2022
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Table 3. Publications per data source (n=42).

Count, n (%)Source

17 (41)Twitter

6 (14)Reddit

6 (14)Web-based forums

3 (7)GoFundMe

3 (7)YouTube

3 (7)Google Trends

1 (2)Google, Facebook, and YouTube

1 (2)Bing Search Engine

1 (2)Facebook

1 (2)Pinterest

Social Media Data Collection Strategies
Some studies obtained all their associated data from a specific
subreddit [48,53,57] or a web-based forum [35] and
subsequently sampled the data. Of 42 studies, 1 (2%) Twitter
study collected tweets using a geolocation boundary box and
then filtered the data for cannabis-related keywords [54].

Keyword-based filtering was used by many studies. Terms used
for filtering were either common expressions for cannabis from
dictionaries, such as Urban Dictionary, or were based on similar
research in this domain. Of the 42 studies,1 (2%) study [36]
used Urban Dictionary and web forums to create a
comprehensive list of 123 terms related to cannabis
consumption. Another study [57] first found all the terms related
to marijuana by searching on Thesaurus.com and then used the
word embedding likeness perusal software [64] to generate
synonyms.

In a nonmedical cannabis-related study, word embeddings
created from Twitter and Reddit data sets discovered synonyms
and slang terms that could not be identified using other means.
The study recommends this method of synonym discovery in
advance for any data collection based on keyword filtering [65].

Of the 42 studies, 3 (7%) studies were user focused, with data
derived from specific highly influential users [23],
opioid-dependent users [42], or a US veteran-specific subreddit
[57].

The largest data set manually annotated by the researchers was
collected using cannabis-related keywords and consisted of
36,939 original tweets and 10,000 retweets [27]. Apart from
that study, the average size of annotated data sets was
approximately 1450 records. Of the 42 studies, 2 (5%) studies
[23,28] used crowdsourcing services to annotate tweets, whereas
the rest conducted in-house annotation. The duration of data
collection ranged from 1 month to 6 years. Of the 42 studies, 2
(5%) of these studies made their annotated data available to
other researchers [30,60].

Types of Analysis

Overview
The studies included in this review used a variety of analytical
methods, including qualitative analysis, quantitative content
analysis, machine learning, rule-based, and statistical analysis.
The types of analysis include sentiment assessment, thematic
analysis, content analysis, named entity recognition, social
networks, and geographic analysis. Table S3 in Multimedia
Appendix 1 summarizes the analyses.

Discovering Themes
Themes were identified in 62% (26/42) of the studies. Manual
coding of the themes was performed by 69% (18/26) of the
studies, either by using pre-existing categories or by observing
a sample of the data and generating a codebook
[22,23,25,26,28,30,31,37,41,47-49,52,55-58,60]. Of the 26
studies, 2 (7%) studies used the services of social media data
analytics companies [42,50].

Of the 26 studies, 4 (15%) studies used topic modeling to infer
themes or topics [34,35,46,54]. The algorithm of choice for this
task is the latent Dirichlet allocation [66]. The choice of the
number of topics was based on intrinsic evaluation metrics (eg,
coherence and perplexity) and iterative qualitative analysis
informed by prior experience with topic models. Of the 26
studies, 1 (4%) study used temporal topic modeling techniques
to study changes in topics over time, with the goal of analyzing
how web-based vaping narratives changed during the COVID-19
pandemic [46].

Of the 26 studies, 1 (4%) study identified themes by using
rule-based methods. Frequency counts of the most common
unigrams and bigrams were generated and formed the basis of
the topics [45]. Another study used SAS Text Miner software,
a text-topic node algorithm, to discover topics [38].

Demographic Analysis
Socioeconomic and demographic analyses of the study
population were performed in 26% (11/42) of the studies. Of
the 11 studies, 2 (27%) studies used the provided gender, age,
and other user characteristics from user profiles or inferred from
posts by users [33,52]. Of the 11 studies, 2 (27%) video-based
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studies used the perceived age and gender of the subjects after
observing the videos [25,26].

Of the 11 studies, 2 (18%) studies that used social media
analytics providers obtained age and gender data by using the
supplied analysis [42,50]. Of the 11 studies, 2 (18%) of the
Twitter-based studies used a commercial tool called
DemographicsPro, which uses proprietary algorithms to infer
user demographic characteristics [23,28]. Other studies used
existing census data [32], demographic information obtained
from survey data [37], and a 2-step method based on a
gender-name lexicon and a face recognition algorithm applied
to users’ profile information to identify the users’ gender [43].

Geographic Analysis
Geolocation data analysis was performed in 40% (17/42) of the
studies. User profiles or message metadata were used in 52%
(9/17) of the studies [24,29,32,34,36,43,54,55,60]. Of the 17
studies, 2 (12%) studies used information provided by social
media analytics companies [38,50]. The DemographicsPro tool
was used in 5% (1/17) of studies [28]. Of the 17 studies, 3 (17%)
studies used location information provided by Google Trends
[40,44,51]. Another (1/17, 5%) study collected geographical
information from survey data [37]. Of the 17 studies,1 (5%)
video-based study used the geographic location of video
channels [26].

Sentiment Assessment
An individual’s perception of a topic can be characterized as
having a positive, negative, or neutral sentiment. The analysis
of these sentiments is often performed using automated language
tools and is named “sentiment analysis” [67].

Out of the 12 studies that performed sentiment analysis, 5 (42%)
used automated methods. Of the 12 studies, 1 (8%) study trained
a binary Naive Bayes classifier on a sample of 1000 “marijuana”
related tweets to classify posts into 2 opinion polarities, positive
and negative or neutral [32]. Another study used sentiment
analysis provided by a social media analytics company [50].
Of the 12 studies, 3 (25%) studies used Valence Aware
Dictionary and Sentiment Reasoner (VADER) [68], a lexicon
and rule-based sentiment analysis tool [43,54,62]. The VADER
performance was compared with in-house machine learning
classifiers trained on 3000 manually coded cannabis-related
tweets, which showed a 30% performance improvement over
VADER. Although VADER is widely used for general tweet
sentiment analysis, its performance suffers in
substance-use-related domains where negative words are often
used to carry positive sentiments. For example, “I took CBD
oil, that stuff was bad” [69]—in this sentence, “bad” actually
means good.

User Analysis
For conducting user analysis, 57% (24/42) of the studies
examined either the subject of the posts, as from individuals or
others (ie, from self, retail, media, or professionals), or who the
post was about (self, others, or general)
[22,23,25-29,33,37,41-43,45,47-50,52,55,57,58,60-62].

When manual data labeling was performed, the determination
of both the poster and subject of the post was part of the labeling

process. Self-reporting and self-use were easily determined by
observation of videos, as were most texts based on the structure
of the language. For example, a study [27] first identified
whether the subject of the tweet was about the self, other, or
general and then identified whether the tweets were about actual
cannabis use. This study included further categories of tone,
related behavior, perceived impact, and social context.
Automated labeling approaches look for phrases that indicate
self-reporting. For example, a study on opioid addiction [42]
looked for phrases such as “I am addicted” and “I have been
addicted” in the context of opioid mentions. Classifiers were
used in another study [59] to separate marketing tweets from
nonmarketing tweets; however, their focus was on marketing
tweets.

None of the studies used advanced natural language processing
techniques to establish subjects and personal mentions. Social
media bots are automated accounts that generate artificial
activities on social media platforms [18]. Bot detection was
used in only 4% (1/24) of studies, which used Twitter as a data
source [45].

Other Analyses
Of the 42 studies, 2 (5%) studies examined the social networks
of contributors to conversations. This allowed the identification
of target communities and user interactions [34,43]. Of the 42
studies, 3 (7%) studies examined the impact of governmental
cannabis legalization policies on the sentiments and opinions
of people or on the volume of social media posts [24,28,54].
Term frequency and count analysis of words and phrases was
performed in 12% (5/42) of studies [29,39,50,62,63].

Ethical Considerations
Institutional review boards (or their equivalents) ensured that
research using human participants is conducted in an ethical
manner [70]. Approval for and overseeing of a study by an
institutional review board ensures that researchers adopt an
ethically appropriate research protocol that respects the rights
and interests of social media users; 62% (26/42) of the studies
mentioned an ethics approval review being sought or the study
being exempt from ethics requirements. There was no mention
of ethics approval in 38% (16/42) of the studies.

External Validity
The use of standard reporting systems, such as the US Food and
Drug Administration reports, helps to assess whether social
media research findings can be generalized to real-world data.
When a suitable ground-truth data set is not available, validating
results against >1 social media platform improves the
generalizability and validity of the results. Only a few studies
used >1 social media data source or validated their findings
against other data sources. Of the 42 studies, 2 (5%) studies
used Food and Drug Administration data as an external
ground-truth data source to validate their results [36,53]. Of the
42 studies, 1 (2%) study analyzed several web-based forums
[31], and 2 (5%) other studies used several social media
platforms as their data sources [22,47].
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Discussion

In this study, we reviewed the technical aspects of peer-reviewed
published works that used social media and other forms of
user-generated data to understand the medicinal use of cannabis.
All the studies concluded that these consumer-generated data
sources are useful and provide a complementary resource for
studying cannabis and medical conditions for which cannabis
is used.

Principal Findings
The findings of this study are presented by answering the RQs.

RQ1: What Consumer-Generated Data Sources Are Used
for Studying Cannabis?
Sources of consumer-generated data for cannabis research used
by the reviewed studies include social media platforms, such
as Twitter, Reddit, and YouTube; search queries, including
Google Trend and Bing query logs; and web-based forums,
crowdfunding platforms, blogs, and websites. Twitter was used
in most of the studies. One of the studies concluded that,
compared with unmoderated platforms, moderated sites focused
more on evidence-based information and controlled misleading
content [22].

RQ2: What Common Techniques for Collection and
Analysis of Data Are Used?
Some studies have used social media analytics companies for
some or all of their data collection and processing tasks. Other
studies used application program interfaces to interact with
Twitter and Reddit. Although Facebook allows researchers to
access public posts from public pages through a dedicated
platform [71], 2% (1/42) of studies [58] analyzed private
Facebook posts—the method used to obtain data was not
reported.

Approximately half of the studies used data sets of <8000
records and many of them used 1000 records. These studies
either focused on understanding the characteristics and needs
of users or the quality of information on the web, or they were
directed by an RQ such as “Are individuals using CBD for
diagnoseable conditions which have evidence-based therapies?”
These analyses play a critical role in understanding the domain
but are difficult to replicate and generalize.

More recent neural network–based natural language processing
techniques have not been used in the studies in this review.
These modern machine learning methods have the advantage
that they require minimal data preparation and are characterized
by the capacity to learn the nuance of language. However, to
function effectively, they typically require high-quality
annotated data—a scarce and expensive resource. Textual social
media data are highly amenable to these techniques. Creating
and sharing deidentified annotated data sets for this purpose
should be encouraged within appropriate ethical, regulatory,
and legal frameworks [72].

RQ3: What Are the Common Limitations and Challenges
Faced by the Studies?
These limitations are mentioned in order of frequency.

Sample Representativeness

Most research on social media uses samples of available data.
However, the extent to which the data samples are representative
of the general population is often unclear. The limiting factors
mentioned in these studies include sampling bias that is
introduced as a result of the choice of keywords, data collection
duration, and population biases.

Population biases often refer to the demographic composition
of people using social media platforms being different from the
general population and the difficulties in determining the
demographic characteristics of users. Accessing accurate
geographical locations has also been mentioned in previous
studies. Obtaining these data is limited because even when users
explicitly include demographic information (eg, with Facebook)
or geographical information in their posts or profiles, these may
be fabricated.

The choice of platform itself also imposes limitations. For
instance, platform-specific features, such as sampling strategies,
limit the amount of data that can be collected and the behavior
and conversation of users depending on the platform or context.
Of the 42 studies,1 (2%) study mentioned that the forums they
investigated could be very procannabis and are likely inhabited
by more experienced cannabis users [41]. Another study stated
that individuals posting on YouTube about cannabis are likely
to seek social networking opportunities [37].

Complications also arise because platform-specific algorithms
spot and further promote popular themes and users to
deliberately manage behavior and attract more platform
engagement. This needs to be ameliorated by detecting and
accounting for the algorithms and potentially by sampling from
>1 platform.

Methodology Constraints

The use of small data sets by some of the studies impacts the
generalizability of the results, and some of the researchers
acknowledged this and indicated a plan to replicate their studies
with more data and the use of automated methods. Consequently,
we observed that although such studies may be sampling social
media data for hypothesis generation, they do not leverage one
of the most important features of social media data, which is
the ability to observe the continuous generation of big data to
create long-term data-centric insights [73].

Biases that could have been introduced by the choice of theme
were also mentioned in the studies. Most researchers have
attempted to mitigate this by creating annotation guidelines,
having >1 person labeling data, and resolving disagreements.

Actual Use Detection

A limitation mentioned by several studies is that web-based
search activities and social media posts containing
cannabis-related keywords do not necessarily represent the
actual use of cannabis by the poster. Depending on the context
and goals of the research (for instance, if the research seeks to
study a cannabis-consuming population), advanced text
processing techniques are required to establish when personal
cannabis use can be inferred. For such studies, establishing its
use should be a crucial initial step. However, the detection of

J Med Internet Res 2022 | vol. 24 | iss. 11 | e35974 | p.158https://www.jmir.org/2022/11/e35974
(page number not for citation purposes)

Khademi Habibabadi et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


personal use is challenging, especially in the informal, diverse,
and specialized language used by niche communities.

Source Identification

Identifying the source of posts (ie, whether they were generated
organically by individual users or by organizations or bots) was
a commonly mentioned limitation. Content generated by health
and commercial organizations, power users, and nonindividual
accounts was understood to comprise a considerable amount of
social media post volume on the web.

Limitations
This review used 4 literature databases in the search process to
allow the maximum coverage of existing publications. However,
we cannot be certain that we have covered all relevant
publications. The choice of keywords for the literature search
could also have impacted capturing all the relevant studies in
this domain, for instance, infodemiology and infoveillance were
not in the keywords. Articles included in this study were selected
following a systematic approach and underwent a bias
assessment for quality; however, biases could not be completely
avoided. This study was also limited to English-language
articles.

Conclusions
The number of studies in this field has steadily increased over
the last few years. Social media conversations are wide ranging

and offer opportunities for insights that cannot be obtained
through formal information gathering. Researchers have realized
the value of social media conversations as a place for users to
freely express their experiences and concerns without risking
judgment or penalty and that social media is the natural forum
for many users of cannabis as medicine to share their insights
into the benefits and issues they experience and perceive.

Manual qualitative analysis, statistical analysis, supervised and
unsupervised machine learning, and rule-based methods are
among methodologies used in these studies. Analyses of social
media data that are limited to small data samples, although
providing an effective means of hypothesis generation, are
difficult to reliably reproduce and generalize. Where possible,
the sharing of high-quality deidentified annotated data to allow
the use of generalizable analytical techniques should be
encouraged to advance this field.

To improve their validity and generalizability, studies could
add additional social media data sources and check their results
against established reporting systems. Studies could take
advantage of emerging data analysis strategies that leverage big
data, such as deep learning and transfer-learning-based
approaches.
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Abstract

Background: Smoking remains a highly significant preventable global public health problem. In this context, digital interventions
offer great advantages in terms of a lack of biological side effects, possibility of automatic delivery, and consequent human
resource savings relative to traditional interventions. Such interventions have been studied in randomized controlled trials (RCTs)
but have not been systematically reviewed with the inclusion of text-based and multiplatform-based interventions. In addition,
this area has not been evaluated from the perspective of the psychological theoretical basis of intervention.

Objective: The aim of this paper is to assess the efficiency of digital interventions in RCT studies of smoking cessation and to
evaluate the effectiveness of the strategies used for digital interventions.

Methods: An electronic search of RCTs was conducted using PubMed, Embase, and the Cochrane Library by June 30, 2021.
Eligible studies had to compare automated digital intervention (ADI) to the use of a self-help guideline or no intervention.
Participants were current smokers (aged 16 years or older). As the main outcome, abstinence after endpoint was extracted from
the studies. Systematic review and meta-analysis were conducted to assess the efficiency of ADIs. Metaregressions were conducted
to assess the relationship between intervention theory and effectiveness.

Results: A total of 19 trials (15,472 participants) were included in the analysis. The overall abstinence rate (95% CI) at the
endpoint was 17.8% (17.0-18.7). The overall risk ratio of the intervention group compared to the controls at the endpoint was
17.8% (17.0-18.7). Cochrane risk-of-bias tool for randomized trials (ROB 2) suggested that most of the studies had a low risk of
bias (56.3%). Psychological theory–related constructs or predictors, which refer to other theory-based concepts (rather than only
behavioral theory) such as craving or anxiety, are associated with effectiveness.

Conclusions: This study found that ADI had a clear positive effect compared to self-help guidelines or to no intervention, and
effectiveness was associated with theory-related constructs or predictors. ADIs should be promoted by policy makers and clinical
practitioners to address the huge gap between the need for smoking cessation and availability of traditional treatment resources.
Possible increases in ADI efficiency may be achieved by optimally integrating psychotherapeutic theories and techniques.

Trial Registration: PROSPERO CRD42021256593; https://www.crd.york.ac.uk/prospero/display_record.php?RecordID=256593

(J Med Internet Res 2022;24(11):e38206)   doi:10.2196/38206
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Introduction

Background
Smoking tobacco is the leading risk factor for noncommunicable
diseases and the leading cause of substance-attributable mortality
rates and disability-adjusted life years [1,2].

Most smokers use tobacco products constantly or relapse after
quitting due to nicotine addiction. Therapies for smoking
cessation include pharmacological agents and psychosocial
approaches [3]. Pharmacotherapy is recommended for short-term
use [4]. Food and Drug Administration–approved first-line
medications include nicotine replacement therapy (NRT),
bupropion, and varenicline [5], which generally result in higher
quit rates than placebo [6]. Side effects of these medications,
including nausea, vomiting, and neuropsychiatric symptoms,
often limit use of such medication treatment for many general
smokers [7,8]. Counseling and behavioral therapies are also
effective in smoking cessation [9,10]. Compared to
pharmacotherapy, counseling and behavioral therapies may
enhance patients’ motivation and provide education on general
and specific strategies for smoking cessation and encouragement
[5]. The shortage of trained counselors remains a barrier not
only for general availability but also effectiveness of
nonmedication interventions. Current inadequacies in
availability of professional human resources, inequities in
primary care, overwhelming serious cases in hospitals,
unsatisfactory accessibility, poor cost-effectiveness issues, and
lack of compliance restrict the efficiency of smoking cessation
interventions and result in numerous untreated or relapsed
smokers [3,11]. Such evidence indicates a pressing need for
more cost-effective interventions.

With the progress of mobile and digital technologies, mobile
health management and digital therapeutics present good
prospects for managing chronic health conditions [12-14],
especially in low- and middle-income countries (LMIC) [15];
this is because they have the advantages of having fewer side
effects than pharmacotherapy, less need for trained human
resources than counseling and behavioral therapies because of
the possibility of automatic delivery, more individualized
interventions, as well as great accessibility and portability, which
may result in higher cost-effectiveness [11,12,16,17]. Such
technologies are, therefore, potentially effective strategies for
improving health delivery, especially in LMIC, where the lack
of capacity in professional human and related resources is
prominent [10]. Recent studies report positive indications that
automated digital interventions (ADIs) are well accepted and
may benefit smokers in LMICs [13,14], although the number
of studies focusing on effectiveness was fewer than those
investigating acceptability and feasibility of ADIs in LMICs
[15,18,19]. For intervention content, earlier digital interventions
provided text interventions (text-based), while
multiplatform-based interventions, which provided diverse tools
for interventions such as serious games and virtual reality, have

been developed and studied more recently. Evidence indicates
that mobile health management and digital interventions could
be effective in many chronic conditions, including hypertension
[20,21], diabetes [22,23], and mental illness [24,25]. Digital
interventions may also be promising treatments for substance
use disorders other than tobacco smoking, in relation to
narrowing the enormous gap between the growing need and
lack of professional human resources [26-28]. More than 30
clinical trials examining effectiveness of digital smoking
cessation interventions have been conducted. A systemic review
focused on text-based interventions has documented promising
results [29] but did not provide analysis for ADIs. Neither
systematic reviews nor meta-analyses are available that evaluate
text-based and multiplatform-based interventions, although the
latter are anticipated to be more acceptable to patients.

Theoretical Basis of Interventions
Effectiveness of digital interventions could be influenced by
many aspects including psychological behavioral theories, which
are often used to develop content of messages used for a
respective intervention [30], environment [31], and strategies
of implementation [32]. Many retrospective studies found that
applying theories more appropriately could improve
effectiveness through the implementation of theory-based
interventions [33-35]. Interventions guided by different theories
could result in different effectiveness. For example, regarding
health-related behavior, it is reported that interventions based
on the theory of planned behavior tended to have substantially
greater effects than other theories such as the transtheoretical
model or the elaboration likelihood model [36]. The theory
coding scheme (TCS) is a tool for describing the theoretical
basis of interventions [37] and is widely used in meta-analyses
[31,36,38] for evaluating theory use. The TCS has different
items and categories describing relevant theoretical constructs.
The importance of the association between theoretical basis and
intervention effectiveness for smoking cessation has not yet
been assessed, although some reviews that focused on other
disorders or conditions demonstrated diverse evidence for the
relationship of intervention effectiveness to intervention theory
with both positive [36,38] and null [30,39] associations.

Objective
To enhance smoking cessation interventions with ADIs, this
systemic review plus meta-analysis aimed to assess the
efficiency of automated digital interventions in randomized
controlled trial (RCT) studies and to evaluate the association
between intervention effectiveness and how the intervention
strategy is based on theory.

Methods

Data Sources and Search
Through a broad search of databases, including PubMed,
Embase, CNKI, and Cochrane Library, we identified relevant
studies using the PRISMA (Preferred Reporting Items for

J Med Internet Res 2022 | vol. 24 | iss. 11 | e38206 | p.165https://www.jmir.org/2022/11/e38206
(page number not for citation purposes)

Sha et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Systematic Reviews and Meta-Analyses) guidelines [40]. We
also checked the reference lists of the included studies and
relevant reviews for study selection. The search strategy
combined terms related to digital intervention (ie, mobile health)
and tobacco smoking cessation (ie, nicotine addiction). For the
full search strategy, see Supporting Information 1 in Multimedia
Appendix 1.

Inclusion and Exclusion Criteria and Quality
Assessment
We included studies with the following criteria: (1) RCT; (2)
study with participants aged >16 years and current tobacco
smokers; (3) intervention automatedly delivered via a digital
method and targeted smoking cessation; (4) abstinence
assessment during the whole follow-up period of at least 3
months; (5) self-help guidelines or no intervention in control
group; and (6) studies reported in English or Chinese. To focus
on smoking cessation solely, study participants with other mental
diseases are excluded from this analysis. Moreover, interventions
that include financial incentives (which could limit the
generalization of ADIs) and studies with rate of loss to follow-up
over 60% are excluded from the analysis. No exclusion was
made for duration of intervention, intervention frequency, study
region study sample, or the content of the delivery or frequency
of the messages.

Two authors independently reviewed the studies using the
inclusion and exclusion criteria. The title and abstract of each
study were screened initially, followed by full-text analysis if
the title and abstract were consistent with the inclusion and
exclusion criteria. Disagreement on evaluation for inclusion
was resolved by discussion of the authors, and if necessary, a
third reviewer was included in the discussion to reach consensus.

For quality assessment, we used the Cochrane risk of bias tool
(Cochrane ROB 2) [41], which is a commonly used tool to
access bias for clinical trials. The randomization process,
deviations from intended interventions, missing outcome data,
measurement of the outcome, and selection of the reported result
were assessed to obtain an estimate of overall bias.

Data Extraction and Effect Size Calculation
We extracted follow-up data at the endpoint (abstinence during
the whole follow-up period) as the main outcome for efficiency
assessment and follow-up data at 3 months and 6 months (if
available) as secondary outcomes. We also extracted author,
publication year, study region, sample size, control type,
intervention type, and intervention duration of all included
articles as baseline information (Table 1). As key components
of digital intervention, the timing was consistent across studies;
all studies began their intervention around the quit date.
Frequency was not reported in most of the studies as their
intervention could be available whenever the participant wants
or on a daily basis because of automated delivery. Therefore,
we did not conduct further analyses in these aspects. We used
the risk ratio (RR) as the efficiency measure, and RRs were
calculated with follow-up data extracted from the included
articles. When cases were reported as lost to follow-up, they
were treated as relapse.

We used the TCS to assess the potential relationship between
intervention theory and intervention effectiveness [42]. The
TCS evaluates several aspects of a theory-based intervention,
and these aspects will be analyzed, including “is theory
mentioned?” “are the relevant theoretical constructs targeted?”
“is theory used to select recipients or tailor interventions?” “are
the relevant theoretical constructs measured?” “is theory tested?”
and “is theory refined.” Two independent reviewers coded all
included articles. In the case of differing opinions, consensus
was achieved by discussion. The amended version of TCS was
used in this analysis. Two items (“quality of measures” and
“randomization of participants to condition”) were excluded
from the amended vision of the TCS because these aspects were
assessed in Cochrane ROB 2 previously [41]. The amended
TCS has a total of 22 items, including all subitems. Each item
was coded as 1 (present) or 0 (absent). All intervention theories
mentioned in the study or in the reference list were recognized
during the review process. The TCS also had 6 categories of
theory use, and total scores of each category were calculated
for further analysis.

Data Analysis
We conducted all analyses in R (version 4.0.4; R Foundation

for Statistical Computing). Q statistic and I2 were reported for

study heterogeneity. If the I2 was at least 40% and the Q statistic
was significant (P<.05), the overall effect was considered
heterogeneous [37]. We used a random-effects model to analyze
the overall effect. We used intention-to-treat analysis to assess
all data, which handles those cases lost to follow-up as relapse.
To test the accuracy of the overall effects, sensitivity analysis
was performed. We also conducted subgroup analysis for
3-month and endpoint abstinence to test the source of
heterogeneity using baseline information. Funnel plot and Peters
tests were employed to test the publication bias of this analysis
because of the sample size [43]. Effect sizes of all studies with
95% CI and the weighted aggregate effects were represented
using forest plots. The abstinence rates during follow-up (3
months, 6 months, and endpoint) were calculated and reported
with a 95% CI for individual studies and overall.

To evaluate the association between intervention effectiveness
and how the intervention strategy is based on theory, we
conducted univariate and multivariate metaregressions for
3-month, 6-month, and endpoint abstinence with the TCS score
(including each item, each category, and total score). If none
of the studies or all of the studies met the standards of the item,
no metaregression was conducted for this item. All items or
categories that showed a significant association with
effectiveness and were coded by more than one study were
included in the multivariate regression analysis. The regression
coefficient (B) represented the mean of the unstandardized
effects that differentially included each TCS covariate. The
regression coefficients were calculated and reported with 95%
CI and P values.
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Results

Study Characteristics
A total of 6614 studies were identified after initial database
search, and a total of 5829 studies were retained after removing
duplicates. After reviewing the full texts, 19 studies were
included in the analysis. For the details of study selection, see
Figure 1. Table 1 demonstrates basic characteristics for each
ADI clinical trial. Out of the 19 trials, 6 (32%) performed no
intervention in the control group, and the interventions in the
other 13 (68%) trials comprised use of self-help guidelines.
Moreover, 8 (42%) trials tested effectiveness for text-based
intervention, and the other 11 (58%) trials tested
multiplatform-based interventions. Of all the reported theory
uses, the transtheoretical model of behavior change (13/19,
68.42%) and cognitive behavioral therapy (12/19, 63.16%) were

the most commonly used. The endpoints of included studies
ranged from 3 months to 12 months. The sample size varied
from 110 to 2478, with 9 trials over 500. Overall abstinence
rates (3 months, 6 months, and endpoint) were demonstrated
with 95% CIs in Table 1. The results from the Peters test and
funnel plots suggested a low risk of publication bias with P>.05
(for details, see Supporting Information 2 in Multimedia
Appendix 1). Total between-study heterogeneity was significant
for 3-month abstinence, 6-month abstinence, and endpoint

abstinence (3-month: X2=74.04, P<.05 and I2=76%; 6-month:

X2=63.40, P<.05 and I2=81%; endpoint: X2=90.10, P<.05 and

I2=80% endpoint). With respect to quality assessment, Cochrane
ROB 2 suggested that, of the 19 included studies, 11 (58%) had
a low risk of bias, 3 (16%) showed some concern of bias, and
5 (26%) showed a high risk of bias (Supporting Information 3
in Multimedia Appendix 1).

Figure 1. Flowchart.
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Table 1. Descriptive information of included clinical trials.

Abstinence, percentageb (95% CI)Sample
size, n (%)

EndpointControl
type

Intervention
type

Study regionYearAuthora

Endpoint3-month

ControlExperimentControlExperiment

5.0 (2.6,
8.5)

11.1 (7.5,
15.5)

16.2 (11.8,
21.5)

27.5 (22.2,
33.3)

503 (3.25)6 monthsSelf-help
guideline

Text-basedUnited
States

2014Abroms [44]

1.5 (1.0,
2.7)

6.1 (4.6, 8.0)9.1 (7.2,
11.4)

8.8 (6.9, 10.9)1599
(10.33)

6 monthsSelf-help
guideline

MultiplatformCanada2018Baskerville
[45]

4.7 (2.7,
7.5)

10.2 (7.2,
13.9)

7.9 (5.3,
11.3)

17.3 (13.4,
21.7)

684 (4.42)6 monthsSelf-help
guideline

MultiplatformUnited

States, etcc
2018BinDhim

[46]

6.8 (3.3,
12.2)

20.1 (13.9,
27.6)

11.6 (6.9,
18.0)

30.0 (22.5,
38.0)

290 (1.87)12
months

Self-help
guideline

MultiplatformNorway2008Brendryen
[47]

24.1 (18.4,
30.7)

37.6 (30.8,
44.7)

28.6 (22.5,
35.5)

44.7 (37.6,
51.9)

396 (2.56)12
months

Self-help
guideline

MultiplatformNorway2008Kraft [48]

5.0 (1.0,
13.9)

33.3 (21.7,
46.7)

5.0 (1.0,
13.9)

33.3 (21.7,
46.7)

120 (0.78)3 monthsSelf-help
guideline

MultiplatformArgentina2020Goldenher-
sch [49]

15.5 (12.6,
18.8)

17.0 (14.0,
20.3)

17.5 (14.4,
20.9)

20.2 (17.0,
23.8)

1120 (7.24)6 monthsSelf-help
guideline

Text-basedSwitzerland2017Mavrot [50]

27.8 (17.9,
39.6)

29.2 (19.0,
41.1)

27.8 (17.9,
39.6)

29.2 (19.0,
41.1)

144 (0.93)3 monthsSelf-help
guideline

MultiplatformNetherlands2019Scholten
[51]

27.6 (19.7,
36.7)

26.4 (18.4,
35.6)

21.6 (14.5,
30.1)

27.3 (19.2,
36.6)

226 (1.46)6 monthsSelf-help
guideline

MultiplatformNew
Zealand

2011Whittaker
[52]

23.7 (20.9,
26.7)

25.4 (22.5,
28.4)

18.8 (16.2,
21.5)

29.0 (26.0,
32.2)

1705
(11.02)

6 monthsNo inter-
vention

Text-basedNew
Zealand

2005Rodgers [53]

5 (2.3,
9.27)

12.3 (7.8,
18.2)

5 (2.3,
9.27)

12.3 (7.8,
18.2)

351 (2.27)3 monthsNo inter-
vention

MultiplatformUnited
States

2006Swartz [54]

1.9 (0.8,
3.8)

6.8 (5.0, 9.0)2.2 (1.0,
4.1)

8.3 (6.3, 10.7)1085 (7.01)6 monthsNo inter-
vention

Text-basedChina2018Liao [55]

20.6 (18.3,
22.9)

20.8 (18.6,
23.2)

23.5 (21.1,
25.9)

27.5 (25.1,
30.1)

2478
(16.02)

12
months

Self-help
guideline

Text-basedFrance2019Nguyen [56]

5.4 (4.2,
6.8)

9.6 (8.0,
11.3)

7.8 (6.4,
9.5)

14.4 (12.5,
16.5)

2415
(15.61)

12
months

Self-help
guideline

Text-basedUnited
States

2020Bricker [57]

13.8 (11.4,
16.4)

24.5 (21.6,
27.6)

13.8 (11.4,
16.4)

24.5 (21.6,
27.6)

1590
(10.28)

3 monthsNo inter-
vention

Text-basedSweden2016Mussenner
[58]

6.7 (2.2,
14.9)

14.5 (7.5,
24.4)

6.7 (2.2,
14.9)

14.5 (7.5,
24.4)

151 (0.98)3 monthsSelf-help
guideline

Text-basedTurkey2012Michele [59]

27.7 (19.9,
36.7)

51.3 (41.7,
60.8)

11.8 (6.6,
19.0)

38.1 (29.1,
47.7)

232 (1.49)6 monthsNo inter-
vention

MultiplatformUnited
States

2021Mays [60]

32.7 (19.9,
47.5)

39.3 (27.1,
52.7)

34.7 (21.7,
49.6)

52.5 (39.3,
65.4)

110 (0.71)6 monthsSelf-help
guideline

MultiplatformSpain2021Garcia-Pazo
[61]

22.1 (15.4,
30.0)

58.4 (49.7,
66.7)

22.1 (15.4,
30.0)

58.4 (49.7,
66.7)

273 (1.53)3 monthsNo inter-
vention

MultiplatformThailand2022Chulasai
[62]

13.5 (12.7,
14.2)

17.8 (17.0,
18.7)

14.5 (13.7,
15.3)

21.8 (20.9,
22.7)

15,472N/AN/AN/AN/AN/AdOverall

aFirst author, except for Kraft, who is the second author of the clinical trial. This exception was made because this clinical trial’s first author was also
Brendryen, though these 2 trials were completely different samples.
bAbstinence is calculated when treatment lost to follow up as relapse.
cUnited States, United Kingdom, Australia, and Singapore.
dN/A: not applicable.
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Abstinence
Figure 2 [44-62] shows a forest plot of 3-month and final
abstinence (for a forest plot of 6-month abstinence, see
Supporting Information 4 in Multimedia Appendix 1). For final
abstinence, the ADI had a moderate effect compared to controls
(RR 1.58, 95% CI 1.31, 1.90). Similarly, for 3-month and
6-month abstinence, ADI also showed a moderate effect relative

to controls (RR 1.72, 95% CI 1.46, 2.01) and (RR 1.43, 95%
CI 1.17, 1.74), respectively. The sensitivity test demonstrated
that the overall effect was strong. Omitting any trial would not
change the overall effect significantly in the 3-month results,
6-month results, and endpoint results (for sensitivity test forest
plots, see Multimedia Appendix 1: Supporting Information 5.1
for 3-month results; Supporting Information 5.2 for 6-month
results; and Supporting Information 5.3 for endpoint results).

Figure 2. Forest plot of abstinence at 3 months and final follow-up. MH: Mantel-Haenszel method.

Subgroup Analysis
Subgroup analysis results for 3-month and endpoint abstinence
are displayed in Table 2. We divided studies into subgroups by
the most commonly used theories (transtheoretical model of
behavior change and cognitive behavioral therapy), and there
was no evidence that a particular theory or the combination of
these theories had a significant effect on intervention efficiency.
With respect to sample size, there was no significant difference

between small-sample trials (sample size ≤500) and large-sample
trials (sample size >500). Similarly, we did not find a significant
difference between trials with 2 different controls or 2 different
interventions. RR of studies that were compared with no
intervention is significantly higher compared with that of
self-help guideline. For intervention duration, we did not find
any difference between interventions that lasted for more than
1 month and less than 1 month.
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Table 2. Subgroup analysis of abstinence during the 3-month and endpoint abstinence.

Risk ratio (95% CI)Risk ratio (95% CI)Sample sizeSubgroup

Endpoint3-month

Strategies used for digital interventions

1.43 (1.12, 1.83)1.59 (1.32, 1.91)7187Both

2.30 (1.28, 4.12)2.99 (1.62, 5.53)1547Cognitive behavioral therapy

1.43 (1.12, 1.83)1.48 (1.11, 1.97)6321Transtheoretical model of behavior change

1.65 (1.26, 2.15)1.70 (0.69, 4.21)417Others

.50.23N/AaP value for subgroup difference

Sample size

1.41 (1.11, 1.78)1.54 (1.28, 1.86)13,179>500

1.78 (1.34, 2.37)1.98 (1.51, 2.60)2293≤500

.21.13N/AP value for subgroup difference

Control

1.42 (1.14, 1.76)1.51 (1.26, 1.80)10,126Self-help guideline

1.94 (1.35, 2.78)2.22 (1.70, 2.91)5236No intervention

.14.02N/AP value for subgroup difference

Intervention type

1.48 (1.16, 1.89)1.59 (1.31, 1.92)11,047Text-based

1.61 (1.24, 2.24)1.85 (1.41, 2.44)4425Multiplatform-based

.54.36N/AP value for subgroup difference

Intervention duration

1.59 (1.28, 1.97)1.70 (1.41, 2.04)12,308>1 month

1.65 (1.00, 2.71)1.89 (1.24, 2.90)3164≤1 month

.89.64N/AP value for subgroup difference

1.58 (1.31, 1.90)1.72 (1.46, 2.01)15,472Overall

aN/A: not applicable.

Intervention Theories
Tables 3 and 4 report the frequency of trials presenting the TCS
items (both items and categories) and the results of univariate
regression for abstinence at the endpoint. Most of the items and
categories did not show any significant association with
intervention efficiency except for I7, I10, and C2. However,
only 1 study was coded present in I3 and I10, which was
excluded from multivariate metaregression. To avoid

collinearity, we did not run multivariate regression with I7 and
C2 because I7 is an item inside category 2 (C2) Subsequently,
I7 and C2, which pertain to theory-related constructs or
predictors, were significantly and independently associated with
intervention efficiency. For 3-month and 6-month abstinence,
similar results were observed (Supporting Information 6 in
Multimedia Appendix 1).

For detailed description of each item and category of the TCS,
see Supporting Information 7 in Multimedia Appendix 1.
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Table 3. Univariate regression of the theory coding scheme (TCS) items, TCS categories, and total score at endpoint (results of metaregression).

UnivariateStudies where
item coded as
present, n (%)

Theory coding scheme item (item number)

P value95% CIΒ

N/AN/AN/Aa19 (100)Theory or model of behavior mentioned (I1)

.68(–0.5630, 0.8640)0.150515 (89)Targeted construct mentioned as predictor of behavior (I2)

.20(–0.2318, 1.0989)0.43352 (11)Intervention based on single theory (I3)

.41(–0.6274, 1.5252)0.44891 (5)Theory or predictors used to select recipients for the intervention (I4)

N/AN/AN/A19 (100)Theory or predictors used to select or develop intervention techniques (I5)

.41(–0.6274, 1.5252)0.44891 (5)Theory or predictors used to tailor intervention techniques to recipients (I6)

.03b(0.0530, 1.2387)0.64593 (16)All intervention techniques are explicitly linked to at least one theory-relevant
construct or predictor (I7)

.23(–0.3370, 1.4197)0.541318 (95)At least one, but not all, of the intervention techniques are explicitly linked to
at least one theory-relevant construct or predictor (I8)

.45(–0.3329, 0.7583)0.21273 (16)Group of techniques are linked to a group of constructs or predictors (I9)

.03b(0.1052, 2.8306)1.46791 (5)All theory-relevant constructs or predictors are explicitly linked to at least one
intervention technique (I10)

.11(–0.1237, 1.1613)0.518817 (89)At least one, but not all, of the theory-relevant constructs or predictors are ex-
plicitly linked to at least one intervention technique (I11)

.23(–0.3370, 1.4197)0.541318 (95)Theory-relevant constructs are measured: after intervention (I12a)

.71(–0.3403, 0.5025)0.081110 (53)Theory-relevant constructs are measured: after and before intervention (I12b)

.16(–0.1167, 0.6935)0.28849 (47)Changes in measured theory-relevant constructs or predictors (I13)

.47(–0.4229, 0.9218)0.24952 (11)Mediator predicts the dependent variable (I14a)

.47(–0.4229, 0.9218)0.24952 (11)Mediator predicts dependent variable, controlling for the independent variable
(I14b)

N/AN/AN/A0 (0)Intervention does not predict the dependent variable when controlling the inde-
pendent variable (I14c)

.47(–0.4229, 0.9218)0.24952 (11)Mediated effect is statistically significant (I14d)

.96(–0.4144, 0.4352)0.01048 (42)Results discussed in relation to theory (I15)

.47(–0.4229, 0.9218)0.24952 (11)Appropriate support for theory (I16)

N/AN/AN/A0 (0)Results used to refine theory: adding or removing constructs to the theory
(I17a)

N/AN/AN/A0 (0)Results used to refine theory: specifying that the interrelationships between
the theoretical constructs should be changed (I17b)

aN/A: not applicable.
bP<.05.
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Table 4. Univariate regression of the theory coding scheme (TCS) items, TCS categories, and included items.

UnivariateItems includedTheory coding scheme categories (category number)

P value95% CIΒ

.25(–0.1883, 0.7249)0.26831, 2, 3Reference to underpinning theory (C1)

.01a(0.0619, 0.4497)0.25582, 5, 6, 7, 8, 9, 10, 11Targeting of relevant theoretical constructs (C2)

.41(–0.3137, 0.7626)0.22454, 6Using theory to select recipients or tailor interventions
(C3)

.44(–0.2128, 0.4854)0.136312a, 12bMeasurement of constructs (C4)

.31(–0.0482, 0.1531)0.052412a, 12b, 13, 14a, 14b, 14c, 14d, 15,
16

Testing of theory: mediation effects (C5)

17a, 17bRefining theory (C6)

.08(–0.0068, 0.1116)0.0524All itemsTotal use of theory

aP<.05.

Discussion

Principal Results
To our knowledge, this is the first systematic review and
meta-analysis of trials of the effectiveness of ADIs, including
both text-based and multiplatform-based trials, on smoking
cessation. This meta-analysis provides the latest and strongest
evidence on the overall effectiveness of ADIs for smoking
cessation by finding that ADIs had a moderate effect (RR 1.58,
95% CI 1.31, 1.90) on smoking cessation, compared to self-help
guidelines or to no intervention.

Comparison With Prior Work
Although plausible evidence from clinical trials that directly
compared ADIs and traditional therapies (including
pharmacotherapies and psychotherapies) is not available, this
moderate effect of ADIs found in the present study is basically
comparable with most traditional interventions documented in
previous meta-analyses. We extracted the RR with 95% CI from
previous meta-analyses, and the RR (95% CI) for endpoint
abstinence compared to placebo or no treatment was as follows:
RR 2.24, 95% CI (2.06, 2.43) [63]; RR 1.64, 95% CI (1.52,
1.77) for bupropion [64]; and RR 1.60, 95% CI (1.53, 1.68) for
NRT [65], among which only varenicline showed a significantly
larger RR than ADIs. Regarding the effectiveness of
individualized face-to-face psychological interventions on
smoking cessation, the most recently updated meta-analysis
reported (RR 1.57, 95% CI 1.40, 1.77) as the overall RR (95%
CI) of face-to-face psychological interventions compared to
minimal interventions (self-help booklet and brief advice) for
6-month abstinence [10].

To compare rates of effectiveness directly, we also calculated
the rates (95% CI) of abstinence during the endpoint for the
aforementioned meta-analyses. Accordingly, the abstinence rate
of the ADIs during the endpoint in this study, which achieved
16.4, 95% CI (15.5, 17.2), was lower than 25.6, 95% CI (24.5,
26.6) of varenicline, comparable to 19.7, 95% CI (8.8, 20.6)
and 16.9, 95% CI (16.5, 17.3) for bupropion and NRT, and
higher than 10.9, 95% CI (10.1, 11.8) of individualized
face-to-face counselling [10,63,64,66]. When compared with
pharmacotherapies, the following factors are noteworthy. First,

a moderate level of side effects, especially nausea, is reported
in all pharmacotherapies, and there is a notable increase in
serious adverse effects, including infections and cardiovascular
events, with the use of varenicline and NRT [63,65]. Second,
an increase in dropouts due to side effects has been reported for
bupropion [64]. In addition, participants engaging trials of
pharmacotherapies may have more motivation than other
interventions because they consented to participate, even though
they were made aware in advance of possible side effects. For
the comparison with face-to-face psychological interventions,
the results of this study are consistent with the results of research
on other substance use disorders, as a systematic review
demonstrated that there might be no or little difference in
effectiveness between digital interventions and face-to-face
interventions on lowering alcohol consumption [67].

A systematic review and meta-analysis focused on text-based
interventions for smoking cessation was conducted in 2019 [29].
The prior published meta-analysis regarding digital interventions
on smoking cessation included both human-delivered
interventions and automated-delivered interventions. With the
advantages of less professional human resource costs comparing
to human-delivered ones [11,12,16,17], the effectiveness of
ADIs have not been investigated separately from
human-delivered interventions in previous meta-analyses. It
documented an RR of 1.54, 95% CI (1.19, 2.00) for final
abstinence, which did not significantly differ from that for ADIs
found by this study. It is also consistent with the finding of this
study that the average RR for final abstinence did not
significantly differ from between multiplatform-based (RR 1.48,
95% CI 1.16, 1.89) and text-based (RR 1.61, 95% CI 1.10, 2.35)
interventions, but the RR of loss to follow-up of
multiplatform-based interventions (RR 0.80, 95% CI 0.59, 1.09)
was significantly lower than that of text-based interventions
(RR 1.22, 95% CI 1.01, 1.48) at 3 months (P=.02), although
those during the whole follow-up period (RR 0.87, 95% CI 0.56,
1.36 versus RR 1.18, 95% CI 0.95, 1.47) did not differ
significantly (P=.06) (Supporting Information 7 in Multimedia
Appendix 1). Whether multiplatform-based interventions, such
as serious game–based [51] and virtual reality–based [49], may
offer advantages in compliance and acceptability associated
with the interest of participants needs to be further tested
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directly, comparing studies with much larger samples. Mixed
results were reported when digital interventions were applied
as an adjuvant therapy to traditional interventions. An RCT
found that abstinence for intervention group (traditional
therapies plus digital interventions) was 2.15 times higher than
control group (traditional interventions only) in 12-month
follow-up (odds ratio=3.13, 95% CI 1.53, 6.71) [68]; however,
2 other trials documented null results [69,70].

Nonetheless, integrating available evidence with the findings
of this study, we believe that ADIs could be an effective
treatment for smokers. With our estimated effect size, ADIs
could increase the abstinence rate by approximately 50% on
average. Globally, if available for 20% of the 1.3 billion adult
tobacco users who have tried to quit [71] (although most of
them failed due to lack of available help), it would help many
smokers achieve cessation.

To our knowledge, this study is also the first to assess the
empirical evidence of a potential relationship between the
effectiveness of digital interventions on smoking cessation and
psychological theory. Even though there is a limited number of
included studies (ie, 16), which could result in insensitive and
underpowered metaregression [72], we found that TCS item I7,
“All theory-relevant constructs or predictors are explicitly linked
to at least one intervention technique,” was significantly and
independently associated with a higher rate of final abstinence.
This item pertains to theory-related constructs or predictors,
which refer to the theory that digital intervention is not
exclusively based on the concept of addictive behaviors but also
based on other concepts, such as craving, anxiety, and
dependence, which may be more closely linked to the cognitive
and affective mechanisms of addiction [3]. Similarly, in a
previous meta-analysis on the effectiveness of digital
interventions in reducing hazardous alcohol use, the TCS-based
metaregression model also found that an item pertaining to
theory-related constructs or predictors was significantly
associated with better effectiveness [73]. Those findings
highlight the importance of theory-related constructs or
predictors, especially when developing or optimizing digital
interventions for substance use disorders. Based on our findings
and previous evidence, studying not only the outcome but also
theory-related constructs or predictors offers significant promise
for our attempts to unlock what is essentially a black box of
mechanisms to understand the theoretical bases and apply that
knowledge to improve overall and individualized effectiveness
[74-77]. Accordingly, future studies focusing on optimally
integrating psychotherapeutic theories and techniques would
further increase the efficiency of digital interventions on
smoking cessation at both the individualized and overall levels.

Limitations
We also conducted subgroup analysis to explain the moderate
heterogeneity of the studies. However, the results suggested
that the analyzed variates were not significantly connected to
overall effectiveness. A high rate of loss to follow-up in some
studies might contribute to the heterogeneity of this analysis
[49]; although we conducted intention-to-treat analysis of the
included studies, intention-to-treat analysis could underestimate
the results, and complete case analysis could potentially benefit.
However, insufficient data limit further analysis. Furthermore,
the sensitivity analysis also suggested that any single study
could not significantly alter the results. Future studies should
enlarge the sample size, which could achieve more satisfactory
heterogeneity and provide more accurate results for effect size
analysis. Other limitations of this study are also noteworthy.
First, the quality of evidence could be a concern because not
all the original studies included in this meta-analysis used blind
interventions for participants due to feasibility; the risk of bias
regarding randomization and intervention delivery might be
lowered by the automated procedures of interventions. Second,
the self-report abstinence of some studies could bring
performance bias to this study, although it would affect both
the experimental group and the control group and would unlikely
change the effect size measured by RR. Third, most of the
included studies were conducted in Western countries, and this
could limit the generalization of the results to non-Western
countries. Studies conducted in Eastern countries are limited,
and we believe that Eastern countries could learn from the
experience of previous studies to address the problem of tobacco
smoking, as the limited number of studies conducted in Eastern
countries are also majorly reported helpful results. In addition,
socioeconomic status and age could be potential confounding
factors for effectiveness as certain studies were conducted on
special populations (such as college students). However,
insufficient data made it unable to perform subgroup analysis.
For intervention theories, the number of included studies limited
the power for detecting some associations, including when
assessing differences in how theory is applied.

Conclusions
Those limitations notwithstanding, this study indicated that
ADIs on the transtheoretical model of behavior change and
cognitive behavioral therapy had a clear effect compared to
self-help guidelines or to no intervention, and effectiveness is
associated with some theory-related constructs or predictors.
Accordingly, ADIs should be promoted by policy makers and
clinical practitioners to fill the huge gap between the need for
smoking cessation and treatment resources and should be studied
further to increase efficiency by optimally integrating
psychotherapeutic theories and techniques.
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Abstract

Background: With the advent of smart sensing technology, mobile and wearable devices can provide continuous and objective
monitoring and assessment of motor function outcomes.

Objective: We aimed to describe the existing scientific literature on wearable and mobile technologies that are being used or
tested for assessing motor functions in mobility-impaired and healthy adults and to evaluate the degree to which these devices
provide clinically valid measures of motor function in these populations.

Methods: A systematic literature review was conducted by searching Embase, MEDLINE, CENTRAL (January 1, 2015, to
June 24, 2020), the United States and European Union clinical trial registries, and the United States Food and Drug Administration
website using predefined study selection criteria. Study selection, data extraction, and quality assessment were performed by 2
independent reviewers.

Results: A total of 91 publications representing 87 unique studies were included. The most represented clinical conditions were
Parkinson disease (n=51 studies), followed by stroke (n=5), Huntington disease (n=5), and multiple sclerosis (n=2). A total of
42 motion-detecting devices were identified, and the majority (n=27, 64%) were created for the purpose of health care–related
data collection, although approximately 25% were personal electronic devices (eg, smartphones and watches) and 11% were
entertainment consoles (eg, Microsoft Kinect or Xbox and Nintendo Wii). The primary motion outcomes were related to gait
(n=30), gross motor movements (n=25), and fine motor movements (n=23). As a group, sensor-derived motion data showed a
mean sensitivity of 0.83 (SD 7.27), a mean specificity of 0.84 (SD 15.40), a mean accuracy of 0.90 (SD 5.87) in discriminating
between diseased individuals and healthy controls, and a mean Pearson r validity coefficient of 0.52 (SD 0.22) relative to clinical
measures. We did not find significant differences in the degree of validity between in-laboratory and at-home sensor-based
assessments nor between device class (ie, health care–related device, personal electronic devices, and entertainment consoles).

Conclusions: Sensor-derived motion data can be leveraged to classify and quantify disease status for a variety of neurological
conditions. However, most of the recent research on digital clinical measures is derived from proof-of-concept studies with
considerable variation in methodological approaches, and much of the reviewed literature has focused on clinical validation, with
less than one-quarter of the studies performing analytical validation. Overall, future research is crucially needed to further
consolidate that sensor-derived motion data may lead to the development of robust and transformative digital measurements
intended to predict, diagnose, and quantify neurological disease state and its longitudinal change.

(J Med Internet Res 2022;24(11):e37683)   doi:10.2196/37683
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Introduction

Background
Patient care is changing with the dawn of smart sensing
technology. Mobile and wearable devices can provide
continuous as well as objective monitoring and assessment of
many health outcomes [1]. Until recently, outcomes that
represent various motor functions (ie, any movement of the
entire body or part of the body that is controlled by motor neuron
activity) have typically been measured by patient reports (eg,
number of falls) or physician assessment (eg, gait abnormalities).
Physician assessments are based on very brief observations in
an office or clinic [2], whereas self-reported outcomes are
subjective and often not as sensitive nor as supervised as
in-clinic measures [3]. Finally, measurements may vary between
assessors depending on the level of training, familiarity, and
experience [4,5].

Wearable technologies have recently emerged as a potential
supplemental source of data on motor function. Such
technologies could increase the objectivity and ease of
assessment for motor functions during clinical trials and care
while also allowing for a richer dimension of data to be captured.
Real-world and continuous monitoring of patient motor
functions through wearable and mobile sensors is increasingly
being investigated in areas such as disease progression through
motor fluctuations in Parkinson disease [6], detection of
amyotrophic lateral sclerosis [7], and tremor activity in essential
tremor [8].

Data from digital measurement solutions can enhance the quality
of clinical trials, as illustrated by the acceptance of wearable
device–measured stride velocity (95th percentile) by the
European Medicines Agency (EMA) as an end point in
Duchenne muscular dystrophy [9]. Given the implications these
new data courses could have on the field, the current regulatory
environment for mobile technologies is in flux [10]. US and
European regulatory bodies are responding to this emerging
opportunity by adapting their regulatory processes to these
technological advances [11].

Objectives
Previous reviews have described the characteristics of their
patient samples and sensors involved in collecting motor
function data [12-20]. However, they do not evaluate the degree
of validity produced by such sensors. This review follows the
terminology used in previous reviews [21,22] and differentiates
between analytical validation (ie, the same motion behavior is
measured by an independent source and compared with the
sensor-derived motion behavior) and clinical validation (ie, a
clinical characteristic or measure of interest is measured and
compared with the sensor-derived motion behavior). Gaining
insight into the current clinical validity and utility of the data
captured by mobile and wearable sensing technologies is of
utmost importance. So, the aim of this study was to describe

the existing scientific literature on digital measurement solutions
that are being used or tested for assessing motor functions in
mobility-impaired and healthy adults and to evaluate the degree
to which these tools provide clinically valid measures of motor
function in these populations. Specifically, we aimed to answer
the following research questions: (1) What types of digital
devices exist that capture motor function in mobility-impaired
and healthy populations? (2) In what types of studies and in
what populations have these devices been evaluated? (3) What
outcomes do these digital devices measure? (4) What types of
technologies and algorithms are used to capture and store the
data? (5) To what degree have these technologies and their
output been validated using established and recognized criteria?

Methods

Literature Review
This review was conducted in accordance with the Cochrane
Handbook for Systematic Reviews of Interventions [23], and
reporting is based on the PRISMA (Preferred Reporting Items
for Systematic Reviews and Meta-Analyses) guidelines [24].
We included clinical trials (randomized and nonrandomized)
as well as observational studies (case-control, retrospective
cohort, prospective cohort, and cross-sectional) that provided
validity estimates from wearable or mobile technologies to
assess motor functions in adults (aged ≥18 years). Studies
published in English after 2015 were included to focus on the
most advanced technologies that are being used to assess motor
function.

Study eligibility criteria were defined using an adapted PICO
(Population, Intervention, Comparator, Outcomes) framework.
We applied criteria based on the technology instead of the
intervention or comparator, as the research question focused on
the validity of measurement and not treatment efficacy (Table
S1 in Multimedia Appendix 1 [25-115]).

A systematic literature search was conducted (January 1, 2015,
to June 24, 2020) in the MEDLINE, Embase, and CENTRAL
databases. Searches of relevant conferences for the last 3 years
(2018-2020) were conducted via Embase. Search strings are
available in Tables S2-S6 in Multimedia Appendix 1. Gray
literature searches were also conducted to capture studies from
sources that were not included in the main literature databases,
which included the US Food and Drug Administration website
as well as the United States and European clinical trials registry
databases for clinical trials which had reported results but were
not published in peer-reviewed journals (for the years
2018-2020).

After duplicate removal, all titles and abstracts were screened
for potential eligibility according to the prespecified PICO
criteria, after which full-text articles were assessed using the
same criteria. Study selection was performed by 2 independent
reviewers, and disagreements were resolved through discussion.
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If no consensus could be achieved, a third researcher was
consulted for arbitration.

A total of 2 independent reviewers extracted all relevant data
from the final list of included studies. A reconciliation phase
was again deployed to resolve any discrepancies between the
reviewers, and a third reviewer intervened to resolve any
remaining conflicts. The following data were extracted where
available: (1) authors, year of publication, country, study setting,
and follow-up period; (2) study design; (3) participant
characteristics; (4) outcomes; (5) technology characteristics;
and (6) validity outcomes. Motor function outcomes were
manually sorted into categories by reviewers to facilitate
summary where necessary.

Study Quality
A total of 2 independent reviewers assessed the quality of the
included studies using the ROBINS-E (Risk Of Bias In
Nonrandomized Studies of Exposures) tool [116]. A third
investigator intervened to reach consensus if there were any
remaining unresolved discrepancies following reconciliation
between the decisions of the 2 reviewers.

Statistical Analyses
Effect size estimates were extracted from each study where
reported, including standardized mean differences (ie, Cohen
d), correlation coefficients (eg, Pearson r), sensitivity,
specificity, accuracy, and area under the curve (AUC). In cases
where studies provided none of these aforementioned effect
size classes, effect sizes were calculated based on the
information available in the manuscript using standard formulas
[117,118]. To facilitate comparison across the studies, extracted

effect sizes were converted to Pearson r–based effect size
estimates where possible. This extraction and conversion process
allows for studies to be directly compared via r-based effect
sizes, estimates of sensitivity and specificity, and estimates of
accuracy. The average effect sizes were calculated across all
studies as well as by specific study and sample characteristics
of interest. As r is bound by −1 and +1, rs were transformed
into Zr using the procedure described by Fisher for analyses
[119,120] and then back-transformed for reporting. Differences
across groups in the magnitude of obtained effect sizes were
tested using restricted information maximum likelihood derived
SEs [117] using the inverse variance weight [121]. A random
effects approach was taken, which includes in the denominator
an extra variance component representing true variation in the
population from which the included studies can be considered
a random sample. A significance threshold of .05 was used to
determine if values significantly differed between groups.

Results

Study Selection
A total of 9940 abstracts were identified from the electronic
databases, and 2 articles [25,26] were included from
handsearching of a systematic review identified in our searches
[122]. After the removal of duplicates and exclusion based on
title and abstract screening, 436 records remained for the
full-text screening. A list of the records excluded during full-text
screening and the reason for exclusion are provided in Table
S7 in Multimedia Appendix 1. A total of 91 publications
describing 87 primary studies fulfilled all inclusion criteria
(Figure 1).
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram.

Study Characteristics and Data Collection
Across the 87 studies (n), the most common country settings
reported were the United States (n=15) [27-41], United Kingdom
(n=10) [42-53], Italy (n=5) [54-58], Spain (n=4) [59-62], South
Korea (n=4) [63-66], Germany (n=3) [67-69], and Japan (n=3)
[70-72]. At least 1 study was conducted in each of the following
countries: Canada (n=2) [73,74], the Netherlands (n=2) [75,76],
Portugal (n=2) [77,78], Sweden (n=1) [79,80], Taiwan (n=2)
[81,82], Australia (n=1) [83], Brazil (n=1) [84], Demark (n=1)
[85], France (n=1) [86], Israel (n=1) [87], Greece (n=1) [88,89],
Lithuania (n=1) [90], Norway (n=1) [91], and United Arab
Emirates (n=1) [92]. Of the remaining reporting studies, 6 were
multinational [93-98]. Sample size ranged from 8 [33] to 1465
[94] (median 40.5 participants). A total of 7995 participants
were enrolled in the included studies. Table S8 in Multimedia
Appendix 1 presents the list of included publications as well as
key study characteristics.

All 87 studies were observational in nature. Most studies (n=50)
did not report whether the study was conducted in a single-center
or multicenter setting. However, among those that did report,
20 and 17 studies were single center and multicenter,
respectively. Approximately half of the included studies were
conducted in a laboratory setting (n=42), 11 studies were home
based, and 15 were a combination of a laboratory-based and
home-based setting. The remaining 19 studies did not specify
the study setting. The included studies were categorized into 2
follow-up types: cross-sectional (n=62) with a follow-up period
of ≤1 week and longitudinal (n=25) in which participants were

followed up for ≥1 week. Follow-up length of longitudinal
studies ranged from 7 days [42,45,59,91,99] to 8 years [46]. A
total of 30 studies reported the time allocated for data collection;
in other words, the time needed to collect data in one session
of data collection. In addition, 18 studies were able to capture
their data in a session between 20 seconds [52,95] and 24 hours
[71]. Moreover, 13 studies required their participant to use the
device for multiple days for their collection period, which ranged
from 2 [41,62] to 14 consecutive days [40]. This review follows
the terminology used in previous reviews [21,22] for analytical
validation (ie, the same motion behavior is measured by an
independent source and compared with the sensor-derived
motion behavior) and clinical validation (ie, a clinical
characteristic or measure of interest is measured and compared
with the sensor-derived motion behavior). Analytic validation
was only performed in 21% (13/62) of cross-sectional studies
and 4% (1/25) of longitudinal studies. Most of these studies
performed clinical validation of sensor-based motion data.
Studies applied a wide variety of technologies to capture motion
outcomes. Motion data were captured by ≥30 different devices,
including novel wearables (18/42, 43% devices), smartphone
or smart watch (13/42, 31%), mass market digital technology
(7/42, 17%), other digital technology (eg, PC; 3/42, 7%), and
mass market wearables (1/42, 2%). Approximately 1 in 5 studies
included a mass market device.

In terms of quality, studies were generally low to moderate risk
of bias (Figure 2; Table S9 in Multimedia Appendix 1). Less
than 20% (14/42) of studies did not show that groups were
balanced in terms of key baseline characteristics and were
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considered high risk for confounding. The risk of bias arising
from measurement of the exposure was most often low because
exposures were generally whether the patient had a disease or
was healthy, and misclassifications were next to nonexistent.
For the domain of selection of participants into the study, studies
were often high risk of bias. Disease diagnosis (ie, the exposure)
did not generally coincide with the start of follow-up, and the
diseases being studied could fluctuate over time. Many of the
studies relied on volunteers to participate in the study, and this
may have led to participants entering the study if they were in
a particularly good or bad disease state (eg, Parkinson disease
has on and off states). Furthermore, no corrections that may

have alleviated selection biases in the analysis were conducted.
Studies were generally low risk with regard to the domain
concerned with the risk of bias owing to postexposure
interventions. By design, the included studies did not administer
interventions to alleviate the effects of exposures, and therefore,
bias was not a concern. Regarding missing data, this was not
often accounted for, leading to high risk of bias in that domain.
However, studies were generally low risk of bias for
measurement of outcomes, as motor function outcomes were
assessed objectively and similarly across groups. Finally, over
half of the studies were rated low risk for selection of the
reported result.

Figure 2. Distribution of study quality across included studies.

Concepts of Interest and Context of Use
Approximately half of the included studies compared the
association between sensor-derived motion data and a
standardized clinical assessment across diverse disease
conditions (n=44). Other studies compared mobility-impaired
diseased participants to a healthy control group of participants
with no mobility impairment (n=43). The most represented
disease condition was, by far, Parkinson disease (n=51); stroke
(n=5); Huntington disease (n=5); and depression, cognitive
impairment, cerebral palsy, and multiple sclerosis (n=2 for
each). All other disease groups were only represented in a single
study.

Among the 67 studies that reported the mean age of participants,
values ranged from 23.6 years [92] to 77.2 years [95] for
mobility-impaired participants and from 19.5 years [29] to 78.9
years [87] for healthy participants. Control groups were
generally well-matched by participant age and sex. Among the
71 studies that reported the proportion of males or females in
their sample, the average percentage of the sample that were
male ranged from 22.8% [62] to 100% [72,84] in
mobility-impaired participants and from 11% [41] to 100% [84]
in healthy participants. Studies with the largest sex imbalances
were those addressing the less frequently studied disease states
(ie, represented in only 1 or 2 studies). In contrast, Parkinson
disease, Huntington disease, and stroke reflected a more
balanced representation of females and males.

The primary motion outcomes were gait (n=30), gross motor
movements (n=25), fine motor movements (n=23), motor
symptom severity (n=9), bradykinesia (n=7), motor fluctuations
(n=6), dyskinesia (n=5), balance control (n=5), postural stability
(n=4), voice or speech impairments (n=3), facial expression
impairments (n=1), and nocturnal movements (n=1). A summary
of commonly reported outcomes by disease that the outcome
was measured in is provided in Table 1.

The most common motions that participants were required to
enact for sensor data collection across these studies were based
on diverse active motor tasks: multimovement tasks (16/87,
18%) including balancing and reaction time during tests such
as the Timed Up and Go, the Cognitive Dual Task Timed Up
and Go, and the Manual Dual Task Timed Up and Go,
unscripted daily activities (17/87, 20%), walking (10/87, 11%),
tapping (9/87, 10%), and scripted activities of daily living (7/87,
8%). Less commonly used motions (<5% of studies) included
several real-world tasks such as reaching, sit-to-stand motion,
seated tremors, wrist pronation-supination tracing or pointing,
typing, seated conversation, standing, and sleeping movement.
Together, these motions were used to extract ≥75 distinct motion
outcomes across the included studies. Most of these outcomes
only appeared in one study and were only measured at a single
sensor location in each study (per our inclusion criteria). One
exception was walking cadence, with different studies measuring
it using sensors worn at wrists, ankles, lower back, and chest
and in the pants pocket. Additional exceptions were tremor,
dyskinesia, and bradykinesia (each measured using sensors
placed on the wrists or ankles).

J Med Internet Res 2022 | vol. 24 | iss. 11 | e37683 | p.183https://www.jmir.org/2022/11/e37683
(page number not for citation purposes)

Guo et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 1. Summary of commonly reported outcomes by disease in which the outcome was investigated.

Motor function outcomeDisease and motor function outcome category

Acquired brain injury

Gross motor impairment or performance and upper body • Peak upper limb velocity [35]
• Upper limb velocity [35]

Alzheimer disease

Fine motor impairment or performance and continuous motion • Spiral tracing [82]

Depressive tendencies

Fine motor impairment or performance and discrete motion • Finger tap speed [92]
• Flight time [92]
• Hold time [92]

Healthy participants

Bradykinesia • Bradykinesia score [94,100]

Dyskinesia • Dyskinesia score [100]

Fine motor impairment or performance and continuous motion • Spiral tracing [82,90]

Fine motor impairment or performance and discrete motion • Correct finger taps [25,83]
• Finger tap accuracy [38,101]
• Finger tap count [38,95,101]
• Finger tap duration [38,101]
• Finger tap interval [38,101]
• Finger tap reaction time [38,42,58]
• Finger tap rhythm [42,95]
• Finger tapping test [102]
• Flight time [83,88,103]
• Hold time [88]

Gait • Joint velocity [77]
• Step cadence [69,75,81,99]
• Step count [40,41,44,74,104]
• Step length [44,46,81]
• Stride duration [44]
• Turning speed [26]
• Walking speed [41,69,81]

Gross motor impairment or performance and lower body • Lower limb velocity [105]

Gross motor impairment or performance and whole body • Joint velocity [106]

Motor symptom severity • Rest tremor [102]

Postural stability • Trunk acceleration [50]

Huntington disease

Cognitive impairment • Stroop Color and Word Test [96]

Dyskinesia • Chorea score [96,107]

Fine motor impairment or performance, discrete motion • Finger tap speed [96]

Gait • Step cadence [99]

Mild cognitive impairment

Fine motor impairment or performance and continuous motion • Spiral tracing [82]

Multiple sclerosis
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Motor function outcomeDisease and motor function outcome category

• Finger tap count [25]Fine motor impairment or performance and discrete motion

• Turning speed [26]Gait

Neurological disordersa

• Spiral tracing [90]Fine motor impairment or performance and continuous motion

Neuromuscular disordersb

• Step count [104]Gait

Parkinson disease

• Bradykinesia score [34,48,53,94,97,100,108]Bradykinesia

• Stroop Color and Word Test [83]Cognitive impairment

• Dyskinesia score [53,100]
• Finger tapping test [56]

Dyskinesia

• Correct finger taps [83,109]
• Finger tap accuracy [38,101]
• Finger tap count [38,95,101]
• Finger tap duration [38,101]
• Finger tap interval [38,101]
• Finger tap reaction time [38,42,49]
• Finger tap rhythm [42,95]
• Finger tapping test [102]
• Flight time [88,103,110]
• Hold time [88]

Fine motor impairment or performance and discrete motion

• Freezing of gait [49,54,61,64,93,111,112]
• Step cadence [75]
• Step count [31,40]
• Step length [44,46]
• Stride duration [44]
• Turning speed [97]

Gait

• Peak upper limb velocity [33]Gross motor impairment or performance and upper body

• Joint velocity [106]Gross motor impairment or performance and whole body

• On or off state [34,60,62,68,98]Motor fluctuations

• Rest tremor [49,102]
• Tremor test [34,48,97]

Motor symptom severity

• Trunk acceleration [50]Postural stability

Rapid eye movement (REM) sleep behavior disorder

• Finger tap reaction time [42]
• Finger tap rhythm [42]

Fine motor impairment or performance and discrete motion

Stroke

• Step cadence [81]
• Step count [41,74]
• Step length [81]
• Walking speed [41,81]

Gait

Transthyretin familial amyloid polyneuropathy
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Motor function outcomeDisease and motor function outcome category

• Lower limb velocity [78]
• Step length [78]
• Stride duration [78]
• Walking speed [78]

Gait

• Upper limb velocity [78]Gross motor impairment or performance and upper body

aIncluding Parkinson disease, Huntington disease, early dementia, cerebral palsy, and poststroke.
bIncluding Duchenne muscular dystrophy, limb-girdle muscular dystrophy, and spinal muscular atrophy.

Data Processing and Analysis
The process through which these researchers converted their
raw data to validity coefficients is illustrated in Figure 3. On
collection of the raw data, 2 parallel processes were typically

seen: outcome computation and algorithm or model
development. Following the completion of these 2 processes,
the model was subjected to either analytical or clinical
validation.

Figure 3. Flowchart of the process of converting raw data to validity coefficients.

Outcome Preparation
In ≥90% of the studies, the raw data were first preprocessed
before feature processing engineering and analyses. One
preprocessing step frequently seen among these studies was the
splitting of raw data into temporal epochs or slices. This was
done because training an algorithm to detect movement features
across long periods greatly reduced the algorithm’s validity.
Data were trimmed by temporal position (eg, the beginning and
ending of the motion recording) or based on extreme values
(eg, outliers >4 SDs from the mean). Raw data were subjected
to some form of standardization or transformation in ≥90% of
the studies.

Although algorithm training (eg, feature selection and threshold
determination) typically occurred using data across all
participants, several studies took the approach of building the
feature detection algorithm using data across all participants

but then allowing each participant to vary in latter stages such
as feature selection or determining thresholds [34,54,63,68].
Validity estimates from this smaller group of studies were
similar in magnitude to those studies that applied the same
features and thresholds to the classification of all participants.

Researchers have to decide which of the hundreds of identified
candidate features to treat as a signal (by retaining them in the
model) and which to dismiss as mostly noise (by excluding
them from the model). Relatively few studies clearly described
whether they moved all detected features to the next analytic
stage (feature selection), but some studies compared prediction
based on all extracted features to prediction based on
top-performing features [42,49]. These studies reported that the
inclusion of additional features did not guarantee a meaningful
increase in algorithm performance or validity. One study using
smartphones to assess Parkinson disease symptoms found AUC
values >0.90 for 998 detected features, with a drop to 0.75 when
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based on the top 30 features [49]. A second study of participants
with Parkinson disease concluded, “Accuracies obtained using
the 30 most salient features were broadly comparable with the
corresponding sensitivity and specificity values obtained using
all 998 features” [42].

Algorithm or Model Development
The included studies showed no clear preference regarding
algorithms for feature selection or classification, but the 2 most
frequently applied approaches were support vector machines
(12/87, 14%) and random forests (4/87, 5%). Authors of these
studies were sensitive to the complications of trying to train a
classification model with groups of different sizes, as most of
the comparative studies included in this review include
approximately equal sizes of participants with a disease or
disorder and healthy controls.

No consistent pattern emerged from within-study comparisons
of feature selection algorithms. A wrist-based sensor was able
to detect upper limb movement among participants with
pre-Parkinson disease best when using random forests relative
to support vector machines and naïve Bayes [55]. A smartphone
app testing motor impairment found that both neural networks
and boosting outperformed support vector machines and Fisher
linear discriminant analysis [90]. Not all motions required
feature selection across studies (several needed only to define
logic rules to estimate movement angles using geometry), and
some studies used proprietary algorithms that were not described
in detail. One study that studied freezing of gait among
participants with Parkinson disease using a smartphone app
found neural networks performed better than other bagging
algorithms, including random forest, multilayer perception,
decision tree, support vector machine, and naïve Bayes [64].
Another study on motor symptoms among participants with
Parkinson disease using ankle-worn sensors found that support
vector machines performed better than logistic regression and
decision trees [80]. Using smartphone motion data to predict
motor impairment among participants with Parkinson disease,
another study found that random forests based on Ridge
regression outperformed those based on Lasso, or Gini impurity,
and that linear support vector machines outperformed logistic
regression and boosting [103]. The sole consistent pattern that
emerged was that supervised machine learning techniques
performed better than unsupervised techniques (eg, naïve
Bayes).

Analytical and Clinical Validation
The most common validity criterion was clinical condition
(37/87, 43%), which was used in many of these studies to
establish known-group construct discriminant validity of
sensor-derived motion data by comparing participants with a
diseased condition to healthy controls (Table S10 in Multimedia
Appendix 1). The second most common validity criterion was
the clinical validity established by assessing the convergence
or concurrence with traditional standardized clinical assessments
(30/87, 34%; eg, Wolf Motor Function Test and Unified
Parkinson Disease Rating Scale). Other criteria were clinician
ratings (7/87, 8%), research device (9/87, 10%), treatment status
(3/87, 3%), and patient-reported outcome (1/87, 1%).
Longitudinal studies were more likely to use nonsupervised

assessments, whereas cross-sectional studies were more likely
to use clinician-supervised assessments.

Across studies, motion data from the sensors identified showed
an average Pearson r clinical validity coefficient of 0.52 (Figure
4 [27,28,31,35-41,44,47,48,50-53,57,58,66-74,76,77,80-84,86,
91,92,95-99,101,102,104,106,108-110,112,113,115]). Among
the studies that did not provide sufficient information to
calculate a Pearson r, the average validity was 0.83 (sensitivity),
0.84 (specificity), and 0.90 (accuracy). These values could be
interpreted as very good [123]. The magnitude of validity
coefficients did not vary (P=.10) between health care–related
devices (mean r=.47), personal electronic devices (mean r=.44),
and entertainment consoles (mean r=.63). Validity coefficients
for motor function generated by healthy adults were higher than
those generated by participants with a disease state or
impairment (z score 3.19; P=.001). The only statistical decision
that consistently predicted higher validity coefficients was the
decision to trim observations during the preprocessing stage
based on value (ie, outliers; z score 2.10; P=.04). There was no
difference in validity coefficients across trimming observations
based on temporal placement, transforming data, standardizing
data, or which feature detection and validation analyses were
used. The funnel plot from these studies was asymmetrical in
a manner consistent with bias toward higher coefficients (Figure
S1 in Multimedia Appendix 1). The magnitude of validity
coefficients did not significantly vary across the different device
types (Table 2).

Taken as a whole, no consistent pattern emerged from
within-study comparisons of the relative analytic validity of
any specific motion signal. One study using Kinect found high
Pearson r validity coefficients (r>0.50) for more than 40 distinct
motion outcomes but very low validity coefficients for a handful
including deflection range roll (measured in degrees), mean
sway velocity roll (measured in degrees per second), and
up-down deviation (measured in centimeters) [69]. A second
study using Kinect found Pearson r validity coefficients above
0.50 for variables related to steps taken, distance, and speed but
coefficients below 0.50 for variables related to angles (eg, trunk,
hips, ankle, trunk, upper limb, and full body) [78]. A third study
using a triaxial accelerometer worn on the waist found Pearson
r validity coefficients above 0.50 for gait, arising from chair,
body bradykinesia, hypokinesia, and overall posture and validity
coefficients below 0.50 for rigidity of lower and upper
extremities axial rigidity, postural stability, legs agility, and
tremors in lower or upper extremities [98]. These numbers are
in the same range as single items from widely established
clinical tools [124-126]. As the validity coefficients for these
single motions were moderate, it reinforces the need for future
studies and clinical applications to include multiple validated
motion signals for any screening or diagnostic tool to achieve
adequate levels of composite test validity.

Regarding clinical validation, no clear within-study evidence
emerged regarding the relative superiority or inferiority of
motion data captured in laboratory settings versus data captured
in home settings (Table 1). For example, 1 study comparing
typing behavior of participants recently diagnosed with
Parkinson disease to the typing behavior of healthy controls
found AUC values of 0.76 (when administered at home) versus
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0.83 (when administered in clinic) [59]. A second study
comparing participants with Parkinson disease to healthy adults
on motor function during an activities of daily living task found

slightly higher accuracy, sensitivity, and specificity when the
task was completed at home [87].

Figure 4. Forest plot of the validity of sensor-derived digital measurements of motor function. Middle points represent the point estimate effect size
Pearson r, and the surrounding bars represent 95% CI. Colors indicate the type of validity criteria used.
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Table 2. Summary table of the between-study and within-study findings on the differences in the validity of sensor-derived measurements of motor
function across various groups.

Within-study findingsBetween-study (ie, meta-analytic) findingsAre there differences in the
validity of sensor-derived
measures of motor function
as captured

Insufficient data to evaluateUsing mass market devices
vs medical sensors?

• No: digital technology vs mass market digital technolo-
gies (P=.22); mass market digital technology vs
medical devices (P=.21); digital technology vs medical
devices (P=.32)

Insufficient data to evaluateAt specific sensor locations? • No: wrist vs ankle (P=.73); wrist vs chest (P=.73);
wrist vs hand (P=.54); wrist vs thigh (P=.59); wrist
vs back (P=.63); wrist vs pocket (P=.78); wrist vs
nonwearable (0.31)

• No: ankle vs chest (P=.46); ankle vs hand (P=.38);
ankle vs thigh (P=.73); ankle vs waist (P=.60); ankle
vs back (P=.49); ankle vs pocket (P=.65); ankle vs
nonwearable (P=.58)

• No: chest vs hand (P=.30); chest vs thigh (P=.39);
chest vs waist (P=.70); chest vs back (P=.82); chest
vs pocket (P=.50); chest vs nonwearable (P=.89)

• No: hand vs thigh (P=.58); hand vs waist (P=.75);
hand vs back (P=.78); hand vs pocket (P=.42); hand
vs nonwearable (P=.53)

• No: thigh vs waist (P=.86); thigh vs back (P=.73);
thigh vs pocket (P=.54); thigh vs nonwearable (P=.40)

• No: waist vs back (P=.87); waist vs pocket (P=.39);
waist vs nonwearable (P=.24)

• No: back vs pocket (P=.45); back vs nonwearable
(P=.48); pocket vs nonwearable (P=.50)

No; 1 study found AUCa values of 0.76 (when administered
at home) vs 0.83 (when administered in clinic) [59]. A

home vs in the laboratory? • No; P=.33

second study found slightly higher accuracy, sensitivity,
and specificity when the task was completed at home [87].

No; One study found high Pearson r validity coefficients
(r>0.50) for over 40 distinct motion outcomes but very low

In longitudinal vs cross-sec-
tional studies?

• No; P=.29

validity coefficients for a handful, including deflection rage
roll (measured in degrees), mean sway velocity roll (mea-
sured in degrees per second), and up-down deviation
(measured in centimeters) [69]. A second study found
Pearson r validity coefficients above 0.50 for variables re-
lated to steps taken, distance, and speed, but coefficients
below 0.50 for variables related to angles (eg, trunk, hips,
ankle, trunk, upper limb, and full body) [78]. A third study
found Pearson r validity coefficients above 0.50 for gait,
arising from chair, body bradykinesia, hypokinesia, and
overall posture and validity coefficients below 0.50 for
rigidity of lower and upper extremities axial rigidity, pos-
tural stability, legs agility, and tremors in lower or upper
extremities [98].

Insufficient data to evaluateIn healthy vs motor impaired
patients?

• Yes; validity higher among healthy adults, z score
3.19, P=.001
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Within-study findingsBetween-study (ie, meta-analytic) findingsAre there differences in the
validity of sensor-derived
measures of motor function
as captured

No; One study was able to detect movement best when
using random forests relative to support vector machines
and naïve Bayes [55]. A second study found that both
neural networks and boosting outperformed support vector
machines and Fisher linear discriminant analysis [90]. A
third study found neural networks performed better than
other bagging algorithms including random forest, multi-
layer perception, decision tree, support vector machine,
and naïve Bayes [64]. A fourth study found support vector
machines performed better than logistic regression and
decision trees [80]. A fifth study found that random forests
based on Ridge regression outperformed those based on
Lasso, or Gini impurity, and that linear support vector
machines outperformed logistic regression and boosting
[103]. The sole consistent pattern that emerged was that
supervised machine learning techniques performed better
than unsupervised techniques (eg, naïve Bayes).

• Insufficient data to evaluateUsing different feature detec-
tion algorithms?

Insufficient data to evaluate• Insufficient data to evaluateUsing particular motion
sensor signal types?

No; One study found AUC values >0.90 for 998 detected
features, with a drop to 0.75 when based on the top 30
features [49]. A second study concluded “Accuracies ob-
tained using the 30 most salient features were broadly
comparable with the corresponding sensitivity and speci-
ficity values obtained using all 998 features” [42].

• Insufficient data to evaluateUsing all vs a subset of fea-
tures?

No; Although algorithm training typically occurred across
a sample, several studies took the approach of starting the
algorithm (feature detection) using data across all partici-
pants but then allowing each patient to vary in later stages
such as feature selection or determining thresholds
[34,54,63,68]. Validity estimates from this smaller group
of studies were similar in magnitude to those studies that
applied the same features and thresholds to the classification
of all participants.

• No; P=.48With the thresholds held
constant across patients vs
patient-specific thresholds?

Insufficient data to evaluate• No; P=.16Using clinically supervised
vs nonsupervised assess-
ments of patient clinical sta-
tus?

Insufficient data to evaluate• Yes; trimming outliers is beneficial, z score 2.10,
P=.04

With outliers trimmed vs re-
tained in the feature detec-
tion stage?

Insufficient data to evaluate• No; P=.74With transformed data vs
untransformed data?

Insufficient data to evaluate• No; P=.60With standardized data vs
unstandardized data?

aAUC: area under the curve.

Discussion

Principal Findings
To our knowledge, this is the first systematic literature review
to evaluate the degree to which wearable and mobile
technologies provide clinically valid measures of motor function
in mobility-impaired and healthy adults. The identified literature
generally consisted of proof-of-concept studies, which aimed
to pilot a device and assess whether it could validly measure
motor functions. Consequently, most studies used a short

follow-up period (<1 week) and had a total sample size of <50
participants. Unsurprisingly, many of the longitudinal studies
prioritized nonsupervised measures. Even so, taken together,
these studies provide a respectable evidence base supporting
the potential these movement sensors have to inform clinical
practice.

As the eligibility criteria for our review were inclusive in terms
of population, we identified a large range of disease types, which
were all but one (chronic obstructive pulmonary disease)
nervous system condition (Table 1); however, the most common
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disease was Parkinson disease, with stroke and Huntington
disease coming in a very distant second and third place. The
strong focus on Parkinson disease in this literature may be
because of its prevalence or perhaps because motor function
symptoms are a major characteristic of Parkinson disease for
diagnosis and prognosis assessment purposes, making Parkinson
disease an ideal model disease for testing the use of mobile
technologies [127]. However, it is most probably a mixture of
these 2 hypotheses. Parkinson disease is also one of the few
diseases with Food and Drug Administration–approved devices
(eg, NexStride and Personal KinetiGraph), which assesses motor
function to inform treatment decisions. The field would benefit
from additional study of mobile technology–assessed motor
function among other neurological diseases, including multiple
sclerosis, spinal muscular atrophy, amyotrophic lateral sclerosis,
and Alzheimer disease. In addition, future studies might consider
the advantages of assessing digital devices per neurological
impairment (such as difficulties in ambulation or upper limbs)
rather than per disease.

Successful integration of wearable-based movement data into
clinical tools requires both analytic validation and clinical
validation. However, most of the reviewed literature compared
wearable sensor-derived motion data to omnibus measures of
functioning or disease progression (ie, clinical validation). More
studies need to perform analytic validation by comparing
wearable sensor-derived motion data to the same motions
measured by another source (eg, observer assessment and
motion-capture technology). Observed motions may be highly
correlated with omnibus assessments of motor skills or disease
status (ie, clinical validation), but the foundation of approval
as a clinical end point can only be met if the motions identified
using the sensor have been shown to be the exact motions that
have been approved by the governing or regulatory body. Using
as an example the EMA’s recent approval of 95% stride velocity
as an approved secondary end point in Duchenne muscular
dystrophy, appeal to the EMA’s approval of wearable sensor
stride velocity data as an end point for a given study requires
evidence that when the used algorithm claims to measure stride
velocity (95th percentile), there be evidence that the algorithm
has, in truth, measured stride velocity. Future research in this
area should focus their attention on analytic validation.

There was considerable variation in methodological approaches.
The review revealed one of the key reasons why this field may
still show such inconsistency in analytic approach; it is still
developing. Evidence of this is seen in which motion variables
could be identified by the algorithms. Despite the hundreds of
motion-derived outcome variables identified across these studies,
not all theoretically meaningful motions could be recovered.
One study of participants with Parkinson disease concluded,
“Unfortunately, we failed to find parameters that reflected
fatigue (decrement response) and hesitation (intertap
irregularity), which are characteristics of motor dysfunction in
Parkinson’s disease” [110]. Those authors offered that more
precise definitions of fatigue and hesitation may be needed to
recover them in clinical settings with a smartphone-based
tapping test similar to the one used in that study. In addition,
the motor functions viewed by some authors as theoretically
relevant were occasionally overshadowed by nonmotor signals.

The tendency for studies to report diminishing returns after a
certain point for additional motion signals is statistically
analogous to other clinical efforts to identify causal markers
from a multitude of candidates, which revealed many initially
flagged markers as spurious [128]. Future studies should include
graphical displays to identify inflection points (similar to the
scree plot in factor analysis or the elbow plot in latent class
analysis) to help show where the statistical signal (or true score)
from additional motions becomes outweighed by statistical
noise.

The moderate to high validity coefficients reported in the
identified literature may support the potential for sensor-derived
motor function data from digital health technology tools to
eventually contribute to screening, diagnosis, and monitoring
of neurological diseases in particular. No significant differences
in analytic or clinical validity estimates were found when
comparing data generated by mass market devices (eg,
smartphones, smartwatches, and Fitbits), game consoles (ie,
Nintendo Wii and Microsoft Kinect or Xbox), and marketed
motion sensors (eg, ActiGraph, ActivPAL, Axivity, Dynaport,
KinetiSense, Opal devices, and PAMSys-X). Furthermore, the
motion data provided by these technologies produced equivalent
validity estimates in laboratory-based and home-based settings.
This further supports the future potential for digital measurement
solutions to provide clinically meaningful data and eventually
become the gold standard for assessing motor behaviors. The
degree and rate of application for motor function data from these
devices to clinical practice will depend on how soon clear
evidence bases are established for given sensor locations for
given movements of interest.

Translation of these motor signals into clinical application is
aided by demonstrating sufficient validity outside the scripted
protocols of a controlled laboratory setting. The reviewed
literature showed that scripted motion tasks were important
when only a few minutes of motion data were to be captured.
Furthermore, motion data from unscripted everyday living with
longer data collection periods were also shown to be adequate
and deemed complementary, as episodic scripted assessments
of confined tasks might not capture the complex spectrum of
potentially altered components of motor function in an
unconstrained ecologic setting [129].

As a whole, the reviewed literature revealed several best
practices as well as a few cautionary tales for mobile or wearable
sensor-based movement data. Although cross-validation
techniques all seek to counteract the inflation of validity
coefficients that can occur during machine learning techniques,
they can produce different results [42]. Despite these best
practices, there remained indirect evidence of model overfitting
in the form of some abnormally high validity coefficients in the
final models (ie, specificity of 1.0, which is perfect) [130,131].

The reviewed literature also highlights areas to consider during
the development of any clinical application. One illustration
from this review is the critical role of thresholds [132], which
require researchers to decide between manual versus automatic
thresholds [133] and global versus person specific [134].
Leveraging the strengths of these modeling approaches while
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keeping them robust and flexible will be important to consider
as they are scaled up to create clinical applications [132].

Comparison With Previous Reviews
We identified a number of similar literature reviews during our
study selection [12-20]. All identified reviews synthesized their
evidence qualitatively, and none provided a quantitative
synthesis of the validity of motion data generated from these
sensors among patients with neurological conditions. Of the 9
identified reviews, 1 was narrative [16], whereas the remaining
were systematic reviews. None of the systematic reviews
focused on neurological disorders. Overall, 2 reviews focused
specifically on swimming motions [12,13], 2 were focused on
older adult patients with no specific disease [15,19], and 2
reviews focused on only upper [14] and lower limb movements
[18]. Of the remaining 2 systematic reviews with similar
objectives and scope to that of our own, the paper by Díaz et al
[17] aimed to review the current literature on the use of wearable
sensors in gait, balance, and range of motion analysis. Diseases
of participants also varied across their 56 included studies and
included a mix of neurological disorders (eg, Parkinson disease,
Alzheimer disease, and multiple sclerosis), as well as stroke,
amputees, and healthy participants. Similar to our own review,
the authors found that most body-worn devices were complex
to use and required strong experience in data analysis to interpret
the collected information. In addition, the authors pointed out
a need for further validation and improvements in sensor systems
for them to be used as reliable and accurate clinical devices. A
second systematic review conducted by Kristoffersson and
Lindén [20] provided a qualitative synthesis of 73 published
articles on wearable body sensors used for health monitoring.
Similar to our review, the authors found that included studies
were generally observational in design and small in sample size.
These methodological considerations should be taken into
account for future studies testing clinical devices for assessing
motor function.

Strengths and Limitations
One strength of this review is that it includes more studies than
any other review of similar scope that we identified during our
study selection process [12-20]. This review is unique relative
to other reviews on this same topic because it summarizes the
validity estimates across the included studies instead of simply
describing the characteristics of the samples and sensors
involved [15-20]. This provides an evaluation of the degree of
validity produced by such sensors. An additional strength was
that we identified several meaningful patterns in this literature
(eg, an absence of consistency in analytic approaches, equivalent
validity of motion data collected at home or in a laboratory, and
higher validity coefficients for healthy adults), which can help
guide future research in this area. A final strength of this review
is that it addresses statistical issues in this field. Although most
reviews in this research area are silent as to statistical concerns,
the findings of this review are consistent with the small group
of previous reviews, which have also noted the statistical
challenges present in this literature [12-14].

A limitation of this review is insufficient statistical power to
address several questions of interest because of the
methodological inconsistency and resulting sparseness across

studies. A second limitation of this review is that the literature
showed some signs of potential bias, which could limit the
trustworthiness of the aggregate effect sizes. Examples of
potential bias identified during the study quality assessment
were that few studies provided a clear description of whether
data were available for all participants throughout the study,
and no studies corrected for potential selection biases in their
analyses. In addition, it is unclear whether the patterns seen in
the funnel plot and elsewhere are evidence of publication bias,
selective outcomes, or an artifact of the dominant analytic
approaches in this field. Much of the reviewed literature has
focused on clinical validation, with less than one-fourth of the
studies performing analytical validation. As important as clinical
validation is for establishing the clinical and real-world utility
of sensor-derived motion data, more studies are needed that
focus on the fundamental step of analytic validation. An
additional limitation may be the fact that some diseases are not
as prevalent or well-studied than others, which may have
impacted their representation in our analyses. Finally, our review
was restricted to publications available in the English language.
Therefore, some technologies being investigated for motor
function assessment in non–English-speaking countries may
have been missed.

Considerations for Future Research
Several questions we initially hoped to answer in this review
could not be addressed because of lack of consistency across
studies (eg, which technology or sensor is used, where the sensor
is placed, which motions are required by participants,
preprocessing steps, feature detection and selection algorithms,
and number of motion features retained for the prediction
algorithm). Even within studies examining the same disease
state, there was limited consistency in these characteristics. As
a result, we cannot say which movements and motion outcomes
produce the most valid indicators of different neurological
disease states, or what data preprocessing, feature processing
engineering, and analysis should be considered best practices
for converting raw sensor-derived motion data into meaningful
digital measurements or biomarkers. It was notable that many
of the most common movements from the larger clinical
literature (eg, reaching, sit-to-stand, tracing, and pointing)
appeared so infrequently in this literature. This lack of
consistency in the literature could have affected the validity
estimates [135-139], and the lack of harmonization across
studies limits any inference about methodological or analytic
decisions [140].

An earlier review described continuous monitoring using
movement-detecting wearable sensors as a potential source of
ground truth for motor function data, which were previously
available only through participant self-reports [141]. On the
basis of the reviewed literature, the field cannot yet provide this
type of objective truth. An existing algorithm needs to be applied
to multiple samples without additional adjustments or
enhancements and show an aggregate performance that
approximates the estimates provided by the studies included in
this review. No analytic technique will solve this issue; the only
true solution is replication attempts in new samples. Researchers
should report how many of the detected features were moved
to feature selection to give readers a sense of how many features
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were excluded, a sense of the parsimony of the resultant model,
and an awareness of how likely it is that the model may have
been overfit. Care must be taken to design the classification
algorithm in a way that maximizes the likelihood that it can
perform equally well in future samples. This priority needs to
be evaluated at each stage of the analysis: data set preparation,
preprocessing, feature extraction, algorithm development, model
development or validation, and analytical or clinical validation.

Conclusions
In conclusion, sensor-derived motion data can be leveraged to
validly predict disease status for a variety of neurological
conditions. Future research will elucidate to what extent
sensor-derived motion data may yield robust and transformative
digital measurements intended to quantify, diagnose, and predict
neurological disease state and its longitudinal change.
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Abstract

Background: Ongoing efforts worldwide to provide patients with patient-accessible electronic health records (PAEHRs) have
led to variability in adolescent and parental access across providers, regions, and countries. There is no compilation of evidence
to guide policy decisions in matters such as access age and the extent of parent proxy access. In this paper, we outline our scoping
review of different stakeholders’ (including but not limited to end users) views, use, and experiences pertaining to web-based
access to electronic health records (EHRs) by children, adolescents, and parents.

Objective: The aim of this study was to identify, categorize, and summarize knowledge about different stakeholders’ (eg,
children and adolescents, parents, health care professionals [HCPs], policy makers, and designers of patient portals or PAEHRs)
views, use, and experiences of EHR access for children, adolescents, and parents.

Methods: A scoping review was conducted according to the Arksey and O’Malley framework. A literature search identified
eligible papers that focused on EHR access for children, adolescents, and parents that were published between 2007 and 2021.
A number of databases were used to search for literature (PubMed, CINAHL, and PsycINFO).

Results: The approach resulted in 4817 identified articles and 74 (1.54%) included articles. The papers were predominantly
viewpoints based in the United States, and the number of studies on parents was larger than that on adolescents and HCPs
combined. First, adolescents and parents without access anticipated low literacy and confidentiality issues; however, adolescents
and parents who had accessed their records did not report such concerns. Second, the main issue for HCPs was maintaining
adolescent confidentiality. This remained an issue after using PAEHRs for parents, HCPs, and other stakeholders but was not an
experienced issue for adolescents. Third, the viewpoints of other stakeholders provided a number of suggestions to mitigate issues.
Finally, education is needed for adolescents, parents, and HCPs.

Conclusions: There is limited research on pediatric PAEHRs, particularly outside the United States, and on adolescents’
experiences with web-based access to their records. These findings could inform the design and implementation of future regulations
regarding access to PAEHRs. Further examination is warranted on the experiences of adolescents, parents, and HCPs to improve
usability and utility, inform universal principles reducing the current arbitrariness in the child’s age for own and parental access
to EHRs among providers worldwide, and ensure that portals are equipped to safely and appropriately manage a wide variety of
patient circumstances.
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Introduction

Background
Patients being enabled to read their health records on the web
is a growing phenomenon. Patient-accessible electronic health
records (PAEHRs) commonly include clinical information (eg,
physician visit notes, laboratory test results, medications,
diagnoses, and referrals), and enabling patients to access their
electronic health records (EHRs) is thought to promote patient
empowerment by involving patients in their own care [1]. The
term open notes is often used to describe the specific practice
of giving patients access to the free-text entries written by
clinicians [2] and is considered an important part of any PAEHR.
The websites that host PAEHRs, commonly developed by
so-called EHR vendors, are often referred to as patient portals
and, for the purposes of this study, patient portals will refer to
tethered, secure websites that hold any type of health
information recorded by a health care provider that users have
access to. Today, health institutions in >15 countries are
developing patient portals [3], and there is continuous adaptation
of legal frameworks at a national level to improve use and ensure
patients’ privacy [3,4].

An often-cited challenge to PAEHR implementation concerns
how to manage access for parents, children, and adolescents
[3]. The transfer of proxy access being managed by the parent
or guardian (hereafter referred to as parents) into own access
for the child is often conducted during adolescence, with the
aim of protecting the adolescent’s privacy as well as to support
the transition to adulthood. The need for protection arises as
the individual begins seeking care for sensitive medical
conditions such as mental health or reproductivity. The child’s
need for autonomy in their relationship with their health care
professional (HCP) is compromised during shared access with
parents. So far, providers and countries have approached this
dilemma in different ways. For example, the access age of the
child varies, as well as when parents lose access and the age
when patients gain self-access to their records. In some countries
(eg, Finland and Estonia), parents are provided access (unless
actively restricted by the child), whereas in other countries (eg,
Sweden and Norway), parents are blocked from accessing
records by law when their children reach a certain age threshold
[5]. In France, adolescents receive access at the age of 18 years,
when, in turn, the parents lose access. Decisions regarding
earlier access in France can also depend on the perceived
maturity of the minor. In many countries and regions, a lack of
continuity in access to care is apparent [3]. In the United States,
policies regarding age and privacy exceptions are dependent on
state laws, which vary throughout the country. In 2021, the 21st
Century Cures Act made it mandatory for health care providers
to provide every patient with free electronic access to their
clinical notes [6]. There is a possibility for withholding
confidential information; however, questions still remain [7].

Evidently, the current lack of an international consensus on
regulations for EHR access for parents, children, and adolescents
has led to great variability.

The research of views, use, and experiences of PAEHRs to date
has focused on HCPs and patients of the general adult
population. The effects of PAEHRs are not conclusive, yet they
indicate benefits including improved medication adherence and
self-care as well as improved relationships between patients
and their physicians [8-10]. However, a growing yet scarce body
of literature is exploring access to EHRs for parents, children,
and adolescents in particular. Although parents appreciate
having access to their child’s records into adolescence [11],
shared access to PAEHRs for parents and adolescents runs the
risk of causing ethical dilemmas for HCPs. For example, some
health information may be considered sensitive by adolescents,
such as health care data pertaining to the disclosure of alcohol
or drug abuse, sexual activity, or stigmatized illnesses such as
anxiety or depression. Adolescents have also been observed to
withhold information from HCPs if they are uncertain about
who may access it [12,13]. With regard to adolescents’
self-access, it is thought that EHR access offers information
transparency that might contribute to patient empowerment and
enhanced health care; however, evidence suggests that the
adolescent population requires targeted analysis. To date, one
systematic review [14] has examined patient portals among
pediatric patients. The review included only parents and
adolescents and focused on empirical studies, and 10 of the 11
studies were based in the United States. Mostly positive
feedback was found; however, there was some concern about
medical literacy and its effects on the communication between
adolescents, parents, and HCPs.

Study Objectives
The objective was to identify, categorize, and summarize
knowledge about different stakeholders’ (eg, children and
adolescents, parents, HCPs, policy makers, and patient portal
designers) views, use, and experiences of PAEHR access for
children, adolescents, and parents. The findings will aid policy
makers in designing future regulations regarding EHR access
for parents and adolescents and potentially improve the design
and implementation of PAEHRs to meet the needs of the end
users. The concept “view” refers to attitudes, expectations, and
thoughts; “use” refers to portal feature use and use rates; and
“experience” includes experiences pertaining to, for example,
satisfaction, concerns, and literacy. We use the definition of
Davis et al [15] for a scoping review—“a synthesis and analysis
of a wide range of research and nonresearch material to provide
greater conceptual clarity about a specific topic or field of
evidence”—with the adjustment of not including nonresearch
material because of restrictions of the study search strategy. We
defined policy maker as an agent with capacity or responsibility
for deciding policies on PAEHRs (either national, regional,
institutional, or as an HCP). The following research question
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was examined in detail: how do different stakeholders
experience children’s, adolescents’, and parents’ web-based
access to the EHRs of children and adolescents? With regard
to experiences of HCPs and HCP experts (among other
stakeholders) who document in the records or manage the
records within their professions, we focused on how these
individuals perceive or are affected by the situation where
children, adolescents, and parents have access to the EHRs of
children and adolescents.

Methods

Scoping Review Approach
The full protocol for this review has been published previously
[16]. To summarize, a literature search on PAEHRs for children,
adolescents, and parents was conducted using the Arksey and
O’Malley [17] framework. The framework includes six stages:
(1) identifying the research question; (2) identifying relevant
studies; (3) study selection; (4) charting the data; (5) collating,
summarizing, and reporting the results; and (6) consulting with
relevant stakeholders. To ensure reproducibility and traceability,
the scoping review was conducted according to the PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) extension for Scoping Reviews (PRISMA-ScR)
checklist to report our results (Multimedia Appendix 1) [18].

Stage 1: Identifying the Research Question
Our research question was as follows: how do different
stakeholders experience children’s, adolescents’, and parents’
web-based access to the EHRs of children and adolescents?

Stage 2: Identifying Relevant Studies
A comprehensive literature search was conducted on June 23,
2021, by an experienced research librarian at Uppsala
University, who provided the research team with the results
immediately after conducting the search. The search included
the following electronic literature databases: PubMed, CINAHL,
and PsycINFO. The search included peer-reviewed literature
published between 2005 and September 2021, where the year
2005 was chosen as a cutoff as we expected to not identify any
relevant publications on pediatric PAEHRs before this. Search
terms were identified using input from the research team and
the literature. The references of the identified articles were
scanned backward to identify prior work to consider for the
research topic. The search query with Boolean operators was
presented in the published protocol [16].

Stage 3: Selecting Eligible Studies
The inclusion and exclusion criteria were informed by the review
process and were applied at the study selection stage.

Inclusion Criteria
Studies were included if they met the following criteria: (1) the
patient user population was children, adolescents, and parents;
(2) the population studied was children, adolescents, parents,
HCPs, and other stakeholders; (3) outcomes were views, use,
or experiences of access or proxy access to PAEHRs; and (4)
the study design was all study types.

We defined patients aged ≤12 years as children, patients aged
13 to 18 years as adolescents, and those aged ≥18 years as adults.
However, to increase the number of eligible studies for the
adolescent population, the age of 19 to 20 years was included
if a study participant group included a majority of adolescents
(eg, aged 15-19 years).

Exclusion Criteria
Studies were excluded if they (1) were not written in English,
(2) were published outside the study period, or (3) did not focus
on pediatric PAEHRs.

Search Strategy
The search results were imported into the software program
Rayyan (Rayyan Systems Inc) [19] according to the following
headings: publication type, publication year, country, sample
characteristics, setting, study aim, research question, and
conclusions. Duplicates were removed. Titles and abstracts were
screened by the authors with consideration of the eligibility
criteria. The articles were divided between the investigators
(excluding IS) so that each article was screened by at least 2
people. Any disagreements were resolved through group
discussion and, if needed, with the addition of a third reader.

Stage 4: Charting the Data
The first author set up a Microsoft Excel spreadsheet to which
all researchers added information independently, including the
following study characteristics: reference ID, type of
identification, title, authors, year, journal, type of publication,
study design, participant description, country, treatment setting,
clinical field, research question, and main conclusions. The first
author held the main responsibility for verifying the accuracy
of the data (Multimedia Appendix 2 [11,20-92]). If the abstract
and title were insufficient for assessment, the full text was
screened. Multiple authors could provide an assessment of the
same paper, and instances of disagreement were resolved
through discussion. In the second stage, full-text papers were
evenly assigned to 2 authors. Instances of disagreement were
resolved through discussion and sometimes by bringing in a
third reader. The ideas that emerged during the process were
discussed among the authors in regular meetings set up by the
main author.

Stage 5: Collating, Summarizing, and Reporting the
Results
The results reported in the included studies were compiled and
read multiple times. In the Microsoft Excel spreadsheet, papers
were categorized according to the stakeholder group studied:
children and adolescents, parents, HCPs, or expert viewpoints.
In total, 2 students categorized the viewpoints into three groups:
(1) experts, such as HCPs, IT experts, or researchers; (2) policy
makers; and (3) public opinion. In a meeting, 2 authors were
assigned to each stakeholder group through discussion, where
the first of the following authors listed was mainly responsible:
children and adolescents were assigned to JH and BH, parents
were assigned to MH and SH, HCPs were assigned to CB and
IS, and viewpoints were assigned to JH and MH (as first and
senior author, respectively). The results from the included
studies were then independently analyzed and jointly drafted
in a shared Google Docs. For organization of the results, key
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themes were adapted from a previous scoping review of the
literature on PAEHRs in mental health [93]. These were refined
by the main author using thematic analysis [94]. During this
process, the material was gathered according to themes, and
themes were reviewed and defined. This synthetization of results
was conducted primarily by the main author but was discussed
in research team meetings.

Stage 6: Consultation
To gain further insights on the topic, the results were shared
with stakeholder representatives, including a pediatric
oncologist, members of a young patient council at a public
hospital in Sweden, and the Ombudsman for Children in
Sweden. The representatives were provided with material via
email and invited to choose to provide their thoughts in text via
email or verbally during a web-based meeting.

Results

Study Selection
Figure 1 shows the study selection process in a PRISMA
diagram [95]. In total, 4817 records were identified, of which
4808 (99.81%) were identified via a database search and 9
(0.19%) were identified via other sources. After removing
duplicates, 99.71% (4803/4817) of the records remained for
screening of abstracts, titles, and keywords. In this process,
97.71% (4693/4803) of the records were excluded, resulting in
110 full-text articles to be assessed for eligibility. As a result
of this, 1.6% (77/4817) of the total records identified met the
inclusion criteria. During the analysis, 0.06% (3/4817) of the
records were excluded, leaving 1.54% (74/4817) of articles
included in the review.

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram adapted from Moher et al [22]. PAEHR:
patient-accessible electronic health record.

Basic Characteristics of the Body of Evidence
The included studies were mainly viewpoint papers or used
quantitative methods (Table 1), and 92% (68/74) were based in
the United States (Figure 2). The number of articles published

in the area of PAEHRs for parents, children, and adolescents
was fairly stable over time (Figure 3), ranging from 3% (2/74)
of the articles in 2007 to 16% (12/74) in 2021. An increase can
be observed for 2018 and 2021, and none of the articles during
these years belonged to a special issue.
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Table 1. Basic characteristics of the included studies (N=74).a

Total, n (%)Parameter

Study design

27 (36.5)Viewpoint or comment

27 (36.5)Quantitative

13 (17.6)Qualitative

7 (9.5)Mixed methods

Publication year

7 (9.5)2007-2009

7 (9.5)2010-2012

13 (17.6)2013-2015

23 (31.1)2016-2018

24 (32.4)2019-2021

Country

3 (4.1)Australia

1 (1.4)Canada

1 (1.4)New Zealand

1 (1.4)United Kingdom

68 (91.9)United States

Study participantsb

6454 (5.5)Children and adolescents

110,184 (94.1)Parents

496 (0.4)Health care professionals

34 (45.9)N/Ac (no participants or not specified; studies)

Treatment setting

34 (45.9)Pediatric

15 (20.3)Adolescent

2 (2.7)Adult

15 (20.3)Inpatient

20 (27)Outpatient

1 (1.4)Academic

7 (9.5)N/A

Clinical field

6 (8.1)Chronic illnesses (cystic fibrosis, juvenile idiopathic arthritis, or diabetes mellitus)

4 (5.4)Psychiatry

4 (5.4)Intensive care

2 (2.7)Gastroenterology

2 (2.7)Hematology

2 (2.7)Obstetrics and gynecology

2 (2.7)Neonatal care

1 (1.4)Cancer

1 (1.4)Cardiology

1 (1.4)Pulmonology
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Total, n (%)Parameter

1 (1.4)Emergency

1 (1.4)Hepatology

1 (1.4)Subspeciality

1 (1.4)Radiology

7 (9.5)N/A

aIndividual papers can be assigned to various subparameters at the same time, which means that percentage totals of >100% can be achieved.
bThe number of study participants was accumulated based on empirical and observational studies that included a reported number of study participants.
cN/A: not applicable.

Figure 2. Included publications by country and studied stakeholder group. HCP: health care professional; UK: United Kingdom; USA: United States
of America.
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Figure 3. Number of publications by year.

Search Results
The results were divided into four groups of stakeholders: (1)
children and adolescents, (2) parents, (3) HCPs, and (4) other
stakeholders. For children, adolescents, and parents, the
identified categories were adoption and use, positive views and
experiences, and concerns and negative experiences. For HCPs,
the identified categories were positive views and experiences
and concerns and negative experiences. For expert analysis or
viewpoints, the identified categories were positive views and
experiences and concerns.

Children and Adolescents

Overview
Views, use, or experiences of PAEHRs among children and
adolescents comprised a relatively small part (16/74, 22%) of
the included studies. Of these 16 studies, 14 (88%) were
conducted in the United States, 1 (6%) was conducted in
Australia [20], and 1 (6%) was conducted in Canada [21]. Most
of these studies were observational (6/16, 38%), followed by
surveys (4/16, 25%), qualitative studies (focus groups or
interviews; 3/16, 19%), and mixed methods studies (2/16, 12%).
Only 1 opinion paper was included, authored by a male patient
aged 15 years [22]. Survey studies ranged from 20 [23] to 1006
[21] participants. Qualitative studies used focus group interviews
(2/16, 12% of the studies) [20,24] and individual interviews
(1/16, 6% of the studies) [25]. The most frequent care settings
were pediatric inpatient care, primary care, psychiatry, and
nonclinical care. In total, 12% (2/16) of the studies focused on
the general population [20,21]. Observational studies focused
on adoption and use over time, demographic data, and frequently
used functions of patient portals [26-31], whereas survey studies
explored satisfaction with reading the records [23,32,33],
literacy [23,32], intervention effects [33], attitudes toward
web-based patient portals [21,34], and barriers to adoption [34].
The studies included adolescents aged between 12 and 20 years,
and 12% (2/16) of the studies included patients aged ≥18 years
[21,32]. A few studies (2/16, 12%) included adolescents and
proxy users and did not distinguish adolescent patients from
proxy users in their analyses [26,31].

Adoption and Use
A number of studies (4/16, 25%) reported low adoption and use
of patient portals among adolescents compared with other age
groups [27-29,31]. In a US study, 11% of patients aged 10 to
17 years had activated an account at a patient portal
implemented 3 years before [27]. Similarly, a study that allowed
for surrogate access and individual accounts for patients aged
>13 years with parental consent found that adolescent patients
composed 16.5% of all log-ins, although use increased during
late adolescence [29]. A study based in Canada identified an
age-related difference where younger adolescents (aged 12-15
years) were more open than older adolescents (aged 16-19 years)
to sharing their notes with parents [21]; however, a US study
with a smaller sample size observed a similar tendency but no
significant difference [33]. For adolescent patients with cancer,
the perceived value of record access decreased during recovery
[35]. Knowledge of PAEHRs was reported as low not only
among adolescents without access to a patient portal in US
studies [21,24,34] but also in a focus group study based in
Australia where adolescents had access to their EHR from the
age of 14 years [20]. The studies were inconclusive on gender
differences in adolescents’ PAEHR adoption, finding either no
differences [30,33] or a greater inclination among female
patients [27]. In 6% (1/16) of the studies, male patients aged
between 12 and 17 years had the lowest percentage of viewing
their results in the patient portal (<1%) [28]. A study of 96
urban, low-income African American late adolescents in
outpatient care found that male patients were more likely than
female patients (P=.001) to consider allowing proxy access
[33]. Regarding mode of access, adolescents in 12% (2/16) of
the studies reported a preference for smartphones or tablet
devices over computers [34,35].

Positive Views and Experiences
Studies that explored views on PAEHRs among adolescents
who had not previously accessed their records identified a strong
interest in access [20,21,24,33,34]. For example, among 1006
adolescents, 84% supported the idea that adolescents should be
able to read their records on the web [21]. Adolescents wished
to receive information about EHRs from HCPs according to

J Med Internet Res 2022 | vol. 24 | iss. 11 | e40328 | p.207https://www.jmir.org/2022/11/e40328
(page number not for citation purposes)

Hagström et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


their future needs [20,24]. Notably, an intervention study in
which adolescents in primary care were informed about a patient
portal observed an increase in portal account activation but not
in use [33].

Positive expectations were confirmed by adolescents reading
their records, with high satisfaction reported by studies in
gastroenterology (9.2/10) [32], psychiatry (8.8/10) [23], and
primary care (79%) [33]. In the study by Hong et al [35],
adolescents with cancer and blood disorders read their records
to ensure accuracy and check for updates. For these adolescents,
reading their records led to reduced anxiety, enhanced
knowledge about their illness, an ability to ask informed
questions, and more reflection on their health. If needed, they
consulted the internet or asked their parents. A US study
conducted in a psychiatric ward found that having record access
led patients’ trust in their health provider to either increase or
remain the same [23]. In total, 12% (2/16) of the studies
observed adequate literacy, with almost no exceptions among
patients in psychiatry [23,32]. Both adolescents with and without
experience of having access to their records foresaw
empowerment [22,24,25,35]; a male patient aged 17 years stated
in an opinion paper [22] that access “could help my generation
learn about our health care system” and “encourage
[adolescents] to take more responsibility for our health.” Patients
with cancer anticipated that PAEHRs could support the
transition from pediatric to adult care [35]. A high school senior
in hematology who had used a patient portal suggested that the
records could be jointly managed by themselves and their
parents during the transition to adult care [25].

Better recall was an anticipated benefit among adolescents who
did not access their records [20,22]. Furthermore, adolescents
who did not have access to their records foresaw the utility of
checking test results [21,24,34], messaging [20,24], viewing
medications [20,21,34], reading visit notes [20], reviewing
appointments [21,24], and viewing allergies [24]. In primary
care contexts, adolescents valued being able to ask questions
via email rather than in person, particularly concerning sensitive
information [24]. Similarly, the most accessed information in
observational studies was commonly test results [27,30,35],
messaging [27,31,35], appointments [27,30,35], and medications
[30,35]. Reminders were considered useful for planning around
daily life [25,33,35], and a frequently asked questions section
was suggested for ease of use [24].

Adolescents with cancer or a blood disorder who had accessed
their records reported no concerns about what their parents
would see in the EHR [35]. In an institute providing primary
and mental health care that used a patient portal where a minor’s
consent was required when aged >10 years to release
information to parents, HCPs had received no complaints about
confidentiality from adolescents since the implementation [27].
In an Australian focus group study, a participant noted that, in
spite of valuing privacy, timely access to medical data in a
critical situation was more meaningful [20].

Concerns and Negative Experiences
Although relatively few, the leading concern was health literacy
among adolescents. Adolescents without access to their EHRs
expressed worry about not being able to understand and

appropriately interpret the information in the EHRs [21,24].
Among patients in psychiatry who read their records, half
reported not understanding the discharge criteria [23]. In studies
where adolescent patients had the option to suggest note
changes, edits concerned personal history and anthropometrics
[23] as well as allergies and medication reconciliation [32].

Concerns about internet security and confidentiality whereby
parents might access their EHR were expressed by adolescents
with no access to their records and who were patients in an
outpatient or nonclinical setting [21,24]. A teenager in another
study suggested that the relationship with the parent may affect
the teenager’s feelings toward parental access, and in case of
shared access, a private email option would be useful [25].
Adolescents without EHR access reported feeling uncomfortable
with sharing their health information on social media [21].

Parents

Overview
Parents’ and guardians’ experiences with web-based access to
health records comprised more than a third of the studies (33/74,
45%). Of these 33 studies, 31 (94%) were conducted in the
United States, 1 (3%) was conducted in Australia [36], and 1
(3%) was conducted in the United Kingdom [37]. The most
common studies were surveys (10/33, 30%), followed by
qualitative (9/33, 27%), observational (9/33, 27%), and mixed
methods (5/33, 15%) studies. Among these were an opinion
piece coauthored by a parent [25] and a usability test where 16
parents evaluated the usability of a patient portal prototype [38].
The most common settings were pediatric inpatient care,
outpatient care, in-hospital care, primary care, congenital cardiac
surgery, and hematology. The observational studies focused on
adoption and use over time, demographic data, and frequently
used functions of patient portals. The qualitative studies included
both individual interviews (5/33, 15% of the studies, whereof
1/5, 20% also included observations) and focus group interviews
(3/33, 9% of the studies). The survey studies ranged from 25
[39] to 3672 [40] participants. A total of 12% (4/33) of the
studies had <100 participants, and only 6% (2/33) of the studies
had >500 participants. Of the survey studies, 12% (4/33)
explored parents’ thoughts about using a web-based patient
portal [41-43] or their teenagers using such a portal [44] in the
future. Of the remaining 8 survey studies, 3 (38%) focused
specifically on errors in the record and patient safety issues
[26,40,45]. In total, 6% (2/33) of the studies did not distinguish
between parents and patients in their analyses [40,45].

Adoption and Use
The studies reported high rates of patient portal adoption and
use among parents during the first years of the child’s life
[29,30]. In both Australia and the United States, studies
identified the highest rates of patient portal activation for the
youngest children of both sexes aged 0 to 11 [28] and 0 to 14
years [36]. In studies that required the assent of older adolescents
for parental access, parents’ use of patient portals decreased. A
study of a patient portal that required such assent received no
applications for unrestricted access, and 80.4% of parents or
guardians who enrolled had children aged <10 years [27]. In a
longitudinal study where there were no restrictions, 93.62%
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(16,036/17,128) of all pediatric patients during the study period
had a surrogate (parents or legal guardians), and surrogate users
accounted for 83.2% of all log-ins for adolescent patients [29].
There was higher use among parents of children with chronic
diseases [46]. Another study observed a 100% adoption rate
among parents as proxy users for children aged 0 to 11 years,
whereas merely 5.9% of parents of adolescents enrolled [30].

In an inpatient setting, a study [47] found that 27.89%
(530/1900) of families created a patient portal account, 47.8%
(238/498) used the portal within 3 months of registration, and
15.9% (79/498) continued using the portal 3 to 6 months after
creating the account. A US study identified disparities in social
demographics; parents who identified as Hispanic, Asian, or
“other races” than White were less likely to use a patient portal,
which was hypothesized to be related to language barriers and
device accessibility [48]. The same and another study identified
that privately insured parents were more likely to enroll in portal
activation than those with public insurance [46,48]. In a study
in which 12 children died during the study period, most families
continued accessing their children’s records after their death
[49]. A study of parents of children with
attention-deficit/hyperactivity disorder found that, although half
of the participants used their home computer to read the records,
one-third accessed the portal on their smartphone and that
barriers to use included lack of awareness, lack of internet
access, lack of time, and password problems [50]. Schneider et
al [37] identified four different use styles families at a children’s
hospital in the United Kingdom applied to access the children’s
records: controlling (approach-oriented and highly motivated
to use PAEHRs), collaborating (approach-oriented and
motivated to use PAEHRs), co-operating (avoidance-oriented
and less motivated to use PAEHRs), and avoiding (very
avoidance-oriented and not motivated to use PAEHRs).

Positive Views and Experiences
Several studies (4/33, 12%) focused on parents’ expectations
or thoughts about PAEHR use before actually having
experienced access to their child’s EHR [24,42,51,52]. In a 2013
US study, parents were approached in the waiting room and
given a demonstration of the patient portal. A total of 72%
(46/64) of the participants had not heard of the patient portal
before, and only 28% (5/18) of those who had heard of the portal
had used it. Nearly 70% (44/64) of the parents intended to use
the patient portal after the demonstration [42]. Expectations
were mostly positive and confirmed by studies with parents
who had experience of record access, yet concerns were also
discussed, which will be presented in the following section.

Better recall or reinforcement of information was reported as a
benefit in many studies (7/33, 21%) [24,38,45,51-54], as was
improved parental knowledge and understanding of their child’s
health [39,51,53,55-59,96] and a sense of control [39]. In
addition to access to information, parents reported enhanced
communication and partnership with providers
[11,39,45,51,53,55-58]. In a study on parents of hospitalized
children, the addition to the PAEHR of pictures of staff taking
care of the child was highly appreciated [58]. Another reported
benefit was not having to bother clinicians [56,57,96]. As
anticipated by parents of hospitalized children [51], having

access to the child’s record also improved parental
empowerment and the parents’ability to advocate for their child
[11,43,53,55,56]. Furthermore, parents of children with cancer
or chronic illnesses described reduced anxiety as a positive
result of having access to their children’s records [11,96]. The
benefit of error detection was both reported by parents who had
experiences of accessing their child’s records [35,55,56,58] and
anticipated by those who did not [51].

Records were used to prepare for discussions with clinicians
[35,39,56], formulate questions, and ask for explanations
[35,56]. Another study observed that parents used the portal to
ask questions about their children’s minor illnesses and request
medication refills [27]. In studies in which parents were asked
for suggestions for portal improvement, they often cited more
information, such as a portal use tutorial [56], more educational
links and resources [57,58], medical explanations or
interpretations [38], and clarification of medical jargon [38].
However, in a survey study of 25 parents with real-time access
to their children’s EHR, none considered notes more confusing
than helpful [39].

Studies varied in the available portal features and details of
reporting use. In total, 6% (2/33) of the studies provided a
similar broad functionality, consequently seeing a similar use
where one study [30] found high use of appointment reviews
(85%), messaging (84%), test results (79%), and immunizations
(79%) and the other [46] found parents to frequently access
immunizations (80%), messaging (72%), appointment reviews
(55%), and test results (50%).

Parents of children who were seriously ill consistently reported
positive experiences, for example, parents who had immediate
access to laboratory test results in an inpatient portal during a
child’s hospitalization [55] and parents of children diagnosed
with cystic fibrosis, juvenile idiopathic arthritis, or diabetes
mellitus [11]. Chung et al [43] reported that 92% (78/85) of
parents of hospitalized neonatal children wished to receive
information even if it was “bad news.” A study among parents
of patients in pediatric radiology found that, although only
12.1% (18/104) accessed a web-based portal to check their
children’s test results, 65% prioritized minimal waiting time as
the most important aspect for receiving results [60].

Some studies explored parents’ views on their teenagers
accessing their own records, and parents saw it as a way for the
teenagers to take better control of their own health care [24,96].
When parents of adolescents in juvenile detention were asked
for their opinion on giving their teenagers access to their health
records, 70% were positive, and 100% felt that the adolescent
should be able to share this information with their parents
through the web-based system [61]. Parents also felt that the
PAEHR would be useful when transitioning to adult care or
another care provider [35,51].

Concerns and Negative Experiences
Before having access to the record, parents worried about
information being released without face-to-face communication
[51,53]. When it came to adolescents having access to their own
records, parents had privacy concerns that the portal might be
hacked [61], that the teenager would be pressured to share
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information [61], or that billing of confidential services would
cause privacy breaches [24]. Some requested that parents be
required to consent to teenagers having access to portals [24,61]
and were worried that teenagers would make appointments
without parents knowing and wanted to be informed about email
conversations [24]. Moreover, parents worried that adolescents
might not reveal sensitive information if they knew it would be
visible to their parents [51]. In a US survey study of 93 parents
where half were parents of adolescents, 68% were negative
about their children receiving information from their HCP
through a secure web portal [44]. In a study in which parents
of children in an intensive care unit were provided with real-time
EHR access on a large monitor, parents expressed concern about
visibility to bypassers [56]. Issues around parents’ loss of access
to the record as the child enters adolescence were highlighted
by Carlson et al [25], suggesting that record access needs to be
an integrated part of the transition from childhood through
adolescence and into adult health care. In the study by Hong et
al [35], it was found that parents of teenagers with cancer would
act as intermediaries in communication with HCPs as teenagers
preferred to discuss their health with their parents rather than
with clinicians. Thus, proxy access was considered essential.
Parents in this study also expressed concerns about negative
results being immediately available to teenagers, worrying that
they might cause anxiety [35].

Some felt that teenagers may not understand all medical
information, including test results [24], and that they might use
the portal inappropriately and would need education [24,25].
Medical jargon was reported as an expected challenge in several
studies (4/33, 12%) [38,43,51,96] as well as not being able to
interpret complex results without context or explanation [56].
Parents of teenagers with cancer reported searching on the web
to help make sense of the medical record and seeking additional
information not readily available on MyChart [35]. Among 270
parents in a pediatric outpatient setting, 52.5% expected to read
the medical records if they had access to them, with one-third
indicating that they “sometimes” needed help reading health
materials [41]. In another US study, 5% of surveyed parents of
children with cancer reported understanding the notes to be
“somewhat” or “very difficult” [59]. However, a study found
that, among patients and families finding a serious mistake in
visit notes, only approximately half reported the mistake,
barriers including lack of knowledge of how to report but also
fear or retribution [40].

Among concerns about PAEHRs, increased confusion, distress,
or anxiety were anticipated by parents with no access [53]. Both
parents with and without experience of PAEHRs worried about
record access impairing the parents’ relationship with the
provider [11,53] and, in turn, negatively affecting collaboration
[53]. Another concern stemmed from empathy with HCPs,
worrying that parental record access could increase the workload
and lead to complications [51,53] or restrict communication
between HCPs through the record [51].

HCP Stakeholders

Overview
Comparatively fewer studies (11/74, 15%) explored HCPs’
experiences of or opinions on web-based access to EHRs for

children, adolescents, and parents. Of these 11 studies, 8 (73%)
were conducted in the United States, 2 (18%) were conducted
in Australia [20,62], and 1 (9%) was conducted in the United
Kingdom [37]. Most of these studies (6/11, 55%) were
qualitative (focus groups or interviews), although the sample
sizes were small; 18% (2/11) of the studies had a sample size
of 1 [23,25]. In total, 9% (1/11) of the studies used a web-based
survey [63], and 18% (2/11) used paper-based surveys [43,52].
Many studies (6/11, 55%) recruited representatives from a wide
variety of clinicians, including, for example, specialist
physicians, general practitioners, hospitalists, nurse practitioners,
nurses, mental health clinicians, physician assistants, dietitians,
physiotherapists, and pharmacists [20,37,43,53,62,63]. Survey
studies ranged from 1 [23] to 212 [63] participants. Notably,
only 18% (2/11) of the studies exclusively solicited the views
of pediatric health professionals [62,64]. Several studies
explored HCPs’ broad experiences with sharing PAEHRs with
patients and parents [37,52,62]; a few focused on HCPs’
anticipation of the practice among children or adolescents and
parents [25,43,53]. In total, 18% (2/11) of survey studies
exclusively focused on providers’ perspectives on adolescent
confidentiality with PAEHRs [63,64]. Only 12% (1/8) of the
US studies reported on both accessibility and age of access: of
212 clinicians, 87.6% reported that their institution offered
PAEHRs to both the adolescent and their parent or guardian,
and most (69.1%) reported a minimum age requirement, with
most (42.2%) citing between 12 and 14 years [63].

Positive Views and Experiences
Studies that explored HCPs’ experiences with PAEHRs among
children or adolescent patients and parents reported positive
experiences. For example, among 96 providers with experience
sharing access at a children’s hospital, Kelly et al [52] found
that 92% wanted patients and parents to continue to use the
portal. They reported that patients and parents asked questions
about the information they read, including laboratory test results
(45%), medications (13%), and errors or mistakes in their care
(3%). Exploring the views of HCPs in pediatric settings, Janssen
et al [62] found that staff appreciated enhanced communication
with patients, especially regarding coordinating appointments
with parents and the potential for families or patients to ask
questions. A study soliciting the views of 1 provider working
in an adolescent inpatient psychiatric setting reported that
clinical note sharing helped inpatient counseling sessions and
compliance [23]. A study including 25 physicians identified
experiences of increased transparency, improved documentation,
reassurance or validation of concerns, and enhanced care plan
clarity [39].

Among the anticipated benefits of sharing PAEHRs with child
or adolescent patients and parents among HCPs with no
experience of the practice, Kelly et al [53] reported that
clinicians (including 8 nurses, 5 residents, and 7 hospitalists)
predicted reinforced information, improved parental knowledge
and empowerment, enhanced parent communication and
partnership with providers, and increased provider accountability
and documentation quality. Among 133 surveyed medical
professionals, Chung et al [43] reported that 63.2% (84/133)
believed that parental access may help identify incorrect
information, and 61.7% (82/133) believed that access may
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reassure parents of the care provided to their child. In a
qualitative study based in Australia by Beaton et al [20],
school-based clinicians anticipated that adolescent patients with
multiple providers would benefit from reduced duplication of
investigations, ineffective treatment strategies, and more timely
access to information.

Concerns and Negative Experiences
In several studies (4/11, 36%), patient confidentiality breaches
and managing private patient information among children and
adolescents was the leading concern [20,25,63,64]; as 1 surveyed
clinician noted, “Privacy is just the biggest thing” [20]. In 18%
(2/11) of the studies, HCPs reported that, despite sharing
PAEHRs with other patients, they had precluded sharing
information with adolescents because of privacy concerns, such
as that savvy parents would be able to access it [20,25]; attesting
to this, lack of clinician familiarity with PAEHR utility and
technical implementation among minors was another expressed
concern in both studies. Among clinicians with experience of
PAEHRs, in a US study of 212 clinicians, nearly 4 in 10 (39.6%)
were not at all confident that their EHR maintained privacy for
minors, with 81.7% expressing concerns about maintaining
confidentiality [63]. In another US study of 26 pediatric health
care providers with experience of sharing PAEHRs with
adolescents, Stablein et al [64] reported that confidentiality
concerns affected documentation practices, such as worries that
all HCPs involved in the child’s care will not be aware of what
information in the record is private from parents versus what
the parent needs to know, in addition to the fact that the record
has a multifold purpose (eg, billing and communication with
families). As a result, providers reported selectively omitting
or concealing information and using codes on the EHR designed
to alert other providers to confidential information.

Kelly et al [53] reported that HCPs with no experience of the
practice (including 8 nurses, 5 residents, and 7 hospitalists)
foresaw increased provider workload, heightened parental
confusion, distress or anxiety, impaired parental relationship
with providers, and compromised note quality and purpose. In
a US study, 34% (17/50) of attending and intern physicians
were concerned that parents would be confused by reading their
child’s notes [39]. Among 133 surveyed medical professionals,
Chung et al [43] reported that 114 (85.7%) believed that parental
access may make medical professionals apprehensive about
charting certain information, and 75 (56.4%) believed that
parental access may increase the time spent updating parents,
with approximately half (64/133, 48.1%) believing that parental
access may increase the probability of a lawsuit. A study of
inpatient pediatric physicians with experience of access found
that 11% reported increased workload and 4% reported not
being satisfied with portal use by patients or families [52].

Other Stakeholders

Overview
The viewpoints of other stakeholders on pediatric PAEHRs
constituted most of the included studies (30/74, 41%). These
studies comprised three types of stakeholders: (1) experts (27/30,
90%) such as HCPs, IT experts, or researchers; (2) policy
makers (4/30, 13%); and (3) the public (1/30, 3%). Of these 30

studies, 28 (93%) were conducted in the United States, 1 (3%)
was conducted in Canada [21], and 1 (3%) was conducted in
New Zealand [65]. The aim of many studies (15/30, 50%) was
focused on ethical issues related to adolescent PAEHRs, and a
few (2/30, 7%) described the development of a portal solution
[66,67].

Positive Views and Experiences
Viewpoints focused mainly on concerns (which we describe in
the following section) but included a number of positive views
of PAEHRs for a pediatric population. Among informants from
25 medical organizations, it was stated that adolescent patients
with chronic diseases benefited the most from parents having
access [68]. In fact, pediatricians claimed that parents of children
with chronic diseases should be offered full access to their
children’s EHRs [69]. Jasik [70] advocated that PAEHRs could
be useful in health education, in support of care transition for
adolescents with chronic illnesses, and in risk behavior
screening. Several viewpoints (3/30, 10%) argued that adding
educational materials to the PAEHRs may facilitate literacy and
comprehension for families [67,71,72]. Some noted unfulfilled
potential for pediatric PAEHRs, for example, in the areas of
patient data contribution [66], developmental screening [73],
and research trial participation [74].

Green-Shook [75] anticipated that HCPs’ control of their
schedule may increase with PAEHRs because of communication
with patients via messaging rather than telephone, an
anticipation that was subsequently observed in a primary care
setting [48]. Several papers (4/11, 36%) reported a need for
availability on mobile devices to increase accessibility and
practicality for users [67,69,70,74], and a medical director
developing a mobile PAEHR app advocated for the integration
of various functions in one app [67].

Concerns
Most viewpoint papers included concerns about adolescent
confidentiality [72,73,76-84]. HCPs in gynecology and
psychiatry reported that adolescents may be less willing to seek
health care if they are uncertain about confidentiality [82,83],
and 83% of respondents in a public opinion survey [85] deemed
adolescents less likely to discuss sensitive issues with HCPs
when parents had access to their EHRs. An American
organization advocating for adolescents’ health warned that
adolescent aversion toward PAEHRs caused by confidentiality
concerns and an uneven internet access could increase health
disparities [86].

The studies described concerns in terms of portal functionality.
Many insisted on an option for HCPs to label information as
confidential [68,69,76,83,87] and enable adolescents to restrict
parental access [80,86], some pointing to the variable definition
of “sensitive” [68,81], which portal features contain such
information [83], and division into “portions” of notes [84].
Psychiatric PAEHRs have been noted as unique in need of
confidentiality, and Kendrick and Benson [83] listed portal
functions that may hold information pertaining to sensitive
topics in mental health, noting that sexual activity, gender
identity, and substance abuse may be accessed in all portal areas.
Bayer et al [80] posited that the release of sensitive information
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to the parent should require the adolescent’s consent, whereas
Bourgeois et al [88] urged HCPs to carefully review notes to
prevent leakage of sensitive information. Not only concerning
children, 7% (2/30) of the studies noted the need for protecting
caregiver privacy [73,76]. In fact, medical professionals favored
customizable controls of information display for both parents
and adolescents [69], and several studies prompted considering
family circumstances [65,89]. A group of pediatricians suggested
that structured data content could improve efficiency and
consistency [73].

Jasik [70] asserted a lack of stakeholder investment in PAEHR
development for adolescents and that current portals are usually
not designed to deal with privacy issues. Attesting to this,
pediatricians noted that adolescent access to patient portals is
hindered by time-consuming decision-making and lacking
technology and manpower and that implementation variability
is a result of absent guidelines and vague laws [68].
Anoshiravani et al [69] proposed that portal access for
adolescents should be limited until the privacy functionality is
more robust.

Set age limits for patient and parental access to mitigate
confidentiality issues has raised concerns and been the topic of
much debate. Taylor et al [89] suggested different content access
for three subgroups in the pediatric population (aged <13 years,
13-18 years, and >18 years) based on information sensitivity.
Various studies (2/11, 18%) held that default ages may enable
long-term consistency [65,68], allow for automated notifications,
and facilitate policy making [65]. Conversely, viewpoint papers
cautioned that age-based loss of access could seriously affect
families reliant on EHR access in the care for a child [68]. With
regard to the transition from child to adult, Sittig and Singh [78]
discussed the transfer of EHRs created when the patient was a
child, whereas Bourgeois et al [88] reported that their institution
provided access “prospectively,” keeping confidential
information suppressed also when the individual became an
adult.

Several viewpoints (3/11, 27%) advocated for education on
PAEHRs for various stakeholders [75,86,87], for example, that
early HCP-initiated conversations with parents and adolescents
may reduce parental concerns, increase acceptance [65], and
set clear expectations [88]. Obstetrician-gynecologists have
argued that adolescents should be informed if parents will have
access to the EHRs [84], and Sherek and Gray [90] stated that,
when possible, parents need to be informed of how to extend
access to the child’s record. In a short paper, the American
Academy of Child and Adolescent Psychiatry [91] provided
advice for parents on questions for their child’s psychologist.
In total, 13% (4/30) of the studies noted that insurance claims
can lead to confidentiality issues [75,80,84,87], especially with
uninformed use of the PAEHRs. The importance of guidance
for staff has also been stated [69,88,92] as well as
communication between staff and EHR vendors [68]. In
pediatric psychiatry, Nielsen [81] advocated for training
graduate students in penning PAEHRs. On the topic, a group
of pediatric gastroenterologists recommended removing
irrelevant details, not labeling emotions, and spell-checking
[71].

Among other concerns, Gracy et al [73] described the divergent
needs of pediatric portals compared with those of adult
populations. Spooner [72] listed the critical areas for pediatric
PAEHRs as immunizations, growth tracking, medication dosing,
patient identification, norms for pediatric data, and privacy.

Visual Summary of Stakeholders’ Expectations and
Experiences
Figure 4 presents a visualization of the findings on adoption
and use among adolescents and parents. Furthermore, Figure 5
provides a visualization of the findings based on expectations
and experiences. Here, “expectations” is, as mentioned
previously, a type of view in which the stakeholder has no
previous experience of web-based record access.

Figure 4. Summary of results of adoption and use of patient-accessible electronic health records among parents and adolescents. FAQ: frequently asked
questions.
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Figure 5. Summary of results of expectations and experiences of patient-accessible electronic health records among children/ and adolescents, parents,
health care professionals (HCPs), and other stakeholders. Green text depicts positive views and experiences, and red text depicts negative views and
experiences. Color in the various boxes illustrates the distribution of positive and negative views and experiences for the stakeholder group.

Discussion

Principal Findings
The results of the 74 studies included in this scoping review
contribute to the understanding of factors associated with
stakeholders’ views, use, and experiences of children’s,
adolescents’, and parents’ web-based access to the EHRs of
children and adolescents. The reviewed studies consistently
observed positive views and experiences on the part of parents
and particularly of adolescents, whereas HCPs and other
stakeholders held many concerns. In this section, we will (1)
compare stakeholders’views on and experiences with PAEHRs,
(2) discuss some of the challenges that are unique to the
PAEHRs of children and adolescents, (3) comment on the
implications for design and implementation, and (4) suggest
future research.

Limitations
Although it followed the scoping review methodology, the
review was limited by not assessing the quality of the included
studies. By only including studies written in English, we may
have missed important papers written in other languages.
Considering that 92% (68/74) of the included studies were based
in the United States, we do not know whether an information
bias affected the findings. Among the identified studies, some
merged adolescents with young adults or parent proxies, which
complicated the analysis of specific groups. Furthermore, the
studies’ definitions of adolescents varied, with the upper age
limit ranging from 17 to 20 years. The studies did not always
distinguish between positive and negative views or experiences.
For example, the provision of education and guidance could be

deemed as both a benefit and a concern. Furthermore, several
expert viewpoints provided recommendations for the future
based on concerns about PAEHRs, omitting to mention benefits.
For the purpose of this study, we referred to the effects of
PAEHRs that appeared beneficial to the patient as “benefits.”
Finally, conducting stakeholder consultations after completing
the review prevented any integration of their results into the
study. Future scoping reviews may wish to invite stakeholders
to a more active participation earlier or to provide input
throughout the process.

Expectations Versus Experiences Among Adolescents
and HCPs
The findings suggest a similar pattern for adolescents to that
previously observed in adult populations [9,10,93,97-99], where
adolescents’positive experiences contrast with HCPs’concerns.
For example, HCPs and parents imagined that adolescents would
not understand the information in their notes and experience
negative emotions as a result. However, adolescents reported
high satisfaction and literacy even in the much-debated field of
psychiatry. Another interesting aspect was that, although
adolescents who had not previously accessed their EHR notes
did have concerns about not understanding the notes and what
parents may have access to, those with experience of accessing
their records reported no such concerns.

A possible explanation for this might be a different perspective
as most nonobservational studies exploring adolescents’
experiences with PAEHRs (4/5, 80%) included patients with
serious illness or in inpatient settings. It might be that children
and teenagers with serious illnesses may have a better
understanding of medical jargon. In addition, they may be
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familiar with being dependent on parental insight into their care
and involving parents in their health care issues. Thus, the
adolescent’s desire for privacy is likely to depend on many
factors, and there is still a need to provide confidentiality for
those who require it, which was mentioned in many viewpoint
papers.

The one existing review in the field [14] did not include
expectations of PAEHRs; however, its findings in terms of
experiences were aligned with our included evidence. For
example, there was enthusiasm among adolescents and interest
among parents in using patient portals, whereas medical literacy
and confidentiality were the main concerns. Similarities are not
surprising as, of the 11 included papers in the aforementioned
review, only 3 were not included in this review (because they
did not have a focus on pediatric PAEHRs). Except for not
focusing on expectations, among the differences were that the
previous review included use barriers and clinical outcomes
and did not include the perspectives of HCPs and other
stakeholders.

Interestingly, all but one of the parents’ concerns about
adolescents’ confidentiality referred to external parties rather
than the self as a parent as a threat to their adolescent’s privacy.
It is difficult to explain this result, but it might be related to the
fact that parents have been found to value the importance of
their involvement highly out of concerns about not being
apprised of important information and uncertainty of the child’s
ability to manage their own care [100]. Instructing HCPs to
engage parents and adolescents in a dialogue on confidentiality
has been mentioned previously as a strategy to mitigate parents’
worries, although current extensive pressure on HCPs may
necessitate new approaches to such education.

Special Challenges for Pediatrics
A key challenge for PAEHRs is balancing confidentiality and
information privacy for adolescent patients with the need for
parental involvement in the adolescent’s care. Several viewpoint
papers focused on guidelines regarding when and how to grant
access to parents and adolescents. The results are inconclusive
and reflect the complexity of this issue. A health institute argued
that allowing for manual changes to parental access can signal
that the child has received some type of sensitive care [27]. Set
age limits for automatic gain and loss of access could be
beneficial, yet an extensive variety of potential circumstances
do call for customizability according to the situation. A lack of
investment and priority of portal development for adolescents
and parents was indicated, which one could argue causes a waste
of potential of PAEHRs and a loss for the health care system
in the long term. One such function advocated by numerous
viewpoints was the possibility of designating information as
confidential. Still, efforts to hide sensitive information from
parental view could be counteracted by parents evading the
system to access their adolescents’ accounts directly. If a parent
perceives their adolescent incapable or unwilling to manage
their own health care, they may consider it necessary and part
of their parental responsibility to find a work-around. A recent
UK article published outside the search period indicated that
more than half of the messages to adolescents’ accounts were
accessed by guardians [101]. In addition to protecting the

adolescent, a few papers stressed the importance of considering
caregiver privacy in cases where parents disclose confidential
information with regard to the child’s care. Furthermore, modern
family constellations vary, which may require the consideration
of access provision based on the type of parental or legal
guardianship. In a case study, health data coordinators at a US
medical center described using different rules of access for a
“natural or adoptive parent,” legal guardian, or stepparent [90].
The same institution denied parents aged <18 years access to
their child’s EHR before becoming an adult, highlighting another
potential issue. Differences between countries further complicate
the issue of PAEHRs in pediatrics; for example, the definition
of policy maker in the PAEHR context varies considerably by
country, whereby HCPs in some countries are required to decide
on policies themselves.

Consultation With Stakeholder Representatives in
Sweden
We consulted on the findings with a pediatric oncologist, a
young patient council at a public hospital in Sweden, and the
Ombudsman for Children in Sweden. All reported their feedback
via email. First, the pediatric oncologist reported not missing
any aspect in the results. She reported that she considered the
findings highly interesting and the biggest takeaway to be the
positive effects on adolescents and parents of reading the
PAEHRs and that security seemed to be the main cause of
worry. Second, the young patient council reported to the first
author, after discussion in a meeting, that the findings “looked
very good” and dovetailed with their own experiences of having
access to the EHRs. They reported that they had nothing to add
to our findings. Third, the Ombudsman for Children in Sweden
expressed positivity toward this overview as none has so far
been done. He had questions about the findings, such as about
results that confirmed his suspicions (eg, that male patients were
more likely than female patients to consider allowing proxy
access), as well as whether there was a complete lack of Swedish
studies. He also asked for clarification of one case of unclear
wording. An area that he saw as missing was the perceptions
of shared access among adolescents and parents. As a result,
we clarified some wordings and included the perspective of
shared access in the Results and Discussion sections.

Implications of the Findings
Consistent findings can be summarized into four implications
for PAEHR implementation: (1) adolescents and parents should
be educated on PAEHR use and confidentiality (eg, information
visibility for children, adolescents, and parents; possibility to
restrict information; reasons for age limits; children’s and
adolescents’ need for privacy; the moment when parents will
lose access; and procedures for parents to stay involved in the
child’s care); (2) HCPs should communicate with EHR vendors
and be educated on PAEHRs (eg, use; updates; privacy
functionality; and information visibility for children,
adolescents, and parents); (3) PAEHRs should be available on
mobile devices, and functions need to be integrated; and (4)
there should be options on a portal for HCPs and patients to
label information as confidential.
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Future Research
There is a lack of studies examining the effects of PAEHRs
among children and adolescents. Although the Nordic countries
are often considered to be at the forefront of PAEHR
implementation [1] and access has been available longer at the
national level in Sweden than in most other countries, no survey
studies targeting a pediatric population in Sweden have been
published to date. However, there is ongoing research within
the NORDeHEALTH project [1] (with some of the authors’
involvement) that aims to rectify this situation. One way is to
explore approaches that have already been implemented and
conduct comparative studies on the benefits and risks of access
or exclusions among children and adolescents. Owing to the
current scarcity, investigations with focus on literacy and
confidentiality in adolescent outpatient or nonclinical
populations are suggested. In addition, there is a need to explore
the anticipation of parents and adolescents that shared access
may support the transition to adulthood. Furthermore, there is
little evidence on the efficiency of PAEHRs in the pediatric
population, and work should be undertaken to better understand
the effects on documentation time for HCPs and the potential
cost-effectiveness of PAEHRs for families and adolescents in
the long term. Finally, questions remain with respect to how
PAEHRs affect the quality of documentation [102]. In this area,

the approach of natural language processing has been
increasingly used to quantitatively examine note changes, for
example, according to ethnicity and disease chronicity [103].

Conclusions
This study consisted of a scoping review of 74 studies on
PAEHRs for parents, children, and adolescents. Most studies
(27/74, 36%) were comment papers as, despite the urgency of
the matter, there is limited research, particularly regarding
adolescents’experiences with web-based access to their records
and outside the United States. Existing literature on pediatric
PAEHRs indicates a pattern similar to that observed in adult
populations, whereby adolescents’ and parents’ strong interest
and positive experiences of accessing the records are juxtaposed
with and obstructed by concerns among HCPs and other
stakeholders, confidentiality being the key issue. Our findings
could inform the design and implementation of future
regulations regarding access to PAEHRs. Further examination
of the experiences of adolescents, parents, and HCPs is
warranted to improve usability and utility, inform universal
principles reducing the current arbitrariness in the child’s age
for own and parental access to EHRs among providers
worldwide, and ensure that portals are equipped to safely and
appropriately manage a wide variety of patient circumstances.
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Abstract

Background: Digital health resources have the potential to assist women in optimizing gestational weight gain (GWG) during
pregnancy to improve maternal health outcomes.

Objective: In this study, we aimed to evaluate the quality and behavior change potential of publicly available digital tools
(websites and apps) that facilitate GWG tracking.

Methods: Digital tools were identified using key search terms across website search engines and app stores and evaluated using
the Mobile App Rating Scale, the App Behavior Change Scale, as well as criteria to evaluate the rigor and safety of GWG
information.

Results: Overall, 1085 tools were screened for inclusion (162 websites and 923 apps), and 19 were deemed eligible. The mean
Mobile App Rating Scale quality score was 3.31 (SD 0.53) out of 5, ranging from 2.26 to 4.39, and the mean App Behavior
Change Scale score was 6 (SD 3.4) out of 21, ranging from 19 to 0. Of the 19 items used to evaluate rigor of GWG advice, most
tools (n=11, 57.9%) contained ≤3 items.

Conclusions: This review emphasizes the substantial limitations in current digital resources promoting the monitoring and
optimization of GWG. Most tools were of low quality, had minimal behavior change potential, and were potentially unsafe, with
minimal linkage to evidence-based information or partnership with health care.

(J Med Internet Res 2022;24(11):e37552)   doi:10.2196/37552
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digital; gestational; weight; tracking; pregnancy
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Introduction

Gestational Weight Gain: An Overview
During pregnancy, gestational weight gain (GWG) is essential
to ensure the development of a healthy fetus [1]. However,
GWG below or above the recommendations is associated with
an increased risk of negative pregnancy outcomes and neonatal
conditions or complications [1-6]. Epidemiological data in over
1 million pregnancies globally reported GWG below or above
the recommended thresholds in 23% and 47% of all pregnancies,
respectively [7]. The associated risks of GWG below
recommendations include preterm birth and the delivery of a
small-for-gestational-age infant, whereas excessive GWG above
recommendations was associated with cesarean section,
macrosomia, and the delivery of a large-for-gestational-age
infant [6-8]. Long-term, excessive GWG is associated with
intergenerational adverse health risks, including obesity,
cardiovascular disease, and type 2 diabetes [1-5]. Therefore,
optimizing GWG during pregnancy in line with
recommendations is a global health priority.

Digital Health Engagement During Pregnancy
Digital health, including internet-based information and mobile
Health (mHealth) apps, have become popular and widely used
sources of health information for pregnant women, often
replacing traditional paper-based and supplementing face-to-face
health professional consultations [9-12]. However, the
attainment of credible internet health or mHealth information
is reliant on consumer health literacy and the ability to judge
the quality and accuracy of information. Given the tendency of
consumers to trust digital health information [13], this is
problematic, as health information is not always reliable or
current and can be confusing, overwhelming, and at times
potentially harmful [12].

During pregnancy, freely accessible web-based resources,
including trackers, calculators, or graphs, to record and
self-monitor GWG have the potential to assist women in
identifying whether weight gain is outside the recommended
thresholds. In conjunction with the promotion of healthy lifestyle
behaviors, these web-based resources have the potential to assist
women in achieving healthy GWG [14-16]. However, there is
currently limited information about the type of tools available,
their format (ie, web-based application or mobile app) and
functionality, credibility of the information provided, or their
ability to guide behavior change to positively impact GWG.
Evaluating digital tools that are publicly available to women to
monitor GWG during pregnancy is a critical gap to address,
given the risk of complications associated with excessive or
inadequate GWG and the need to ensure credible and reliable
self-monitoring tools for women during this time. Previous
research in this area is limited to evaluations of mobile apps
only and is primarily based on functionality [17] or a narrow
evaluation of selected apps based on predefined pregnancy
topics [18].

In this study, we aimed to evaluate the quality and behavior
change potential of publicly available digital tools (websites
and apps) that facilitate GWG tracking. Given the benefits of
self-weighing for weight management [16] and the high use of

digital health information during pregnancy [9-11], there is a
need to examine and review what is currently available to ensure
that pregnant women are being provided with evidence-based
information and tools that align with GWG recommendations.

Methods

The methods of this study have been informed by previous
reviews exploring the quality, features, functions, behavior
change capacity, and quality of digital applications and resources
[19-23].

Systematic Search
Searches were conducted in an Australian web browser using
website search engines (Google, BING, and Yahoo) and mobile
app stores (Apple AppStore, iOS and Google Play, Android)
using a combination of search terms emulating terms likely used
by end users, including pregnancy weight, pregnancy weight
tracker, pregnancy weight gain calculator, pregnancy weight
graph (website searches), and pregnancy weight, pregnancy
weight tracker, and gestational weight tracker (app searches).
Search terms were developed by a multidisciplinary team
comprising obstetrics and gynecology (O&G), midwifery,
nursing, dietetics and nutrition, and exercise physiology. Each
search term combination was entered individually in the search
engine. For websites, the first 2 pages of results for each search
term were screened for inclusion, similar to previous studies
[19,24,25]. For apps, searches were entered into the Google
Play and Apple App Store databases without any specified
search categories. All the retrieved app search results were
screened for inclusion. One reviewer (BRB) independently
reviewed all results, with a 100% cross-check of websites and
50% cross-check of apps completed by 2 additional independent
reviewers (CLH and RMG).

Inclusion Criteria and Selection Process
Websites and apps were included according to the following
criteria: publicly available or ability to download (free or paid,
but with free discovery capacity); written in or available in
English; title or description suggested inclusion of tools or
advice or resources relating to pregnancy weight gain; and
weight-tracking tool enabled multiple logs or entries of weight
across pregnancy (ie, not just 1 static weight log).

Apps that met the inclusion criteria were further filtered using
the following app-specific inclusion criteria: updated within 18
months from the search date, May 2021; user rating of ≥4.0
stars if ≥6 months old (apps <6 months were included
irrespective of user rating) as a proxy for app popularity per
previous research [21]; incorporation of a graph or chart or
illustration of GWG (ie, does not merely display the weight as
a numerical value); and presence of surrounding content about
pregnancy health and well-being. Apps that required
downloading to complete this step were screened for inclusion
by 2 researchers (BRB and RMG). If the apps available on
Google Play and Apple AppStore had contrasting user ratings,
the higher rating was carried forward and documented in the
app description results.
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Resource Evaluation

Overview
Eligible websites and apps were randomly allocated to 2
reviewers and independently reviewed on a mobile device. All
reviewers (AC, BRB, MJH, QVH, RMG, and SJdJ) have
expertise in public health and form a multidisciplinary team (ie,
O&G, midwifery, nursing, dietetics and nutrition, and exercise
physiology). Where the same app was available on both Google
Play Store and Apple App Store, app details and descriptions
were reviewed to ensure consistency across the 2 platforms and
downloaded for review on an Apple device. The reviews were
conducted from June to July 2021. Apps were user tested for
evaluation using numerous validated scales and relevant
questions (Multimedia Appendices 1-4) using a mock user
profile. Each app was explored until the reviewer had
familiarized themselves with the functionality and features of
the app, with a user experience consistent with other studies
[21]. Reviewers noted whether the app stopped functioning or
whether the features were not accessible. Following the review,
if there was a contradiction in reviewer responses, a third
independent reviewer was assigned to resolve item or items of
disagreement and establish consensus (BRB, CLH, and RMG).

Collections of user demographic and pregnancy-specific data
were recorded, including username; contact details (name, email,
phone, or other); date of birth or age; country of origin; gestation
(due date, last menstrual cycle, or date of conception); type of
pregnancy (singleton, twin, triplet, etc); parity (first, second,
third, etc); and preconception weight and height.

GWG Criteria
To evaluate the rigor and safety aspects of GWG management
information, GWG-specific criteria were developed by a
multidisciplinary team (Multimedia Appendix 1). The criteria
encompassed 19 items, including reference to published
international guidelines for GWG (ie, National Academy of
Medicine, previously Institute of Medicine [26]) with
personalization according to BMI; warnings, notifications, or
alerts for weight gain detected outside of recommendations;
direction or advice to consult a health professional if logged
GWG was outside of the recommendations; and dietary and
physical activity content and the development of content in
consultation with relevant health professionals (O&G,
midwifery, allied health, etc).

Mobile App Rating Scale
The Mobile App Rating Scale (MARS) is a 23-item evaluation
tool comprising 6 domains (Multimedia Appendix 2):
engagement, functionality, aesthetics, information quality,
subjective quality, and health topic specific [27,28]. Each item
is scored using a 5-point ordinal scale, with a mean score derived
for each domain. The first 4 domains, including engagement
(ie, incorporation of interesting, customizable, and
interactive—eg, sends alerts, messages, reminders, and feedback
and enables sharing—features targeted at the audience);
functionality (ie, ease of use, navigation, flow logic, and gestural
design); aesthetics (ie, graphic design, overall visual appeal,
color scheme, and stylistic consistency); and information quality
(ie, contains high-quality information from a credible source),

are combined and averaged to provide an overall app quality
score out of 5. A subjective quality score between 0 and 20 is
allocated by each reviewer. This section requires the reviewer
to rate whether they would recommend the app to people who
may benefit from using the app, how many times over 12 months
they would use the app if it was relevant to them, whether they
would be willing to pay for the app, and their overall app star
rating. The health topic–specific domain is an optional 5-item
section that can be adjusted to suit the topic area researched (ie,
GWG). This domain aims to assess whether the app is likely to
increase awareness of the importance of addressing GWG,
increase knowledge or understanding of GWG, change attitudes
toward improving GWG, increase intention or motivation to
address GWG, and encourage further help seeking for GWG.

The MARS also includes an App Classification section to obtain
information about technical features (Multimedia Appendix 2).
These items were recorded for descriptive purposes but did not
form part of the functionality rating. These features include the
app rating, obtained via the Google Play or Apple App Store;
the number of app downloads (derived from the Google Play
Store only as of August 2021; the Apple App Store does not
provide app download information, so this information is
precluded); whether the digital tool presented or required
agreement to terms and conditions or a disclaimer; required
log-in; allowed password protection; allowed sharing to social
media; allowed data export; had an app community; sent
reminders; required web access to function; and whether the
digital tool sent push notifications. All applicable criteria were
used for website evaluation, excluding ratings and downloads.

The App Behavior Change Scale
The App Behavior Change Scale (ABACUS) is designed to
evaluate the behavior change potential of smartphone apps and
websites across 4 domains (Multimedia Appendix 3) [22,23].
These include knowledge and information (ie, customized and
personal features, collection of baseline information, and
consequences for continuing or discontinuing behavior); goals
and planning (ie, goal setting, goal reviewing, updating or
changing, and willingness for behavior change); feedback and
monitoring (ie, easy-to-use self-monitoring tools and data
exporting or rewards or incentives); and actions (ie, reminders,
prompts or cues, planning for barriers, and assistance with
distractions or avoidance).

Quality Evaluation
Criteria to evaluate the quality of the health-related digital tools
were developed (Multimedia Appendix 4) and modified from
app review studies in the field authored by our group [19,20].
The criteria include statement of purpose of the app or website;
contact details provided (email, phone, or fax); ownership
disclosure (who owns the app or website); copyright; general
disclosures; general disclaimers; advertisement disclosures;
sponsorship disclosures; author or developer disclosures; author
or developer credentials (credentials and affiliations);
independence of sponsors or funders; references provided; and
type of references provided (a list of types provided, including
meta-analysis, randomized controlled trial, media, government
guideline, or option piece).
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Statistical Analysis
Descriptive statistics (mean and SD) and frequencies (numbers
and percentages) were calculated for all scales applied. The
reported percentages were rounded to the nearest whole number.
Intraclass correlation (ICC) scores were calculated to determine
the agreement between the MARS rating using SPSS statistical
software (version 25; IBM Corp). All analyses were conducted
using SPSS for Windows, with a significance level set at P<.05.
The following previously established categories for expressing
levels of reliability for ICC results were used: high reliability,
0.90 to 0.99; good reliability, 0.80 to 0.89; fair reliability, 0.70
to 0.79; and poor reliability, 0.69 or less [29].

Ethical Considerations
This study does not meet the criteria for human research and
thus did not require oversight from the authors’ institutions.

Results

A total of 1085 digital tools were screened for inclusion across
162 websites and 923 apps. After excluding duplicates, 89 digital
tools were retained for potential inclusion with 19 digital tools
eligible for analysis (Figure 1).

Figure 1. Flowchart of gestational weight gain (GWG) digital tool selection.

Characteristics and Overview of Digital Tools
Table 1 presents the main characteristics of the websites and
apps included in this study; further descriptions of tools are
available in Multimedia Appendix 5. All apps (n=18) were

available on the Google Play Store and 9 were available on both
the Google Play and Apple App Store. The 18 apps had a Google
Play or Apple App Store user-rating score ranging from 4.10
to 4.90, with a mean score of 4.64 (SD 0.22), and had been
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downloaded over 25 million times from the Google Play Store
alone. Most digital tools were associated with commercial
enterprises (17/19, 89%), whereas few were affiliated with
government services (1/19, 5%) and universities (1/19, 5%).
All apps had a free discovery capacity (ability to download and
use without payment), with total downloads per app ranging
from >500 to >10,000,000. Overall, 50% (9/18) of apps had
costs for app subscription and in-app purchases ranging from
Aus $1.99 to $79.99 (US $1.49 to $59.99; Multimedia Appendix
5); however, this did not impact the discoverability of content
or tools reviewed. The website (1/1, 100%) was free to access.

All digital tools were based on information or education (19/19,
100%) and monitoring or tracking (19/19, 100%), and the
majority included advice, tips, and strategies (15/19, 79%). A
small number of tools used assessment (3/19, 16%), feedback
(3/19, 15%), and goal setting (1/19, 5%). Technical aspects
included reminders (11/19, 58%), log-in requirements (11/19,
58%), app communities (5/19, 26%), password protection (4/19,
21%), and sharing options (eg, social media, app to app, or
email; 3/19, 16%). Only the website required web access to
function, with all apps able to be used offline. All collected
information about gestation (19/19, 100%) and most, but not
all, collected preconception weight (16/19, 84%) and height
(14/19, 74%; Table 1).
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Table 1. Technical aspects and characteristics of digital tools for GWG management.

WebbAppaVal-
ue, n
(%)

01181716151413121110090807060504030201

Theoretical background or strategies

✓✓✓✓✓✓✓✓✓✓✓✓✓✓c14
(74)

Ad-
vice or
tips or
strate-
gies or
skills
train-
ing

✓✓✓4
(16)

Assess-
ment

✓✓✓4
(16)

Feed-
back

✓1 (5)Goal
setting

✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓18
(95)

Infor-
mation
or edu-
cation

✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓19
(100)

Moni-
toring
or
track-
ing

Technical aspects

✓✓✓✓4
(21)

Al-
lows
shar-
ing
(social
media,
app to
app, or
email)

✓✓✓✓✓5
(26)

App
com-
muni-
ty

✓1 (5)Needs
web
access
to
func-
tion

✓✓✓3
(16)

Pass-
word
protect-
ed

✓✓✓✓✓✓✓✓✓✓10
(53)

Re-
quires
log-in

✓✓✓✓✓✓✓✓✓✓✓11
(58)

Sends
re-
minders
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WebbAppaVal-
ue, n
(%)

01181716151413121110090807060504030201

Information collected

✓✓✓✓✓✓✓✓✓9
(47)

Con-
tact de-
tails

✓✓✓✓4
(21)

Coun-
try or
loca-
tion

✓✓✓✓✓✓6
(32)

Date
of
birth
or age

✓✓✓✓✓✓✓✓✓✓✓11
(58)

Name

Pregnancy-related information collected

✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓19
(100)

Gesta-
tion

✓✓✓✓✓✓✓✓✓✓✓✓✓✓14
(74)

Height

✓✓✓✓4
(21)

Preg-
nancy
num-
ber
(ie,
first or
second
etc)

✓✓✓3
(16)

Preg-
nancy
type
(single
or
twins
etc)

✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓15
(79)

Precon-
cep-
tion
weight

aApp: apps included in ths study.
bWeb: website included in this study.
c✓: indicates technical aspects or characteristics present in the digital tool.

GWG Criteria
Gestational weight tracking was a major feature of most digital
tools, displayed prominently to users (15/19, 79%), in line with
our inclusion criteria (Multimedia Appendix 6). In total, 58%
(11/19) of digital tools provided weight recommendations based
on preconception weight and height. All other criteria were
present in less than half of the digital tools. Overall, 47% (9/19)
of tools encouraged an unspecified, healthy diet for optimal
GWG, and 37% (7/19) encouraged nonspecific, regular moderate
physical activity for optimal GWG. Very few (2/19, 11%) tools
alerted the user when their weight gain was outside of the
recommended range, and none directed the user to consult a

health professional if their weight entry was outside the
recommended range. Overall, of the 19 criteria, the majority
(11/19, 58%) contained ≤3 items, with 11% (2/19) having 0
items. The tool that met the most criteria for GWG was Web01
(9 of 19 criteria), followed by App17 (7 of 19 criteria) and
App06 (6 of 19 criteria); the name and description of tools can
be viewed in Multimedia Appendix 5. Refer to Multimedia
Appendix 1 for the complete GWG criteria and definitions.

MARS Results
The specific MARS scores for each digital tool are presented
in Table 2. The overall mean MARS quality score (comprising
engagement, functionality, aesthetics of tool, and the quality of
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general pregnancy-related information domains) ranged from
2.26 (lowest-rated app) to 4.39 (highest-rated app), with a mean
score of 3.17 (SD 0.75). Subjective ratings (ie, reviewer
recommendations, rating, and perceived monetary value) ranged
from mean 3.25 (SD 0.00) to mean 15.50 (SD 0.71), from a
potential score of 20; app-specific ratings (ie, GWG awareness,
knowledge, and understanding of GWG; attitudes toward
improving GWG; intention and motivation to address GWG;
and help seeking for GWG) ranged from 1.00 to 4.50, with most

(15/19, 79%) scores being 2.50 or less. Overall, the best-rated
section was functionality (mean 3.94, SD 0.63), followed by
aesthetics (mean 3.61, SD 0.69) and engagement (mean 3.19,
SD 0.63), compared with app-specific (mean 2.24, SD 0.84)
and information (mean 2.49, SD 0.68) domains, which scored
the lowest. ICC scores ranged from 0.671 (95% CI −0.169 to
0.946) to 0.996 (95% CI 0.076-0.999). Most ICC results showed
either high (10/19, 53%) or good (6/19, 32%) reliability.

Table 2. Mobile App Rating Scale (MARS) scoring.

ICCa (95%
CI)

F (app specif-
ic), mean (SD)

E (subjective),
mean (SD)

D (informa-
tion), mean
(SD)

C (aesthet-
ics), mean
(SD)

B (functionali-
ty), mean (SD)

A (engage-
ment), mean
(SD)

Overall MARS
quality score
(A-D), mean
(SD)

App or
web-
site name

0.935 (0.615
to 0.991)

2.70 (2.40)15.50 (0.71)4.07 (0.51)4.50 (0.24)4.50 (0.71)4.50 (0.71)4.39 (0.54)App06

0.973 (0.824
to 0.996)

2.30 (0.42)13.00 (0.00)2.72 (0.40)5.00 (0.00)4.75 (0.35)3.80 (0.57)4.07 (0.15)App12

0.836 (0.222
to 0.975)

4.50 (0.14)12.50 (3.54)3.79 (0.91)4.00 (0.47)5.00 (0.00)3.20 (0.28)4.00 (0.18)Web01

0.996 (0.976
to 0.999)

2.60 (0.57)3.25 (0.00)2.29 (0.00)4.00 (0.00)4.00 (0.00)4.10 (0.14)3.60 (0.04)App08

0.858 (0.349
to 0.981)

2.00 (0.57)8.00 (1.41)2.50 (0.51)4.34 (0.47)4.13 (0.88)3.30 (0.42)3.56 (0.11)App02

0.972 (0.817
to 0.996)

2.50 (0.42)8.50 (0.71)2.79 (0.10)4.00 (0.00)4.25 (0.00)3.10 (0.14)3.54 (0.01)App01

0.856 (0.285
to 0.978)

2.30 (0.99)10.00 (2.83)2.72 (0.21)4.34 (0.94)3.50 (0.35)3.50 (0.14)3.51 (0.24)App14

0.972 (0.999
to 0.817)

3.20 (0.28)11.50 (0.71)2.72 (0.21)3.33 (0.00)3.88 (0.18)3.70 (0.14)3.41 (0.06)App05

0.873 (0.349
to 0.981)

1.70 (0.42)7.50 (2.12)2.22 (0.30)4.00 (0.00)4.25 (0.35)3.10 (0.42)3.39 (0.27)App03

0.995 (0.962
to 0.999)

3.50 (0.14)12.50 (0.71)2.43 (0.00)3.50 (0.24)4.00 (0.00)3.60 (0.00)3.38 (0.06)App17

0.957 (0.729
to 0.994)

2.60 (0.57)9.50 (0.71)3.22 (0.30)3.33 (0.00)3.63 (0.53)3.20 (0.57)3.34 (0.08)App09

0.950 (0.693
to 0.993)

1.60 (0.28)10.00 (1.41)2.50 (0.10)3.50 (0.24)3.50 (0.00)3.50 (0.71)3.25 (0.10)App15

0.859 (0.296
to 0.979)

1.60 (0.57)7.00 (1.41)2.00 (0.00)3.50 (1.17)3.88 (0.18)3.20 (0.28)3.14 (0.41)App07

0.711 (−0.095
to 0.954)

1.70 (0.14)5.50 (2.12)2.43 (0.40)3.00 (0.95)3.50 (0.71)2.90 (0.71)2.96 (0.69)App11

0.713 (−0.090
to 0.954)

1.30 (0.42)6.00 (2.83)1.57 (0.00)3.33 91.41)4.38 (0.88)2.10 (0.14)2.85 (0.62)App10

0.972 (0.815
to 0.996)

1.90 (0.14)7.00 (0.00)1.86 (0.40)3.00 (0.00)3.88 (0.18)2.60 (0.57)2.84 (0.01)App13

0.864 (0.315
to 0.980)

1.50 (0.71)5.50 (0.71)2.22 (0.50)2.84 (0.23)3.13 (0.18)2.80 (0.00)2.75 (0.02)App16

0.671 (−0.169
to 0.946)

2.00 (1.13)6.50 (3.54)1.79 (1.11)2.50 (0.71)3.63 (0.53)2.50 (0.99)2.60 (0.83)App18

0.938 (0.627
to 0.991)

1.00 (0.00)4.00 (0.00)1.43 (0.40)2.50 (0.24)3.13 (0.18)2.00 (0.57)2.26 (0.26)App04

aICC: intraclass correlation; agreement between reviewers (A-F).
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ABACUS Results
The overall ABACUS score was 6 (SD 3.6) of 21 (Table 3).
Four behavior change techniques were most prominent, which
were included in >50% of the apps. These techniques or
functions included the ability to customize and personalize some
features (19/19, 100%), the collection of baseline information
(ie, user information or personal details; 16/19, 84%), allowing
the user to easily self-monitor behavior (13/19, 68%) and

providing instructions on how to perform a behavior (10/19,
53%). These and other didactic or simple techniques such as
instructions, data export, and sending of reminders were much
more frequent than interactive functions such as goal setting
(1/19, 5%), encouragement (0/19, 0%), providing material or
social rewards (0/19, 0%), and ascertaining willingness to
change (0/19, 0%). The top tools for behavior change potential
were App06 (scoring 16/21), App08 (scoring 11/21), App17
(scoring 9/21), and Web01 (scoring 9/21).

Table 3. Performance on App Behavior Change Scale (ABACUS) criteria (most to least frequently used).

Value, n (%)Behavior change techniquea

19 (100)Customize and personalize some features

16 (84)Baseline information

13 (68)Allow the user to easily self-monitor behavior

10 (53)Provide instruction on how to perform the behavior

8 (42)Reminders or prompts or cues for activity (on app)

7 (37)Data export

7 (37)Information provided about the consequences of continuing or discontinuing behavior

5 (26)Give user feedback (person or automatic)

4 (21)Allow or encourage practice or rehearsal in addition to daily activities

4 (21)Created with expertise or information consistent with national guidelines

4 (21)Restructure the physical or social environment

3 (16)Encourage positive habit formation

3 (16)Provide the opportunity to plan for barriers

3 (16)Share behaviors with others or allow for social comparison

3 (16)Understand the difference between current action and future goals

2 (11)Distraction or avoidance

2 (11)Review goals, update, and change

1 (5)Goal setting

0 (0)Provide general encouragement

0 (0)Material or social reward or incentive

0 (0)Willingness for behavior change

aApp Behavior Change Scale average score: mean 6 (SD 4) out of 21.

Quality Evaluation
Most (16/19, 84%) digital tools had a statement of purpose and
all, with the exception of one (18/19, 95%), provided developer
or author contact details. Ownership disclosure and copyright
statements (14/19, 78%), advertisement disclosure (13/19, 68%),
and author or developer disclosure (12/19, 63%) were present
in most of the digital tools. No tool provided information to
ascertain the independence of sponsors or funders (0/19, 0%);
5% (1/19) provided a sponsorship disclosure and 11% (2/19)
outlined author or developer credentials, which included
academics and O&G. Overall, 21% (4/19) of digital tools
contained references (Multimedia Appendix 7). App06 met the
most quality criteria (14 of 21), followed by App05 (9 of 21),
and Web01 (9 of 21).

Discussion

Principal Findings
Women are increasingly engaging with digital resources for
health guidance, including healthy lifestyles and weight gain
during pregnancy. A systematic search approach identified
current and publicly available websites and mobile apps that
contain tools and resources to monitor GWG. Those included
were reviewed based on their quality, features and functions;
behavior change potential; the credibility, quality, and safety
of the health-related information provided; and their ability to
highlight the importance of optimizing GWG. Across 19 eligible
digital tools, we found that the majority reported features
including pregnancy-related education, advice, monitoring, and
tracking of GWG. Despite this, the quality of information related
to GWG was poor, and limited ability to guide behavior change
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for optimized GWG was found. Advice related to achieving
healthy GWG was present in ≤50% of the apps. Overall, this
advice was nonspecific in nature and unlikely to be associated
with evidence-based information. We found minimal likelihood
of resources to alert, provide support, or direct women into
partnerships with their health care provider if GWG was outside
the recommended thresholds. These results emphasize a missed
opportunity in information provision and support to safely
optimize health behaviors and GWG for women. There is a
critical need to improve the quality and regulation of publicly
accessible web-based resources informed by health care, policy,
and consumer needs during pregnancy.

Pregnancy presents a unique opportunity in which women are
motivated to optimize lifestyle behaviors to ensure favorable
health outcomes for themselves and their baby [30]. Optimizing
diet, physical activity, and ultimately GWG during pregnancy
reduces adverse outcomes for mother and baby and confers
protective maternal and intergenerational benefits [30-32]. Our
results support a mobilization of women during this time in
engagement with health resources, with over 25 million
downloads observed across the 18 apps included in this review.
Associated consumer user ratings for apps were very high;
however, it is not clear what aspects were most appealing and
why. Recent qualitative research exploring consumer preferences
and experiences with mHealth apps for maternal health reported
that functionality and technical ability features were perceived
to be of highest value to women [33]. Consumers reported an
increased likelihood to use apps that were free or low-cost,
aesthetically pleasing, and with minimal technological barriers
[33]. However, little emphasis was placed on the quality or
credibility of information by consumers when prompted, and
there was little desire to obtain and ensure evidence-based
information was received [33]. This may potentially explain
the high user ratings of the apps included here. On evaluation,
MARS domains related to visual appeal, engagement, and
functionality scored the highest overall compared with domains
related to content specificity, in line with previous research
evaluating pregnancy-related apps [18]. Interestingly, although
not captured on the scales applied in this study, we observed
that functionality was impeded in several apps by mandatory
viewing of advertisements contingent on accessing free features,
information, or moving between pages. However, it is unclear
whether this impacted the highly scored user ratings overall.

In the absence of availability of a framework to evaluate safety
features within web-based resources, we built on our previous
research [19,20] and included a checklist to rigorously evaluate
the presence of features related to GWG management. These
included consultation with relevant health care providers in
content development, linkage to clinical practice guidelines for
pregnancy care and guidelines for GWG, evaluation of
surrounding content to promote healthy GWG, and in-built
alerts if GWG entries are outside of the recommended range.
Overall, we found that only 10% disclosed development in
consultation with O&G expertise, 10% used adequate
referencing for GWG guidelines, 10% included an alert for
GWG outside of recommendations based on preconception
weight and height, and none advised health care consultation
if GWG was outside of recommendations. These results

emphasize a near-complete absence of components related to
safety within currently available web-based resources,
mandating a critical need to improve regulatory control in this
field [34,35]. Previous research in over 1 million pregnancies
worldwide demonstrated an increase in adverse outcomes for
both mother and baby when GWG is below or above
international recommendations, compared with GWG within
recommended thresholds [7]. Level 1 evidence demonstrates
optimized GWG and improved maternal outcomes following
antenatal lifestyle intervention, and there is now a strong
mandate for the implementation of effective strategies in routine
care [36]. With increased engagement in and availability of
resources to monitor GWG, it is essential that evidence-based
information and recommendations are made available to support
women, with effective translation of health information
congruent with the current guidelines to minimize potential
harm.

Using the validated ABACUS framework, we evaluated the
capacity of the included apps to guide and support behavior
change [23] toward the optimization of GWG. Our results
demonstrate that beyond the ability to personalize adaptable
features within apps with user information or personal data,
scores for the capacity to change behavior were poor overall.
Behavioral techniques common to healthy lifestyle change [37],
including goal setting, problem solving, provision of
consequences related to the target behavior, habit formation,
and social and environmental antecedents of behavior, were
rarely present. This is reflective of findings within previous
non–pregnancy-related research [38] and pregnancy-related
research specific to exercise and physical activity [21]. Further
research is needed to fully elucidate which behavioral
components embedded within web-based resources are effective
in changing behavior [38]. This is particularly significant in the
context of the burgeoning availability and use of health apps,
yet for developers minimal evaluation of efficacy in changing
health behaviors or improving health outcomes is required [38].

Altogether, our results highlight several areas of concern,
culminating in a missed opportunity to support and guide women
during this formative life phase of increased health care needs.
First, despite increasing awareness, there is little regulatory
control currently in place for digital health resources that are
publicly available, which is an area warranting improvement.
A recent Australian review highlighted the complexities between
developer and consumer considerations and the involvement of
multiple, siloed sectors, traversing medical, privacy, advertising,
finance, and digital content as barriers to improving regulations
to ensure consumer safety [39]. Of the policy documentation
available, the review found a focus on the commercial loss or
gains related to regulation over and above consumer safety,
with consumers ultimately assigned as the primary evaluator in
selecting safe and credible apps [39]. Given that women may
base their engagement on functionality and aesthetics aspects
within apps [33], there is a need to develop resources that can
inform women about the quality, credibility, and safety of apps
in a reliable, easy, and transparent way. This could include
independent certification or endorsements not dissimilar to
currently available entities, such as Health on the Net or similar
[21,40]. Second, given that resources were likely to be more
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based on function and aesthetics, it is not unreasonable to
conclude that entertainment and gamification came at the
expense of credible information and support for women.
Frequent exposure to advertisements highlights the potential
for exploitation of women when using resources with exposure
to potentially harmful information and imagery, underscoring
the need for improved regulation and distinction between apps
for entertainment and those for health information provision.
Finally, in improving content quality within apps, improved
partnership among commercial developers, policy makers, the
health care sector, and with women, the consumers, at the
forefront is required. Co-design of resources must occur to
ensure a balance between the valued consumer attributes of
apps alongside evidence-based information and effective
behavior change techniques delivered in a way that women
value as engaging, trustworthy, and safe. Previous research
suggests that involving relevant expertise in app development
does not compromise user downloads of apps, suggesting that
quality can be optimized without compromising popularity [41].

Strengths and Limitations
This study had several strengths and limitations. To ensure that
we captured the available digital health resources for GWG, we
used a robust search strategy across both websites and mHealth
apps with minimal exclusion criteria, reflective of our search
results. By reviewing current digital tools using the validated
MARS and ABACUS tools, questions specific to GWG as well
as evaluation of credibility of health-related information, we
were able to evaluate technical features and quality as well as
the behavior change potential and health information. We

applied safety criteria specific to GWG management based on
our previous publications [19,20] and tested all weight trackers
for their ability to digitally summarize GWG, provide
personalized feedback according to GWG, and alert and direct
women to health care provision if GWG was outside
recommendations. Owing to inconsistent search terms used for
pregnancy and weight management across Google Play Store
and Apple App Store, it is possible that some apps may have
been inadvertently missed. Furthermore, a search for digital
resources cannot be replicated due to the rapidly changing
market and time-dependent popularity, which warrants the need
for the development of validated search frameworks in this field.

Conclusions
This review emphasizes the substantial limitations in publicly
available consumer-facing digital resources for monitoring and
optimizing GWG. Most tools reviewed were of low quality
overall, had minimal ability to support behavior change, and
were potentially unsafe, with minimal linkage to evidence-based
information or partnership with health care. When women
require increased support for health optimization, these results
emphasize the minimal likelihood of currently available
resources to positively influence GWG or, ultimately, health
outcomes during this time. Owing to the extensive use of
publicly available digital tools, these findings underscore the
critical need for better linkage among health, research, and
commercial sectors to design apps that are high quality across
visual appeal, functionality, credibility, safety, and effectiveness
in lifestyle modification and self-management of GWG.
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Abstract

Background: Online ethnography has been making a unique contribution to people with chronic conditions as a complement
to offline ethnography. It can also be used to study the complexities and contingencies of people with chronic conditions in the
context of the internet. Therefore, there is a need to synthesize existing knowledge on research activities concerning online
ethnography for people with chronic conditions.

Objective: This scoping review aimed to profile the existing evidence on the application of online ethnography for people with
chronic conditions, focusing on the characteristics, contributions, and implementation process. This will provide recommendations
for the future use of online ethnography.

Methods: We followed the scoping review methodologies developed by Arksey and O’ Malley and the Joanna Briggs Institute.
A comprehensive search was conducted on the PubMed, CINAHL, Embase, Scopus, and PsycInfo databases using preselected
keywords. The search was limited to documents written in English and published between January 1, 2000, and February 1, 2022.
After removal of duplicates, articles were screened by 2 independent reviewers reading the title, abstract, and full text. One
reviewer extracted data, which were descriptively analyzed to map the existing knowledge.

Results: After 2836 titles and abstracts and 51 full texts were screened, 27 publications were included in the analysis, published
between 2009 and 2022. Most studies were from the United States (11/27, 40.7%), and most articles collected data from online
forums (10/27, 37.0%). Moreover, the most commonly used type of researcher involvement was passive analysis (24/27, 88.9%),
and 18.5% (5/27) of the topics concerned people with mental illness. Notably, the majority of articles did not report the immersion
process in detail (17/25, 63.0%). Ethical issues were mentioned in 88.9% (24/27) of the included articles.

Conclusions: We analyzed the current literature across fields and found that online ethnography can be exploited to explore
the deeper experience of people with chronic conditions that are difficult to investigate using traditional ethnography. We found
that there was diversity in researcher involvement, immersion process, data collection, and data analysis. However, most studies
reported the insufficient immersion into the online environment. Researchers should determine the research approaches and data
resources in order to complete culture immersion before researching. We also found that there was no uniform standard for ethical
issues. Therefore, we recommend that researchers collect public and private data, obtain informed consent, and preserve the
privacy and confidentiality of online users with chronic conditions. The findings can provide a practical reference for the use of
online health care in studying chronic conditions.

(J Med Internet Res 2022;24(11):e37941)   doi:10.2196/37941
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Introduction

There is an increasing number of patients with chronic
conditions worldwide. The use of digital technology for these
patients has become common due to advances in technology.
People with chronic conditions include patients experiencing
chronic physical pain, mental conditions, continuing conditions,
chronic symptoms, or alcohol and substance abuse that normally
last more than a year [1,2]. Among the chronic conditions,
noncommunicable diseases alone accounted for 60.8% of all
deaths in 2000, which rose to 73.6% in 2019 globally [3].
Patients with chronic conditions often face varied long-term
physical and mental challenges which require long-term
professional and nonprofessional care including health
information, psychological care, symptom management, and
social support [4,5]. Fortunately, the development and extensive
use of digital technology has provided a potential avenue to
meet the diverse needs of patients with chronic diseases. Indeed,
the World Health Organization (WHO) Global Strategy on
Digital Health was adopted in 2020 by the World Health
Assembly [6]. For these patients, the most convenient way to
take advantage of the available digital technology is to access
online health communities, social media, government or charity
websites, and live chats, which enables them to share,
communicate, and search for tailored health information and
implementation of health management [7-9]. One of the most
important features of the digital platforms is that users in
discussion boards can express themselves anonymously, thus
providing them with sufficient privacy protection [7]. Moreover,
patients are able to talk freely about particular topics which they
would otherwise not mention [10]. In addition, the online
platforms can store data about the patients’ perceptions and
experiences, the interactions between patients, and the
interactions between doctors and patients. Moreover, memes
and symbols also provide information through nonverbal
interactions [11]. Thus, these features have made the online
platforms important approaches in collecting qualitative data
of patients with chronic conditions.

With the growth of online health communities and platforms,
online ethnography has attracted more attention from health
scholars, especial those who are interested in chronic diseases.
Ethnography research is a qualitative methodology, which
allows health professionals and researchers to study and generate
a comprehensive understanding of social interaction, behavior,
and perceptions that occur within groups, teams, and
communities in the health care setting [12]. With a background
in anthropology and sociology, ethnography offers a way to
understand a particular cultural context. A researcher conducting
this kind of study often spends time watching, listening, and
engaging with the study participants before analyzing,
interpreting, and theorizing upon the observed phenomena. As
ethnographic methodologies have flourished, different
frameworks supporting different research purposes, settings,
and issues have emerged. These frameworks include institutional
ethnography, which is focused ethnography and
video-ethnography [13-15]. Online ethnography, also referred
to as netnography or internet ethnography, has emerged as a
new form, along with the metaverse concept, to yield great

advantages in the medical field. Nowadays, a massive pool of
medical information can rapidly and anonymously be found
online, from which someone’s commentary or experience with
a specific health or medical issue can provide new research
insight. As a fairly new approach, online ethnography uses
ethnography in online spaces and communities to explore
holistic and cultural thoughts as well as the feelings and
experiences of particular groups [16]. In the past two decades,
there has been an evolution from “participant-observational
research” to “netnography” [17]. Earlier online ethnography
held a distinction between online and offline realities and tended
to search individuals’ interactions with online spaces by
observing them in offline settings. Whereas, nowadays there is
a growing preference to use real-time, participatory netnography
[18,19]. Netnography improves accessibility to geographically
hard-to-reach populations who prefer anonymity, is more
convenient, allows for the ultimate naturalistic inquiry, and has
no recall bias [16]. Online ethnography and related methods
have been used to research health-related topics, which include
exploration of cyber-nursing approaches, discussions on image
and performance-enhancing drugs, and examinations of UK
general practitioners’ views on health policy changes [20-22].
Therefore, a combination of internet-delivered ethnographic
modalities and patient-centered approaches is an exciting area
that could be pursued in the management of chronic illness,
owing to the widespread adoption of online platforms among
the patients, including those with mental illness, epilepsy, or
diabetes [23-26].

Although there is a growing number of online ethnography
studies for people with chronic conditions, there is a lack of
reviews synthesizing their common characteristics. In addition,
the field of online ethnography is relatively young and thus
lacks structures and guidelines, and so many studies are in the
exploratory stage. Furthermore, there is limited data on the
research specification and standards within a given type of
online context and participant group. Consequently, there might
be bias in the development of online ethnography. A review of
the network ethnography in the field of chronic conditions can
help understand research status, existing problems, and issues
requiring attention concerning the new research method. Among
the different types of reviews, scoping reviews yield a
comprehensive review of a new research area [27]. Therefore,
we aimed to conduct a scoping review to explore the research
status of online ethnography among people with chronic
conditions to yield an in-depth understanding of this new method
and provide the basis for further research.

Methods

Overview
We employed the scoping review framework by Arksey and O’
Malley [28], which encompasses five stages: (1) identification
of initial research questions; (2) identification of relevant
studies; (3) study selection; (4) charting the data; and (5)
collating, summarizing, and reporting the results.

Stage 1: Identifying the Research Question
The two main review questions were as follows: (1) What are
the characteristics and contribution of online ethnography in
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people with chronic conditions? (2) How should ethnography
be conducted for people with chronic conditions in an online
environment?

Stage 2: Identifying Relevant Studies
Initially, a literature search was manually conducted in PubMed
to identify chronic disease fields where online ethnography was
mostly used and developed. We searched for the term “chronic
disease” to identify relevant papers. However, the retrieved
results were not comprehensive because of our consideration
of “chronic conditions” instead of “chronic diseases.” Therefore,
we decided to choose eligible articles from a wide range of
articles and then searched in 5 electronic databases: PubMed,
CINAHL, Embase, Scopus, and PsycInfo. The search strategy
was as follows: (online* OR internet* OR cyber* OR web* OR
digital OR online forum OR virtual community OR Facebook
OR Twitter OR Instagram OR blog OR Youtube OR social
media OR remote video OR visual) AND (nethnography OR
ethnography OR netnography). The search included 2 sets of
search terms: “online” or “ethnography.” To capture the
evolution of online ethnography in people with chronic
conditions over the years, the databases were searched between
January 1, 2000, and February 1, 2022. An additional list of 2
relevant articles was manually searched to identify any other
potentially relevant articles.

Stage 3: Study Selection
Here, we adopted the Joanna Briggs Institute’s
population-concept-context framework to define our inclusion
criteria. We included people with chronic conditions and
searched for chronic diseases as a general concept as well as
specific diseases including stroke, asthma, chronic obstructive
pulmonary disease, cancer, and mental disease. We used any
other relevant publications regardless of age, origin, or gender
of the studied populations. The concept was use of ethnography
while the context was online. We included full texts that reported
the following contents: online ethnography being taken as a
research purpose, collection of data with online ethnography,
and analysis of data with online ethnography. This research
included articles that were written in English; published between
January 1, 2000, and February 1, 2022; and that evaluated online
ethnography in people with chronic conditions. We excluded
articles that were not directly related to our research review
topic, such as those about dying patients and nursing robots.
Gray literature and studies about nonhuman subjects were also
excluded. In addition, we excluded articles which did not involve
people with chronic conditions and those with no relevant
information on online ethnography. A 2-step screening protocol
was employed after duplicate removal. First, titles and abstracts
were screened to determine the eligibility of each article. Full
texts were then screened, and only articles that met the eligibility
criteria were included. Two reviewers evaluated the articles

using title and abstract analysis for relevance to online
ethnography in people with chronic conditions. Full texts were
retrieved and independently reviewed by 2 authors (WZ and
QW) to confirm study eligibility. Consensus was reached
through discussion and, where required, with consultation with
a third author (LZ). One author (XC) conducted a supplementary
hand search of reviews retrieved from the database search to
identify additional studies to be included after consensus with
the second author (YG).

Stage 4: Charting the Data
A data extraction template was developed and independently
piloted by 2 authors (YG and JL), which was then refined for
the purposes of this review. Data were extracted from the
included studies by 1 author (YG) and verified by the second
author (XC). Information relating to authors, year, study design,
country, target group, type of researcher involvement, data
source, methods of immersion, data collection, data analysis,
study purpose, results, ethical considerations, and limitations
were extracted and tabulated using Microsoft Excel 2019
software. Moreover, the type of research was divided according
to Keim-Malpass et al [29], who proposed 3 types of researcher
involvement in internet-based research: passive analysis, active
analysis, and self-identified active analysis. Our study did not
appraise methodological quality of risk of bias of the included
articles since it is a scoping review.

Stage 5: Collating, Summarizing, and Reporting the
Results
We performed a descriptive analysis of the included studies.
The analysis included data on publication date, country of origin,
type of population, and type of disease studied.

Results

Search Results
The electronic database search yielded a total of 2836 records.
The selection process was summarized in the PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) flow diagram as shown in Figure 1. Briefly,
after removal of duplicates, the titles and abstracts of 2267
records were independently screened by 2 reviewers. The
screening excluded 2216 irrelevant records. The full texts of
the remaining 51 records were assessed for eligibility. After
scanning the reference lists of 2 reviews, we evaluated the
eligibility of 27 records whose full texts were screened. Out of
these, 24 records were excluded for the following reasons: 9
did not involve people with chronic conditions, 10 were
conference abstracts, 4 were not relevant human subjects, and
1 was a duplicate record. Finally, a total of 27 studies were
included in the analyses (Multimedia Appendix 1).
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Figure 1. Flow diagram showing included studies.

Characteristics of the Included Studies

Publication Year and Geographic Distribution
Although our research evaluated studies from 2000 to 2022,
none of the 27 included articles were conducted before 2009.
As shown in Table 1, the number of publications grew through
the years. This demonstrates that the application of online
ethnography for people with chronic conditions has increased

in the past 13 years. Most studies concentrated more on
exploring the experience among the targeted population. Table
2 displays the distribution of articles by the continent of
publication: 40.7% (11/27) of the articles [24,26,30-38] were
from the United States, 29.6% (8/27) from England [25,39-44],
14.8% (4/27) from France [45-47], 7.4% (2/27) from Brazil
[48,49], 3.7% (1/27) from Austria [50], and 3.7% (1/27) from
Canada [51].

J Med Internet Res 2022 | vol. 24 | iss. 11 | e37941 | p.238https://www.jmir.org/2022/11/e37941
(page number not for citation purposes)

Gao et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 1. The distribution of articles by the year of publication.

Publications, nYear

12009

12011

12012

12013

12014

32016

22017

12018

52019

52020

52021

12022

Table 2. Distribution of publications by geographic location.

Publications, nGeographic location

11American

8England

4France

2Brazil

1Austria

1Canada

Data Sources
Currently, most of the used data were from second-generation
online social media, which include discussion forums, blogs,
and social networking sites [52]. In our study, 4 online
ethnographers collected data from more than 1 platform
[25,26,38,41] (4/27, 14.8%), and most of them collected data
from just 1 source. Among the retrieved articles, most data
(10/27, 37.0%) were collected from online forums
[33,34,40,43-47,50,53], 18.5% (5/27) were from Facebook [30],
11.1% (3/27) were from websites [30,39,54], 14.08% ((4/27)
were from multisources, 7.4% (2/27) were from blogs [31,32],
3.7% (1/27) was from Instagram [37], 3.7% (1/27) was from
Twitter [36], and 3.7% (1/27) was from Youtube [24].

Type of Researcher Involvement
Our analysis showed that the majority (24/27, 88.9%) of the
included studies were passive analyses
[24-26,30-34,36-38,40-44,46,48-51,53,54], 3.7% (1/27) were
self-identified active analyses [45], and 7.4% (2/27) involved
active analyses [35,39]. With regard to active analysis, Gibson
et al [39] emphasized using participation-observation to

complete data collection, and Frohlich [35] founded an online
community and communicated with patients with inflammatory
bowel disease. Troisoeufs et al [45] carried out 8 semidirective
interviews from the consumers of online ethnography, and thus
the study was identified as a self-identified analysis.

Domains of Chronic Conditions
On the basis of the report of the National Health Council [55],
we classified the included chronic conditions into mental illness
[24,41,44,51], female reproductive diseases [25,34,38,42],
neurological disorders [40,45,46,50], cancer [31,32,39,53],
rheumatic immune system diseases [33,37,43], common chronic
diseases [26,36,48], autoimmune disorders [30,35], hereditary
diseases [54], HIV [49], and thyroid disease [47]. Table 3
displays the distribution of articles by the domains of chronic
conditions. Most of the studies focused on patients with mental
illness (4/27, 14.8%), neurological disorders (4/27, 14.8%),
cancer (4/27, 14.8%), or female reproductive diseases (4/27,
14.8%). Additionally, 11.1% (3/27) focused on diabetes, 11.1%
(3/27) on rheumatic immune system diseases, 7.4% (2/27) on
autoimmune disorders, 3.7% (1/27) on hereditary disease, 3.7%
(1/27) on HIV, and 3.7% (1/27) on thyroid disease .
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Table 3. The distribution of articles by type of disease.

Publications, nDisease

4Mental illness

4Female reproductive disease

4Neurological disorders

4Cancer

3Rheumatic immune system disease

3Diabetes

2Autoimmune disorders

1Hereditary disease

1HIV

1Thyroid disease

Study Purpose and Important Results
We evaluated the effect of online ethnography on health
information flow, emotional support, and interaction among
patients with chronic conditions, peers, and health providers.
We found the studies could be used to explore new modes of
online medical practices, which include application of new
medical technologies. With regard to study results, themes such
as experience of self-management, experience of living with
illness, and physician-patient relationship emerged (Multimedia
Appendix 1).

Methods of Immersion and Data analysis
Our findings showed that the majority (17/27, 63.0%) of articles
among the included studies did not report the immersion process
in detail [25,30,33,34,37,38,40-42,44-46,49-51,53,54], while
37.0% (10/27) did report it [24,26,31,32,35,36,39,43,47,48].
With regard to data analysis, our results demonstrated that the
studies employed various data analysis methods, including
thematic analysis [31,33,38,40-44,47,48,53], grounded theory
[24,35,38,50,54], content analysis [37,39,46,53], and disclose
analysis [34]. The most used method was thematic analysis
(11/27, 37.0%). Grounded theory (5/27, 18.5%) and content
analysis (4/27, 14.8%) were also frequently used in the data
analysis.

Ethical Issues
Ethical issues were mentioned in the majority of articles. Only
11.1% (3/27) of the articles did not mention any issues on ethics
[26,45,50]. In general, there were 5 ethical issues in the included
s t u d i e s ,  w h i c h  i n c l u d e d  p u b l i c  d a t a
[24,25,30-33,35-37,40,41,44,46,48,51,53], informed consent
[38-40,42,43,47,49,51], privacy and confidentiality
[31,32,40,41,44,46,47], naming [24,31,39-41,44,46,47,51,54],
and legal consideration [24,25,30-34,36,37,39-44,47-49,54].
Moreover, 70.4% (19/27) of ethical concerns were approved or
exempted by institutional review board, 55.6% (15/27)
concerned public data, 37.0% (10/27) concerned naming, 25.9%
(7/27) emphasized participants’ privacy and confidentiality,
and 29.6% (8/27) acquired users’ informed consent.

Discussion

Principal Findings
Our findings demonstrated that online ethnography has great
potential in the field of chronic disease research and has yielded
beneficial outcomes in many chronic disease studies. This
method has also attracted more attention from scholars in the
field of chronic diseases. Most of the included articles in this
scoping review were conducted from 2009 onward, and the
number of included studies gradually increased with time, which
may indicate growing interest in this area of research, especially
since 2019. The included articles covered various chronic
conditions, such as mental illness, neurological disorders,
common chronic diseases, cancer, rheumatic immune system
diseases, autoimmune disorders, hereditary diseases, female
reproductive diseases, and HIV. These articles showed that
online ethnography could highlight the patients’ experiences
with disease and demonstrated new insights into improving
medical practice from a patient-centered perspective. These
diseases are characterized by long-term physical health
conditions and the high mental health needs of the patients. In
our scoping review, youth with mental illnesses and women
with reproductive diseases were the most concerned population,
which is consistent with Bour et al’s [56] study. These categories
of patients are among the most stigmatized, marginalized, and
vulnerable members of society and suffer from discrimination
in many areas of their daily life. Online forums and social media
can be a user-friendly environment where individuals can
normalize their illness, assert their voice and identity with each
other by validating shared experience with peers, and form
social ties with a broad audience [57]. HIV patients and youth
with mental illness affected by COVID-19 were also discussed
in our study [44,49]. COVID-19 possibly shifts from an acute
to chronic disease and also causes political controversy [58-60],
while HIV has long been recognized as a health and political
challenge [60,61]. Since online ethnography is currently a
well-established method, which involves the social, cultural,
and structural dimension of a given phenomenon [44], it is
particularly well suited to dealing with personally or politically
sensitive topics or illegal acts in online communities [19].
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Online ethnography showed great contribution toward
understanding how online users acquired health information,
emotional support, and interaction with health providers, which
provides thoughts on how to improve internet-based medical
practices. First, the data showed that online users possibly sought
health information and emotional support from peers instead
of health care professionals. This could be because people tend
to trust others who have similar challenges more than figures
of authority from business, government, or mass media.
However, there exists a controversy between the untrusted
face-to-face patient-provider relationship and online support
needs from health care professionals. Second, online
ethnography can investigate the online health care pathways
among chronically ill patients, which include individual and
collective self-management and empowerment processes [53].
In addition, online ethnography can be used to evaluate social
and experiential aspects of health technologies, such as deep
brain stimulation and the Open Artificial Pancreas System
(OpenAPS) do-it-yourself artificial pancreas technology
[36,45,62], which could promote offline promotion of new
medical technologies. In summary, online ethnography is a
bridge that connects online and offline cultures, which affect
offline-online social and medical practices among people with
chronic conditions. It is also noteworthy that most of the studies
were conducted in Western cultures. Therefore, there is need
for research from other countries.

We also highlighted some characteristics and issues regarding
the methodology and implementation process which should be
dealt with. We identified online forums as the main data source,
followed by Facebook, but the majority of the studies did not
describe the immersion process. These data sources of online
ethnography are broad and constantly evolving. Keim-Malpass
et al [31] searched for blogs that explored the experience of
women with cancer in the past, and now the use of online health
forums for data collection for online ethnography is steadily
increasing. This is because online forums can provide a rich
source of primary naturalistic data about the perspectives and
experiences of users with a particular health issue and can offer
additional insights compared with traditional interviews [63,64].
Our analysis showed that Facebook has many users, and thus
a large amount of data can potentially be harnessed. Although
Facebook users’ activity consists of creating written posts, the
potential use of text data for research is enormous, and thus
online ethnographers are increasingly using it for research
[49,65]. Instagram is pictorial, Reddit is text-based, and Twitter
comprises short posts, all of which can facilitate sustained
discussions where people share their in-depth experiences.
Additionally, YouTube and video websites are public
video-sharing platforms which may serve as important avenues
to gain an understanding of people’s viewpoints [66-68]. Online
ethnographers could choose one or more platforms as data
sources depending on the research objectives. Moreover, using
more than 1 research method was associated with superior
outcomes compared to using a single study method. A
combination of 2 methods can compare and explore deeper
experiences and value perspectives [69]. For example, Lee et
al [34] gathered narratives through interviews to circumvent
the limitation of online ethnography where some women would
keep silent or express false feelings in the infertility forum. The

research methods for online ethnography are constantly
evolving, and now it can stand alone or be combined with other
research methods including offline interactions [70].
Furthermore, the majority of the studies did not describe the
immersion process, a component that should be considered in
future studies. Theoretically, the main researchers need to be
immersed in the online culture of the targeted group prior to
sampling. In our scoping review, only 8 articles described the
immersion process; however, developing competencies as an
online ethnographic fieldworker (immersive depth, prolonged
engagement, researcher identification, and persistent
conversations) is a key strategy for learning socially relevant
events [71]. Reading relevant posts for several weeks or months,
engaging researchers who are familiar with a given online
environment, and being involved in the online community are
3 approaches to achieve a high quality of immersion. In addition,
various qualitative data analysis methods were chosen based
on specific research questions in the articles included, while
quantitative methods need further exploration. Researchers
believe that thematic analysis, lexical analysis, content analysis,
grounded theory, narrative analysis, and “netnography” can be
selected according to the research purpose [46,48]. In the future,
there is a possibility that quantitative analysis could be combined
with netnography [72]. Online ethnographers should take
advantage of online software in data analysis under the condition
that they follow the principles of ethnography.

We also highlighted 5 aspects of ethical issues and relevant
limitations in the application processes of online ethnography
for people with chronic conditions. First, the majority of our
included studies were conducted using public data to avoid
ethical controversy, which meant that individuals who had
posted public messages did not have a reasonable expectation
of privacy. However, such public data could lead to research
bias, as passive patients with chronic conditions could have
contrary opinions. Moreover, administrators of online
communities sometimes would remove messages that were sad,
shocking, or in violation of the group’s code of conduct, and,
therefore, researchers could not capture a true and meaningful
experience. Second, although it seemed justifiable to waive
informed consent for observational research in a public space
in the past [73], Hetland et al [74] recently suggested that
informed consent was one way that ethnographers could handle
potential risks in internet research. In our study, we discovered
that some investigators had posted announcements or contacted
users by email to protect users’ rights, which could be one form
of balancing the issue of informed consent. Third, to protect the
identities of a vulnerable population, all names were removed
and post titles or specific demographic characteristics were not
reported. We further recommend concealing discriminative
descriptions because search engines are often capable of finding
statements used in research reports, making it difficult to conceal
certain data in certain avenues. Lastly, our finding showed that
there was no consensus research among various national ethical
committees regarding online ethnography [75]. Based on the
literature, it was acknowledged that the ethics surrounding
internet research is complex and multifactorial because internet
research is a multidisciplinary project and has different types
of environments [76,77]. Therefore, we suggest that online
ethnographers should follow guidelines of local ethical
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committees. In conclusion, we recommend using public and
private data as well as preserving patient anonymity, privacy,
and confidentiality through removal of identified information
when performing online ethnography among people with chronic
conditions [78].

Strengths and Limitations
The present study used a rigorous scoping review methodology
based on the manual of the Joanna Briggs Institute. To ensure
a broad search of the literature, the search strategy included 5
databases and employed the snowball technique. Although we
highlighted significant findings, our scoping review process
was limited by the fact that we might not have identified all
relevant articles in the published literature despite attempts to
be as comprehensive as possible. We also limited our review
to documents written in English, which might have led to
relevant studies being missed.

Conclusions and Recommendations
Our finding suggested that online ethnography has good
potential for exploring the deeper experience of people with
chronic conditions, which is difficult to investigate with
traditional ethnography. These results provide practical guidance
for the online health care of chronic diseases in a wide range of
fields. Researchers should first determine the research type and
map the online community. There was high heterogeneity in
the immersion, data collection, and analysis. We therefore
recognize that online ethnography is adaptable and without strict
methodological limitations. However, the analyzed articles
demonstrated insufficiency in the immersion process into the
online environment. In addition, we observed that there is no
uniform standard for ethical concerns. Therefore, we recommend
preserving the privacy and confidentiality of online users.
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Abstract

Background: Much research is being carried out using publicly available Twitter data in the field of public health, but the types
of research questions that these data are being used to answer and the extent to which these projects require ethical oversight are
not clear.

Objective: This review describes the current state of public health research using Twitter data in terms of methods and research
questions, geographic focus, and ethical considerations including obtaining informed consent from Twitter handlers.

Methods: We implemented a systematic review, following PRISMA (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) guidelines, of articles published between January 2006 and October 31, 2019, using Twitter data in secondary
analyses for public health research, which were found using standardized search criteria on SocINDEX, PsycINFO, and PubMed.
Studies were excluded when using Twitter for primary data collection, such as for study recruitment or as part of a dissemination
intervention.

Results: We identified 367 articles that met eligibility criteria. Infectious disease (n=80, 22%) and substance use (n=66, 18%)
were the most common topics for these studies, and sentiment mining (n=227, 62%), surveillance (n=224, 61%), and thematic
exploration (n=217, 59%) were the most common methodologies employed. Approximately one-third of articles had a global or
worldwide geographic focus; another one-third focused on the United States. The majority (n=222, 60%) of articles used a native
Twitter application programming interface, and a significant amount of the remainder (n=102, 28%) used a third-party application
programming interface. Only one-third (n=119, 32%) of studies sought ethical approval from an institutional review board, while
17% of them (n=62) included identifying information on Twitter users or tweets and 36% of them (n=131) attempted to anonymize
identifiers. Most studies (n=272, 79%) included a discussion on the validity of the measures and reliability of coding (70% for
interreliability of human coding and 70% for computer algorithm checks), but less attention was paid to the sampling frame, and
what underlying population the sample represented.

Conclusions: Twitter data may be useful in public health research, given its access to publicly available information. However,
studies should exercise greater caution in considering the data sources, accession method, and external validity of the sampling
frame. Further, an ethical framework is necessary to help guide future research in this area, especially when individual, identifiable
Twitter users and tweets are shared and discussed.

Trial Registration: PROSPERO CRD42020148170; https://www.crd.york.ac.uk/prospero/display_record.php?RecordID=148170

(J Med Internet Res 2022;24(11):e40380)   doi:10.2196/40380

KEYWORDS

systematic review; Twitter; social media; public health ethics; public health; ethics; ethical considerations; public health research;
research topics; Twitter data; ethical framework; research ethics
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Introduction

Since its launch in 2006, Twitter has become one of the most
popular social media sites as a platform that allows users to post
and interact with short messages known as tweets. According
to a 2019 survey by Pew Research Center [1], 1 in 5 (23%)
adults in the United States report using Twitter. While Twitter
users are not representative of the general population (users
tend to be younger, more educated, and located in urban or
suburban areas) [2], the volume of publicly available tweets
allows for research to be conducted on large data sets, eschewing
a common perceived limitation of small samples.

Public health researchers have identified “big data” from Twitter
as a new wellspring from which research can be conducted [3].
However, the utility of these data depends on the appropriateness
of the research questions and the methodological approaches
used in sampling and analyzing the data. Previous systematic
reviews have explored how Twitter data have been used. A
systematic review by Sinnenberg et al [4] of 137 articles using
Twitter in health research between 2010 and 2015 found that
the main research questions explored with Twitter data involved
content analysis, surveillance, engagement, recruitment,
intervention, and network analysis. Similarly, a scoping review
from 2020 [5] found 92 articles that fell within 6 domains:
surveillance, event detection, pharmacovigilance, forecasting,
disease tracking, and geographic identification. Additional
systematic reviews of social media, beyond Twitter alone, have
examined specific domains, for instance, exploring how these
data, including Twitter, are being used for public health
surveillance [6-8] or pharmacovigilance [9-11].

While social media provides new opportunities for data sources
in research, some unique obstacles are also present. For instance,
the presence of spam and noisy data can make it difficult for
researchers to identify a legitimate signal for the research topic
in question [12]. To navigate this issue, researchers sometimes
opt to employ traditional manual coding of content; however,
this can be a nonideal solution given the size of the data sets
and the time and effort required for these analyses [13]. Other
teams have used natural language processing (NLP) or machine
learning approaches, which present their own problems; one
study [14] found that among the algorithms built to classify
emotions, the highest performing model had an accuracy of
65%. The landscape of social media necessitates understanding
of the mechanisms and limitations of the platforms, as well as
adaptations to the requirements of this landscape.

In addition to the research questions and methodological
approaches used with Twitter data, the extent to which social
media data are in general considered public, and what this means
for ethical research oversight are unclear. There is substantial
literature discussing the ethics of using social media data for
public health research, but clear ethical guidelines have not been
established [15-24].

The need for these guidelines is increasingly pressing, as
leveraging social media for public health research raises
questions about privacy and anonymity; properly deidentifying
user data requires the researchers to understand an “increasingly
networked, pervasive, and ultimately searchable dataverse”

[18]. Information shared on social media can often be intensely
personal; hence, anonymity would be even more important for
research involving sensitive data such as health conditions and
disease [23]. This is particularly relevant for the field of public
health, since the data collected and analyzed for public health
research will often fall into these more sensitive categories.

Beyond the questions of user anonymity, when conducting
research on more sensitive health information, traditional
research protocols center the importance of informed consent
among participants. However, there are currently no established
guidelines for the expectation of consent when leveraging
publicly available social media data. Some theorists in the realm
of internet research ethics have proposed an assessment model
that determines the need for consent based on possibility of pain
or discomfort. They further suggest that this assessment should
consider the vulnerability of the population being studied and
the sensitivity of the topics [22].

In the systematic review by Sinnenberg et al [4], approximately
one-third of the 137 articles included therein mentioned ethical
board approval. Given that Twitter usage has changed
dramatically in recent years [25], this systematic review is an
updated examination of both ethical considerations and research
questions or methodologies across all domains of public health
research using Twitter.

We sought to investigate the methodological and ethical aspects
of using Twitter data for public health research from 2006, when
Twitter was launched, to 2019 [26]. Specifically, we describe
the measures being used in Twitter research, the extent to which
they are validated and reliable, and the extent to which ethical
oversight is included in studies using publicly available tweets.

Methods

Design
This review followed the PRISMA (Preferred Reporting Items
for Systematic Reviews and Meta-Analyses) guidelines [27,28]
and was registered with PROSPERO (CRD42020148170).

Eligibility Criteria
The database search was limited to peer-reviewed public health
studies originally written in English, which were published
between January 2006 and October 31, 2019, and used social
media data to explore a public health research question. The
social media platforms included in the search were Twitter and
Sina Weibo (China’s version of Twitter), Facebook, Instagram,
YouTube, Tumblr, or Reddit.

Studies were excluded if they were systematic or literature
reviews, marketing or sales research, only investigated
organizational-level tweets, investigated tweets from
conferences in disciplines other than public health, or included
primary data collection asking participants about their social
media use. We excluded articles that focused on organizations
disseminating information to the public (evaluation of social
media dissemination and analysis of organizational- or
institutional-level social media data) or testing interventions
that used social media as a method (intervention study using
social media), as our research question was not related to
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interventions using social media platforms as a tool but rather
explored how existing social media data are being used in
secondary analyses in public health research.

Given the volume of studies identified, separate analyses were
conducted on Facebook and YouTube; thus, this systematic
review focuses solely on Twitter. Studies that included Twitter
and other social media platforms were included, but only Twitter
findings were extracted.

Information Sources
We searched PubMed, SocINDEX, and PsycINFO for articles
about social media and public health after consulting with our
institutional librarian on the best approaches to the search.

Search
The search strategy consisted of the Boolean search term:
((“Social media” OR twitter OR tweet* OR facebook OR

instagram OR youtube OR tumblr OR reddit OR “web 2.0” OR
“public comments” OR hashtag*) AND (“public health” OR
“health research” OR “community health” OR “population
health”)).

Study Selection
Three authors reviewed abstracts for eligibility in a 2-step
process, with each abstract reviewed by 2 authors independently.
A first screen was performed on the basis of the title and
abstract; if deemed ineligible, the study was excluded from
further screening. Disagreements were resolved through
discussion and consensus. Full texts of the remaining articles
were retrieved for the second screen and reasons for exclusion
were coded and ranked by the priority of exclusion criteria for
cases in which more than one exclusion criterion was applied
(Figure 1). Disagreements about inclusion and exclusion criteria
were resolved through discussion and consensus.

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart for systematic review of methodological
approaches and ethical considerations for public health research using Twitter data, 2006-2019.
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Data Collection Process
Data were extracted using a standardized data extraction
spreadsheet, which was developed a priori and refined during
the data extraction process. This refinement resulted in the
removal of data elements; new data elements were not added.
To establish consistency in extractions, 2 reviewers
independently extracted data from the same 5 articles and
compared the results. This process continued during weekly
meetings, in which papers of varying complexity were discussed
until consensus was reached. No studies were excluded on the
basis of their quality.

Data Items
The data items in this review categorized information about the
study within 4 domains: (1) study characteristics: public health
topic, year, and country of publication; (2) study design and
results: sample size, Twitter data extraction method,
operationalization (ie, which data points were collected from
social media posts and how researchers quantified these data),
methodologic and analytic approaches, primary results, and
descriptions of linking or account data; (3) ethical
considerations: ethical approval, discussion of informed consent,
and general discussion of ethical issues; and (4) risk of bias or
methodological checks: quality assessment, validity, reliability,
and accuracy checks implemented. We defined methodological
approach as the overall objective of a research project coupled
with the operationalization of methods to fulfill this objective.

Quality assessment metrics were adapted from existing quality
assessment tools used for systematic reviews [29-31]. The
specific quality assessment metrics were the following: whether
the stated research question matches the data-defined research
question, the presence of a clearly defined objective or
hypothesis, validity of measures, reliability of measures,
validation of computer algorithms, whether the data analysis is
sufficiently grounded, whether findings logically flow from the
analysis and address the research questions, and the presence
of a clear description of limitations. A study was considered to
have addressed validity if the measures used were based on
validated measures, previous studies, or existing frameworks.
A study addressed reliability if manual coding efforts
incorporated checks or assessed intercoder reliability,
descriptions of reliability were not expected for studies that
only used machine learning. Accuracy checks were described
if manual checks were performed by researchers or validation

of computer algorithms used for studies using machine learning
algorithms and NLP.

Summary Measures
The summary measures related to methods and study design
include the following: the frequency of studies by topic,
geographic focus, year of publication, analytic approach,
sampling approach, and overall methodological approach or
objective of the study (ie, surveillance, content exploration,
sentiment mining, network science, and model development
and testing). The summary measures related to ethical
considerations include the frequency of studies that sought
institutional review board (IRB) review or approval, included
informed consent from Twitter handlers, discussed ethical
considerations within the paper, and reported identifying results
(ie, verbatim tweets). For quality assessment, we present
information on the validity and reliability of measures used; a
full summary of quality assessments is provided in Multimedia
Appendix 1.

Results

Our search resulted in 6657 unique studies for review, of which
730 required full-text review (Figure 1). We identified 539
studies across all social media platforms; 367 used Twitter data
forming the analytic sample for this review (Multimedia
Appendix 2 for the full list of included articles with all data
extraction fields; for readability of text, references are only
included when details of specific articles are provided as
contextual examples).

Study Characteristics

Public Health Research Topics
The most common public health topics among the articles
reviewed were communicable diseases (eg, influenza, Ebola,
and Zika; n=80, 22%), substance use (n=66, 18%), health
promotion (n=63, 17%), chronic disease (eg, cancer; n=48,
13%), and environmental health (n=48, 13%; Multimedia
Appendix 1).

Year of Publication
The year of publication for the articles in this review ranged
from 2010 to 2019. A sharp increase in the number of Twitter
articles was observed from 2012 to 2017 (Figure 2). Two
preprint articles on October 31, 2019, were included in the count
for 2019 [32,33].
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Figure 2. Number of articles published by year for systematic review of methodological approaches and ethical considerations for public health research
using Twitter data, 2006-2019.

Geographic Focus
Most studies analyzed tweets originating from the United States
(n=158, 43%) or worldwide (n=134, 36%); only 75 (20%) of
them focused on non-US regions or countries. Of the articles
that had a global geographic focus, 23 (17%) of them collected
geotags and reported on geospatial metrics within the body of
the article. Despite having a worldwide focus, these 23 articles
demonstrated a bias toward the United States, western Europe
(namely the United Kingdom), Canada, and Australia; the
majority of the data collected in these studies were posts
originating in these countries, with a distinct minority
representing other regions or countries.

Study Design and Results

Sample Size and Unit of Analysis
Of the 367 articles reviewed here, 355 (97%) used individual
tweets as the unit of analysis and 11 (3%) used Twitter accounts
(or “handles”) as the unit of analysis. One article (0.3%) used
keywords as the unit of analysis, as the study sought to identify
keywords that would help researchers detect influenza epidemics
via Twitter [34].

There was a wide range of sample sizes. For studies with tweets
as the unit of analysis (n=353), the number of analyzed tweets
ranged from 82 [35] to 2.77 billion [36] (median=74,000), with
90 papers having a sample size larger than 1 million. Similarly,
for studies using Twitter handles as the unit of analysis (n=11),
the sample size ranged from 18 [37] to 217,623 [32].

Methods for Accessing Data
To pull data from Twitter, most studies used application
programming interfaces (APIs) that were developed by Twitter
(eg, Gardenhose and Firehose) and could be integrated into
statistical software packages. Third-party APIs (eg, Twitonomy
and Radian6) were also used frequently, either through
contracting with a commercial vendor, purchasing tweets that
match specified criteria, or using software developed by an
entity outside of Twitter. Most studies either mentioned that
they used an API without indicating the specific type (37%) or
did not mention their method of tweet accession (13%; Table
1). Of papers that identified the API used, purposive and random
sampling were equally employed. However, only 22 (7%)
articles explicitly mentioned whether the API used was
purposive or random in its sampling technique; when the API
was named (eg, decahose, search API, and Gardenhose) but the
sampling type was not noted in the article, we looked up the
sampling technique in use by the API.

We also found that the description of the sampling method was
often not described. For instance, some Twitter APIs are
purposive in nature (eg, Twitter Search API) and some are
random (Twitter Firehose API) or systematic (some REST
APIs). Many studies did not specify what type of sampling was
used to extract tweets from Twitter or did not fully explain
retrieval limitations (eg, how it might affect the sample
population if only a certain number of tweets could be retrieved
daily through an API).
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Table 1. Frequency of studies by access method and data source from a systematic review of methodological approaches and ethical considerations
for public health research using Twitter data, 2006-2019.

Frequency (N=367), n (%)Method or source for Twitter data

Access method

136 (37)Unspecified application programming interface (API)

88 (24)Purposive samplinga

84 (23)Random samplinga

10 (3)Existing database

49 (13)Unspecified method of accession

Data source

222 (60)Native Twitter API/functionality

102 (28)Third-party API

34 (9)Unknown

9 (3)In-house program

aAccession methods and sampling type are differentiated as random or purposive in accordance with reports from the articles’ authors or Twitter.

Methodological Approach
As seen in Table 2, the most common methodological
approaches were as follows: thematic exploration (eg, describing
the themes of conversations about e-cigarettes on Twitter) [38],
sentiment mining (eg, assessing if tweets about vaccines are
positive, negative, or neutral) [39], and surveillance (eg, tracking
the patterns of information spread about an Ebola outbreak)
[40]. Less common methodological approaches were tool
evaluation (eg, using Twitter data to predict population health
indices) [41] and network science (eg, examining health
information flows) [42]. Different methodological approaches
tended to be pursued for different topics. For example, most
infectious disease research was in the domain of surveillance,
whereas research about mental health and experiences with the
health care system was more conducive to thematic exploration
and sentiment mining.

Across the 3 most common study methodological approaches
(thematic exploration, sentiment mining, and surveillance),
approximately one-third of the papers (36%) used machine
learning (Table 2). Machine learning here is defined as an
application of algorithms and statistical modeling to reveal
patterns and relationships in data without explicit instruction
(eg, to identify the patterns of dissemination related to Zika
virus–related information on Twitter) [43]. This can be
contrasted to NLP, which necessitates explicit instruction; often,
NLP is used to identify and classify words or phrases from a
predefined list in large data sets (eg, to identify the most
common key topics used by Twitter users regarding the opioid
epidemic) [44]. Of the articles reviewed, NLP was more
prevalent in sentiment mining than in other types of
methodological approaches.
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Table 2. Frequency of studies by methodological approach and analytical technique from a systematic review of methodological approaches and ethical
considerations for public health research using Twitter data, 2006-2019.

Frequency (N=367), n (%)Methodological approach and analytical techniquea

227 (62)Sentiment mining

145 (64)Natural language processing

66 (29)Machine learning

12 (5)Spatial analysis

4 (2)Descriptive analyses or frequencies

224 (61)Surveillance

104 (46)Natural language processing

85 (38)Machine learning

17 (8)Spatial analysis

18 (8)Descriptive analyses or frequencies

217 (59)Thematic exploration

114 (52)Natural language processing

81 (37)Machine learning

13 (6)Spatial analysis

9 (4)Descriptive analyses or frequencies

61 (16)Tool evaluation

36 (10)Network science

aMultiple responses were allowed.

Ethical Considerations

Presence of Identifying Information
Just under half (n=174, 47%) of the articles reviewed did not
contain any identifying information of Twitter accounts or
tweets, 36% (n=131) of them contained anonymized account
information or paraphrased tweets, and 17% (n=62) of them
contained direct quotes of tweets or identifiable information
such as Twitter handles or account names (Table 3). Of the 62
articles that included verbatim tweets or identifying information
about the user, one-third (n=21, 34%) of them included a
discussion of ethics in the paper (eg, Berry et al [45]).

Less than half of the articles (n=173, 47%) indicated that they
did not use any of the metadata (eg, username, demographics,
and geolocation) associated with the tweet (Multimedia
Appendix 1). Approximately one-third of the articles (n=110,
30%) used geographic information associated with the tweet,
and a much smaller number of articles (n=15, 4%) included
photos associated with the account or health information (such
as illness disclosure or mentions of medications taken). Of the
articles analyzing tweets from either the United States or another
specific region or country (n=233), 37% (n=86) of them used
geotags of Twitter accounts to identify the location of the tweets;
of the articles that did not specify a geographic region (n=134),
17% (n=23) of them used geotagging.

Though research on infectious disease and health promotion
were most likely to include user metadata in their data analyses,
linked health information was most often used in papers about

infectious disease and mental health, often in the form of
medical self-disclosures.

IRB Approval and Informed Consent
Just under one-third of the articles reviewed (n=119; 32%)
explicitly stated that those studies sought and received IRB
review or approval (Table 3). The majority (n=226, 61%) of
them did not mention IRB approval, although many of these
articles included statements about the nature of Twitter posts
being publicly available. Only a small subset (n=23, 6%) of
studies explicitly stated that IRB approval was not necessary.

Among those that sought IRB approval (n=119), over half (n=68,
57%) of them were granted exemptions; just under half (n=49,
41%) of them did not specify the type of approval received.
Two studies [46,47] received full IRB approval. One of them
[46] retrospectively examined existing public data about health
beliefs regarding the human papillomavirus and was approved
with a waiver of consent owing to its retrospective design. The
other study [47] had 2 parts: study 1 consisted of a survey of
self-reported stress following a school lockdown, and study 2
consisted of data mining of community-level rumor generation
during the lockdown on Twitter. The survey necessitated
informed consent as it involved human participants; hence, the
full scope of the study (parts 1 and 2) had to undergo IRB
review. None of the studies using only Twitter data sought
informed consent, even when including identifying information
from Twitter handlers or tweets. Over two-thirds of the articles
(n=258, 70%) did not include a discussion of ethics or privacy
concerns.
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Additionally, 53 (49%) articles discussed the anonymization of
data used in their study either by omitting usernames and Twitter
handles [48] or by providing only paraphrased tweets to prevent
exact-match searching [49]. Only 5 studies included specific
and extensive discussions around the ethical implications of
social media research and went beyond disclaimer statements
about the publicly available nature of tweets. One study [50]
described consulting guidelines for internet research from

various organizations and researchers, while another [51]
included a long “ethical considerations” section that described
needing to “weigh threats to safety and privacy against benefits
gained by using novel approaches to study suicide,” and
acknowledged vulnerable populations and risks of stigma and
discrimination. Another study [52] raised the challenge of social
media research given the lack of relevant ethical frameworks.

Table 3. Frequency of studies by ethics-related factors from a systematic review of methodological approaches and ethical considerations for public
health research using Twitter data, 2006-2019.

Frequency (N=367), n (%)Ethics-related factors

Level of identification

174 (47)No identifying information

131 (36)Anonymized data and paraphrased tweets

62 (17)Identifiable information and direct quotes

Institutional review board (IRB) approval obtained

119 (32)Yes

23 (6)No

225 (61)Not mentioned/unclear

Among those with IRB approval (n=119)

68 (57)Exempt

2 (2)Nonexempt

49 (41)Not specified (eg, “approved”)

Informed consent of Twitter handler attempted

0 (0)Yes

119 (100)No

Any discussion of ethical considerations, including disclaimers

109 (30)Yesa

53 (49)Discussion of anonymization process

5 (5)Extensive discussionb

54 (49)Other discussion, including disclaimers

258 (70)No

aNote that 3 articles included both an extensive discussion of ethics as well as details regarding their anonymization process.
bThe denominator for the articles that discussed ethics is 109.

Risk of Bias in Individual Studies
We found that 270 (74%) articles included a clear description
of the validity of measures; 21 (6%) articles were purely
exploratory in nature and collected only counts of tweets, so
we deemed them exempt from an assessment of validity of
measures; 76 (21%) articles did not include efforts at
establishing measurement validity. Further, of the 264 articles
involving human coding, 184 (70%) included a description of
intercoder reliability and quality assurance checks, while 80
(30%) did not. Similarly, 235 articles involved computer
algorithms or automated coding, of which 165 (70%) explicitly
described accuracy checks or validation of the algorithms, while
70 (39%) did not.

In addition to concerns about validity and reliability of measures,
one of the main sources of bias was the sampling frame. The
self-selection of Twitter users was discussed in most of the
studies, with 85% (n=314) of them describing this as a potential
limitation.

Discussion

Principal Findings

Summary Measures
We saw evidence of a steep increase in publications using
Twitter data after 2012, which may be due to Twitter releasing
its native standard (version 1.1) API in 2012, which made
mining of its data much more accessible to the general public
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without the need for complex coding capabilities [53]. The
prevalence of research using “big data” from Twitter is
increasing and will likely continue to do so in the coming years
[50].

Infectious disease was the most common topic of the research
papers, which may indicate a burgeoning interest in using social
media to detect disease outbreaks. It is likely that a review of
studies using Twitter data that picks up from where this study
left off (ie, after October 31, 2019) would support this finding
given the onset of the COVID-19 pandemic in late 2019.

There are some major considerations that this review highlights
for the future of public health research using Twitter data. Most
of the research focused on Twitter users in the United States;
this includes the articles with a global focus that demonstrated
a bias toward the anglophone world. Three articles appeared to
genuinely have a representative global scope; interestingly, two
of these were about the Zika virus. This indicates the data
scraped from Twitter tends to be heavily focused on the United
States and English-speaking settings.

Another major consideration is that of the accession method
used to build a data set. Most of the studies examined in this
review used APIs or variations thereof; only 10 studies used
alternative accession methods. Those 10 studies used data either
extracted from Twitter for previous studies or hosted in
pre-existing databases. Of the remaining studies that used an
API, only 22 studies explained whether the API used was
purposive or random in nature. This is of interest because the
sampling technique of APIs has been called into question in
previous papers [54,55]. In particular, the Twitter Streaming
API is considered to produce less representative samples and
should be approached with caution; this API is susceptible to
intentional or accidental bias based on inclusion and exclusion
criteria selected for a particular study [56]. Owing to the “black
box” nature (ie, lack of documentation of the sampling
approach) of native Twitter APIs, it cannot be determined that
data retrieved using Twitter APIs are truly random [57,58].

In addition to the aforementioned obstacles, there are questions
about the accuracy of algorithms using machine learning and
NLP. A little less than half of the papers reviewed for this
systematic review involved surveillance and prediction, and
approximately one-sixth of them evaluated new tools or
frameworks in the realm of Twitter data. Machine learning was
commonly used for these methodological approaches. However,
a previous evaluation of the efficacy of using various machine
learning algorithms to automatically identify emotions expressed
on Twitter found that the highest performing algorithm achieved
an accuracy rate of 65% [14]. Another recent article found that
machine learning was not effective in making meaningful
predictions about users’ mental health from language use on
social media; further, Twitter metadata and language use was
not specific to any one mental health condition [59].

This raises concerns about the overall use of social media data
for research, as data science in general and public health research
in particular use data to make insights; these data “then get acted
upon and the decisions impact people’s lives” [20]. Hence,
conscientious planning is advised when using publicly available
social media data for the purpose of public health research.

Discussion of Ethics
Given that slightly over one-third of studies anonymized Tweets
or Twitter users, many researchers seem to think that there are
ethical considerations when using these data, even if they are
publicly available. Nevertheless, the majority of projects did
not seek IRB review or approval. This contradiction suggests
an implicit understanding that while there are no international
or place-specific ethical guidelines around research using social
media data, there is something unique about the nature of this
research that distinguishes it from truly public data.

International ethical standards for biomedical and public health
research already exist, and these standards often continue to
influence the national guidelines that develop within a given
country [60-62]. Given the global scope of social media, it may
be most prudent for guidelines to be established on an
international scale and then adapted to place-specific committees
and ethics boards. However, this is complicated by the
ever-evolving landscape of social media use and data
agreements. The field of research ethics has yet to fully address
the introduction of new media as sources of data; even before
a comprehensive international framework is introduced, it may
be advisable for institutions and regions to enact their own
interim frameworks to mitigate possible harm and preserve user
privacy and anonymity to the extent possible.

Limitations
This systematic review has a number of limitations. Owing to
the iterative nature of data extraction for a large number of
articles included, it is possible that there were differences in
how data were coded as we refined our process. However, we
attempted to minimize this concern through weekly research
team meetings during the extraction process. Another limitation
is that because we only examined articles originally published
in English, we may be underestimating the number of articles
that were conducting research in a specific geographic area
other than the United States. The influence of this
underestimation should be minimal; however, as most leading
journals for health research are published in English [63]. One
final limitation is that the literature review spanned from 2010
to 2019, so we are not capturing changes since then, which may
have taken place in the approach to ethics or methodology in
research using social media data since then. This is an evolving
field of research; hence, we anticipate that standards and norms
may have also evolved.

Comparison With Prior Work
Similar to Sinnenberg et al’s [4] review, this study examined
whether ethics board approvals were sought when using social
media data for public health research, finding equivalent
proportions of articles that obtained IRB approval. Our study
further explored whether there were other types of ethical
considerations (eg, ethical discussion) present in the body of
the articles. We also assessed the presence and use of identifiable
information such as personal health information, verbatim
Tweets, and user account metadata. In both this review and in
that of Sinnenberg et al [4], many articles noted that the public
nature of tweets allows researchers to observe the content. This
presents a clear need for an ethical guideline framework for
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researchers using Twitter, especially when including identifying
information.

Conclusions
Twitter data appear to be an increasingly important source of
data in public health research. However, attention needs to be

paid to sampling constraints, ethical considerations involved in
using these data, and the specific methodologies to be used to
ensure the rigorous conduct of this research.
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Abstract

The federal Trusted Exchange Framework and Common Agreement (TEFCA) aims to reduce fragmentation of patient records
by expanding query-based health information exchange with nationwide connectivity for diverse purposes. TEFCA provides a
common agreement and security framework allowing clinicians, and possibly insurance company staff, public health officials,
and other authorized users, to query for health information about hundreds of millions of patients. TEFCA presents an opportunity
to weave information exchange into the fabric of our national health information economy. We define 3 principles to promote
patient autonomy and control within TEFCA: (1) patients can query for data about themselves, (2) patients can know when their
data are queried and shared, and (3) patients can configure what is shared about them. We believe TEFCA should address these
principles by the time it launches. While health information exchange already occurs on a large scale today, the launch of TEFCA
introduces a major, new, and cohesive component of 21st-century US health care information infrastructure. We strongly advocate
for a substantive role for the patient in TEFCA, one that will be a model for other systems and policies.

(J Med Internet Res 2022;24(11):e41750)   doi:10.2196/41750
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Introduction

Since medical records are usually stored where they are
produced, when patients traverse sites of care their information
often becomes fragmented. The 21st Century Cures Act called
for a Trusted Exchange Framework and Common Agreement
(TEFCA) to enable turnkey access to medical histories across
organizations. TEFCA, which is expected to be implemented
starting in 2023, provides a framework for participating
organizations to exchange patient data and also anticipates
patients retrieving their own records.

After an overview of TEFCA and the history leading to it, we
define 3 principles to promote patient autonomy and control as
“rules of the road” for national-scale health information
exchange (HIE).

Health Information Exchange: Past and
Present

Query-based exchanges emerged in the 1990s. Successful
examples, such as the Indianapolis Network for Patient Care
and Research [1], led to community health information networks
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[2], then to regional health information organizations, later
renamed HIEs.

Query-based exchanges have primarily supported treatment,
and most were deployed in limited contexts or vendor-defined
boundaries [3]. Though myriad exchange organizations [4] have
proved financially unsustainable [5], many today are sustainable,
such as the government-supported Massachusetts Health
Information Highway and the nonprofit Manifest Medex.
Carequality, a membership-based nonprofit, underpins exchange
among HIEs, electronic health record (EHR) vendors, and
others. Epic Systems, leveraging extensive market share, enables
its customers to participate in exchange. The Commonwell
Health Alliance manages HIE for non-Epic members. Prior to
TEFCA, common agreements for cross-organizational data
exchange have been proposed within individual networks, by
the Carequality Interoperability Framework [6] and the Markle
Foundation [7].

Trusted Exchange Framework and
Common Agreement

Entities, including HIEs, will apply to become Qualified Health
Information Networks (QHINs), committing to standardize a
technical framework and implement the Common Agreement.

The number of accessible patient records is anticipated to grow
to over 200 million with nationwide reach [5]. TEFCA expands
the purposes of use; information may be exchanged for
treatment, operations, payment, public health, government
benefits determination, and individual access.

Importantly, TEFCA expands the number of users authorized
to query. Authorization is handled within a hierarchical trust
model; a small number (~10) of QHINs will offer connectivity
for on the order of 10,000 organizational participants including
EHR vendors and health systems. These, in turn, authorize many
users, likely on the order of millions of clinicians, insurance
company staff, public health officials, and others under the
current proposals. Responses to queries would be obligatory in
the context of treatment or individual access, and permitted in
other cases, except where prohibited by applicable laws [8].
Responsibilities for security enforcement are delegated. For
example, a QHIN would trust a hospital to provision accounts
and maintain credentials for its authorized users. In turn, the
hospital would trust its users to comply with policies and laws.

General Challenges for TEFCA and
Information Exchange

As is evident in public comments [9], TEFCA’s goal of broad
access brings challenges around privacy, security, and
autonomy. As there is no consistent approach to verifying patient
identity in health care, matching is probabilistic, based on
demographics. Each query result might represent a “true
positive” (correctly returning data), “true negative” (correctly
returning no data), “false positive” (returning data from the
wrong patient ), or “false negative” (not returning existing data).
Systems to verify user identity and match records across care
sites can be expensive and raise privacy concerns because they

sometimes aggregate large amounts of identifiable data,
including biometrics.

Though queries are audited, any authorized user may look up
data about any patient with an expectation of automated,
immediate responses. One organization’s security lapse or a
user’s compromised credentials could allow a malicious actor
to find information about any patient, a risk that grows as
networks expand.

Principles for Designing the Patient Role

Overview
Because sharing protected health information for treatment is
exempt from HIPAA’s (Health Insurance Portability and
Accountability Act) requirement for patient-facing accounting
of disclosures, patients have little visibility into when or with
whom their health data are shared through HIE. A health care
provider sharing a patient’s information need not obtain consent.
HIPAA does not compel a provider to heed patient requests to
restrict sharing. Notifying patients during front-desk registration
through signed “consent for treatment” yields patients no
opportunity to negotiate. Patient concerns about privacy
breaches and misuse of their information in exchanges have
been well documented [10,11].

As implementers of TEFCA continue to address challenges
through technical and business controls leading up to the
network’s launch, we propose 3 principles for meeting core
objectives while recognizing and supporting patient autonomy
and control, even if only a subset of patients are unsatisfied with
default sharing permissions.

Principle 1. Patients Can Query for Data About
Themselves
Today, patients face substantial challenges in assembling their
records across sites of care [12,13], and as a result, uptake of
individual access to patient records has been slow [14].
Exercising “individual access” using query-based exchange
under TEFCA affords transparency about what records exist
and allows patients to determine where their records are stored,
identify errors [15], and correct missing information from failed
matching. A single point of access to one’s entire history of
care may lead more individuals to seek out digital copies of
their records [14].

To manage patient access, TEFCA anticipates that third-party
“individual access providers” will verify a patient’s identity,
execute queries, and share results with the patient. We prefer a
design affording individual access as a first-class feature of all
QHINs rather than adding the technical, security, and
organizational complexity of third-party coordination. This
design would enable QHINs to absorb the costs of patient
identity verification, rather than outsourcing them to a new
category of businesses that must establish revenue streams to
offset these costs.
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Principle 2. Patients Can Know When Their Data Are
Queried and Shared
The ability to see how one’s own data are being queried can
serve as a check that the system is working as intended or as a
leading indicator that something has gone wrong. Patients are
well positioned to notice unexpected queries or to detect the
absence of an expected query. Under TEFCA’s current policies,
such details would be invisible to patients.

Principle 3. Patients Can Configure What Is Shared
About Them
It is not yet established whether the widespread availability of
data for care always improves outcomes, and there may be
unintended consequences. Research is needed to see whether
unfettered access to prior opinions and diagnoses improves care
and whether restricted access introduces risks or degrades care.
Given concerns about insurability, legal consequences, and
stigmatization, patients may even avoid care to prevent widely
accessible documentation. Additionally, national-scale data
availability raises concerns about access and disclosure by
political, journalistic, or adversarial actors. The option to
configure what is shared may help establish a new patient-doctor
relationship if a soured prior relationship is apparent in the chart.
During a diagnostic odyssey, sharing less may reduce
second-opinion clinicians from becoming prejudiced by previous
specialists’ assessments. Control over sharing may also help
patients restrict queries about pregnancy-related care.

TEFCA currently does not provide control to patients. We
recognize that permissive default settings that maximize access
might satisfy a majority [16] and jumpstart network growth.
We propose that patient concerns could be addressed
pragmatically, starting with an all-or-nothing ability to opt out
of exchange. More sophisticated controls could include (1) the
ability to approve individual requests as queries are submitted
and potentially (2) enabling access to a subset of encounters.
For aspects of the record where a full picture is critical,
purpose-built registries (eg, prescription drug–monitoring
programs) provide accurate information irrespective of TEFCA.

If TEFCA-based exchange proves to become a data source for
research and public health, patient autonomy to opt out of
sharing may need to be balanced with requirements for unbiased
data sets [17].

Conclusions

Launching query exchange capability on a national scale is a
vast and worthy undertaking. While details are in flux and there
is a TEFCA roadmap for future improvements, we believe these
principles enforcing patient rights to autonomy and control
should be addressed in policy and technology from the initial
TEFCA launch. This will increase the likelihood of
programmatic success by preemptively addressing legitimate
concerns by advocacy groups. Though HIE is widespread today,
and generally without a well-defined and protected patient role,
TEFCA could serve as a model to underpin a 21st-century,
patient-centered health information economy.
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Abstract

Digital health interventions are being increasingly incorporated into health care workflows to improve the efficiency of patient
care. In turn, sustained patient engagement with digital health interventions can maximize their benefits toward health care
outcomes. In this viewpoint, we outline a dynamic patient engagement by using various communication channels and the potential
use of omnichannel engagement to integrate these channels. We conceptualize a novel patient care journey where multiple
web-based and offline communication channels are integrated through a “digital twin.” The principles of implementing omnichannel
engagement for digital health interventions and digital twins are also broadly covered. Omnichannel engagement in digital health
interventions implies a flexibility for personalization, which can enhance and sustain patient engagement with digital health
interventions, and ultimately, patient quality of care and outcomes. We believe that the novel concept of omnichannel engagement
in health care can be greatly beneficial to patients and the system once it is successfully realized to its full potential.

(J Med Internet Res 2022;24(11):e41463)   doi:10.2196/41463

KEYWORDS

digital health intervention; omnichannel engagement; behavioral change; communication channels; personalized engagement;
health care; patient care; health care outcome; patient engagement; digital twin; DHI; digital health; eHealth; framework;
development

Introduction

Digital health is an emerging field that involves the use of
information technology for a range of health-related
applications—from general wellness to medical devices [1]. A
wide range of digital health technologies across the spectrum
of mobile health, wearable devices, telehealth, and personalized

medicine solutions is being explored. Digital health interventions
(DHIs) are digital tools that help modify an individual’s health
behavior through direct interaction. These approaches can
potentially improve the quality, accessibility, and affordability
of health care worldwide [2]. Moreover, due to the availability
and convenience of technology access and its immense potential
for development, DHIs successfully implemented in a clinical
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practice can have the capability of driving patients’ health
behavioral change in response to real-time tracking of
intervention progress.

The COVID-19 pandemic has accelerated the adoption of digital
health technologies on a global scale, with large programs
already deployed in clinical practice [3,4]. With rapid
digitalization of health care coupled with recent efforts to
reimburse DHIs (eg, Digitale Gesundheitsanwendungen, also
translated as digital health applications in Germany, the
mHealthBELGIUM platform in Belgium, National Health
Service Scotland) and the emergence of new digital interaction
modalities, for example, Metaverse [5], as potential interfaces
for DHIs in the future [6], guidance on how to best improve an
individual’s health with DHIs is required, including effective
patient engagement strategies.

In this viewpoint study, we aimed to identify, in broad strokes,
how DHIs could be potentially integrated into future health
care. We focus on patient engagement as the critical component
to effectively change the behavior of the patient via DHIs [7].
As summarized in a review by Barello et al [8] on eHealth,
patient engagement encompasses adherence to treatments and
medications and thus directly impacts all relevant outcomes of
health interventions [9]. Among others, treatment adherence
has been the most recently discussed as a key explanation for
the observed reduction in cardiovascular mortality in the polypill
trials [10]. By targeting patient engagement, it is possible to
reshape behavioral intentions, motivations, and attitudes, as
well as provide direct and continuous feedback on the effect of
the changed behavior, which can further reinforce and sustain
appropriate change [11,12]. Despite its significant role in digital
health tool efficiency, patient engagement in the context of
“last-foot delivery” of DHIs has not yet been explored to its full
potential.

Communication Channels for
Engagement in DHIs and Behavioral
Change

Patient engagement is highly interlinked with communication
[13] and is a natural extension of the standard clinical patient
education [14]. During a DHI, communication represents a
dynamic process, which can begin passively (eg, hearing about
the intervention through peers or doctors or advertisements),
followed by more active interactions during initial and continued
usage [15]. According to an integrated conceptual framework
for health marketing communications [12], the communication
potential and goals vary through different stages of patient
interaction with the DHI (Figure 1). Given the variety and
adaptability of communication channels [16], deploying the
right communication channels and their dynamic adaptation
throughout the intervention period can be leveraged as an
effective means to build and sustain patient engagement [12].
This consideration precedes the introduction of other
epiphenomena of communication, such as gamification [17].

First, patients need to form the motivation for using DHIs by
means of prior information and involvement [12]. As such, it
is crucial to raise awareness about the health issue and DHIs

through physical channels such as health care providers and
traditional mass media and virtual channels such as social media.
As each patient’s awareness about DHIs is increased,
communication channels can evolve to become more
personalized and engage patients more actively. During this
stage, promoting the motivation to change and forming
behavioral intentions and new positive attitudes are essential
[12]. Increasing autonomous motivation has been shown to lead
to positive health behavioral changes [18], and simultaneous
use of multiple communication channels has the potential to
employ a variety of motivation and behavior change techniques
[19]. Eventually, as patients progress through the DHI process
with high motivation and engagement, the goals of
communication channels should shift toward initiating and
maintaining changed behavior through less effortful thinking.
At this stage, continued cue to action through moderate
reminders and the use of peripheral cues such as
recommendations from doctors and discussion with other
patients can be beneficial [12]. Different communication
channels can serve different roles and have varying effectiveness
on engagement (see Dahl et al [20] for the list of omnichannel
touchpoints and perceived effectiveness). Table 1 explores the
potential application of communication channels and probable
patient adoption considerations as inferred from existing
literature on implementing these channels into DHIs. Of note,
given the fast-paced nature of technology development,
inventories of communication channels will continue to develop
as new channels are established and older channels are phased
out. With a diverse list of communication possibilities, patient
engagement will remain dynamic as informed by the users’
changing communication preferences, the stage of their DHI
journey, and the information collected through the longitudinal
intervention monitoring.

For optimal personalization and seamless integration, the DHI
needs to adapt to the user communication preferences, which
vary with demographics, psychographics, and the specific health
condition [35,36]. Broadly, young adults prefer solutions that
blend in with their current usage—accessible through existing
hardware and software, have a familiar syntax (eg, use of
emoticons), and are aligned with their existing habits [37]. Older
adults, often with limited digital skills, also prefer familiar or
easy-to-use communication channels for DHIs [35,36]. Despite
the stated importance of a seamless and personalized experience
in health care across physical and virtual channels [38], many
of the current DHIs are unable to integrate seamlessly with each
other and the rest of the health care system to personalize and
improve engagement. The lack of integration of DHIs in the
patient journey can exacerbate the existing health care
fragmentation, which is particularly evident in the gaps in the
continuity of care between the hospital and outpatient treatments.
The effect of this discontinuity in user experience, among others,
shows in the attrition rates with digital health apps. In one of
many examples, the usage analysis of 57 mental health apps
showed that the percentage of users who opened the app dropped
from 69.4% to 3.9% within the first 15 days [39], potentially
rendering them ineffective. This rapid disengagement is a
particularly detrimental issue for DHIs that target chronic
diseases, where continuity of care is crucial.
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Figure 1. Communication potential of digital health interventions: the potential role of communication toward behavioral change before and during
the digital health intervention, as guided by the framework proposed by Manika and Gregory-Smith [12]. DHI: digital health intervention.
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Table 1. Examples of possible communication channels, their potential applications, and some of the patient adoption considerations. Any of such lists
should be dynamically updated to match the evolving changes in the individual’s digital presence and preferences.

Patient adoption considerationsExamples of potential applicationsPatient/caregiver
interface

Intervention and postinterventionPreintervention

Active communication channelSynchronous communication, requires
initiative and time on the patient’s part

Consultation with a physician, a rehabilita-
tion session in a center, monitoring and drug
titration with specialized nurses

In-person visit

Passive communication channelAsynchronous communication, both con-
venient and nondisruptive in the day-to-
day lives of patients

Email consultations, communication of test
results, e-referral

Email

Active communication channel can be
used to replace in-person visits for
higher engagement but patient satisfac-
tion is essential for continued usage
[22]. Common issues include problems
with internet connectivity and accessi-
bility [23].

Synchronous communication, initial
adoption can be affected by ease of use
and perceived usefulness [21]

Teleconsultation, e-prescription, e-referralVideo consultation

Ease of use in long term enables dis-
ease monitoring and symptom tracking.
Usage can be sustained through gener-
ating electronic satisfaction [25].

Initial adoption can be affected by ease of
usage and user interface. Involvement of
health care providers and public health
authorities can benefit adoption [24].

Wellness apps, screening and monitoring
solutions, or digital therapeutic interven-
tions, with virtual reality–based therapy,
personalized nudges, and real-world evi-
dence collection

Mobile apps

Enables patients’ engagement with the
ability to share, comment on, and react
but also social norms intervention, es-
pecially for the young adults [26]

Adoption might be affected by digital di-
vide and privacy concerns.

Social media and metaverse that can be used
for educating, supporting, and influencing
behavior change as well as individualized
lifestyle improvement

Digital social

environment

Enables self-management. Continued
engagement relies on confirmation of
user’s initial expectations and per-
ceived usefulness [28].

Adoption determinants include reliability
of provider, level of awareness toward
web-based platform, and accessibility [27].

Web-based learning/educational platforms
such as internet-based diabetes management
platform or digital patient-reported outcome
measure and electronic patient-reported
outcome platforms

Web-based plat-
forms

Enables reminders for chronic disease
management. Limited in terms of clini-
cal data sharing—quality of responsive-
ness and variability can help improve
conversation quality [30].

Familiar platform and increased ease of
usage to encourage adoption. Limited with
regards to nature and amount of informa-
tion shared. Narrative persuasion through
first-person point of view can impact per-
suasion of health messages [29].

SMS-based communication, chatbot, virtual
health assistant, messaging apps for just-in-
time interventions, triaging

Messaging solu-
tions

Continued usage relies on patient’s
preference for enhanced security fea-
tures and ease of use [32]

Adoption is influenced by convenience
and the integration of safe messaging apps
to electronic health record systems [31]

Direct messaging to health care providers,
appointment booking, patient reminders,
data sharing between health care providers,
and patient data storage

Safe messaging
apps

Potential for passive symptom tracking
and just-in-time interventions

The relative simplicity lowers traditional
technological barriers and provides the
benefits of hands-free and eyes-free en-
gagement mode. The disadvantages are
that some patients may have difficulty in
formulating a structured sentence for a
command as well as may have privacy
concerns associated with having a voice
assistant “always-on” [33].

Smart home and mobile-based digital assis-
tant that enable proactive reminders, remote
care access, and the ability to capture pa-
tients’ responses to artificial intelli-
gence–powered voice biomarkers could also
be used to screen for and diagnose a wide
range of diseases as well as triaging.

Voice-based assis-
tant

Enables passive symptom tracking and
generates long-term data for feedback
and analysis. Continued perceived
usefulness and positive attitude need
to be maintained [34].

Initial adoption can be affected by novelty
of wearable technology—for example,
design aesthetic is a prominent factor
when influencing behavioral intention [34]

Global positioning system tracking devices,
Bluetooth beacon technology, body vitals
sensors

Wearables and
sensors
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Omnichannel Engagement for DHI-Led
Behavioral Change

Encouraged by its success in retail [40], we identified
omnichannel engagement (OCE) as a highly promising and
untapped approach for DHI patient engagement. OCE is a
strategy to integrate and interconnect multiple communication
channels in a synchronized operating model, which leverages
data and digital tools to deliver a seamless, consistent, and
personalized experience for the user [41]. The key features of
OCE are (1) integrated and interconnected communication using
multiple available channels, (2) synchronized/coordinated
activity, (3) personalized and consistent experience for the user,
and (4) continuous improvement via data and digital tools.

The correct management of the following 6 enablers is crucial
for achieving a successful OCE: people, platform, service and
content, channels, legal framework, and data and measurement
(Table 2). Several consumer technology companies have
maximized their profits by executing long-term omnichannel
strategies based on a thorough management of these enablers.
The consumer technology omnichannel approach is therefore
being considered the state-of-the-art and a reference for other
industries [42]. Regarding the patient digital behavior, studies
show that individuals who seek and are capable of utilizing
eHealth information are also more open to use health services
provided digitally [43]. Accordingly, health care companies
and public sector utilize new ways of doing marketing, where
medical science liaisons—services for patients and health care
professionals—use increasingly more digital means besides the
traditional in-person communication channel [44]. For example,
social media posts on Twitter and Facebook have been used by
the largest hospital chain in Turkey [45] as well as by the
Portuguese national health service to improve health literacy
on disease prevention and well-being together with other
nondigital channels [46]. The electronic word-of-mouth–based
strategy on social media for pharma marketing on
over-the-counter medications has also been explored [47]. It is
not surprising that the health care market has been targeted in
recent years by the consumer technology companies familiar
with OCE, which have introduced fitness apps, wearables, and
activity trackers [48].

We stipulate that OCE can play a significant role as an integral
element of DHIs and not only as an adjacent marketing stream.
We envision a patient journey where DHIs are a crucial part of
a stand-alone or auxiliary treatment and behavioral change and
leverage OCE to boost its efficiency. In our vision, DHIs are
distributed into several services (eg, dedicated disease service,
tracking service), which are integrated with various
communication channels as well as wearables/sensors and the
digital presence of the patient. The information flow is

bidirectional—the patient receives the digital intervention
through OCE and provides information for the DHI operations.
All available relevant data, for example, medical data, health
data, connections, digital preferences, and data for health can
be centrally collected and integrated to form a digital twin
[49,50]. Digital twin is a digital representation of the individual
whose data it is based on. It can offer insights about that
individual, which, in turn, facilitate the design and monitoring
of an intervention. The digital twin in our vision may not need
to encompass all available data but merely may need access to
multiple sources such as the personal health record to gain
sufficient insights to be actionable. For example, to understand
the phenotypic response and to recommend an optimal
pharmacological dosage with sufficient safety and accuracy,
only 3-6 data pairs may be necessary [51,52]. Artificial
intelligence could prove crucial in managing and extracting
relevant features from the multidimensional, noisy, and
incomplete data as well as in following up with a variety of
appropriate adaptations and actions [53,54]. It will be required
to find the right balance of complexity and size of the data model
versus the quality and rapid generation of actionable insights,
according to the general premise of efficient use of artificial
intelligence in health care [55].

OCE serves the purpose of linking the patient to a network of
health services through various integrated communication
channels revolving around the patient’s health-seeking
experience. In already existing examples, instant messaging,
be it stand-alone (eg, WhatsApp) or platforms linked to social
media such (eg, Facebook Messenger), can be used for triaging
in-person and web-based consultations [56]. Wearables enable
long-term symptom management, and emails and
teleconsultations provide a seamless and convenient method
for follow-ups and communication of clinical data. These
services can be combined with the aligned nudges for lifestyle
and nutritional choices delivered according to the patient’s
digital presence, for example, specific food suggestions when
shopping online.

OCE also creates opportunities for obtaining additional insights.
An analysis of the interconnection between communication
channels may allow for analysis of the network of
communication and support, which can be a powerful ally for
behavioral change. In 1 example, obesity is known to spread
through social ties through a diffusion of unhealthy behaviors
[57], including physical inactivity [58]. Accordingly, social
connections become informal channels of information with real
impact on health decisions for self and others, as observed in
parenting [59]. Indeed, rapid diffusion of information has been
demonstrated within social networks [60]. Such insights could
lead to broader understanding of one’s behavior motivators and
their environment to launch a precise DHI and form beneficial
habits.
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Table 2. Key enablers for effective omnichannel strategies.

DefinitionEnablers

Clear roles and responsibilities around governance, omnichannel engagement expertise, skills, and know-howPeople

Foundational technology stackPlatforms

Engagement plans of defined customer-centric services, with modular and reusable contentServices and content

Integrated operations across all customer-facing channelsChannels

Multimedia consent, cookie and privacy policies, medical and regulatory review policiesLegal framework

Customer identifier, data management strategies for optimal analytics and insightsData and measurement

Discussion

Supporting the Patient Journey With DHIs and OCE
In this viewpoint paper, we outline how DHIs supported by
OCE may become an impactful health intervention. Below, we
describe how a patient journey benefiting from such a tool could
look like (Figure 2). At the beginning of the patient journey,
individuals at risk of a disease receive broadly targeted medical
information through passive communication, with which they
can decide to follow up. Interested individuals are supported
by an automatic screening procedure in deciding whether contact
with a health care professional is necessary. If this is the case,
the initial contact is a telemedicine consultation. This allows
for a low-cost and rapid way of establishing an initial differential
diagnosis, diagnostic workup, and treatment plan. The patient
can be instructed on the necessary data to be collected, for
example, symptom diaries, wearables, or other tracking
platforms, to improve the positive predictive value of the
diagnostic procedures. Once sufficient data have been collected,
an in-person visit with a health care practitioner follows, during
which more clinical data are gathered and the treatment plan is
adapted accordingly. Ideally, necessary additional wearables
and the correct instructions for new or already used ones are
provided at this appointment, together with a
recommendation/prescription of an appropriate DHI. Following
this are 2 parallel tracks: while the DHI is applied to the patient
to change behavior and monitor progress/treatment compliance,
the patient also follows up on visits to diagnostic services (eg,
imaging services), therapeutic services (eg, physical therapy,

nutritional specialist), visits to the doctor’s office, and further
visits to the health care practitioner as necessary. We envision
that, thanks to the adaptive engagement with DHIs through
OCE, patient adherence to both web-based and offline
components is high, leading to a rapid and sustained shift in
behavior and ultimately better outcomes while reducing the
most resource-intense engagements, that is, face-to-face visits.
Once treatment is completed, DHIs continue to support the
habituation of behavior and thus provide secondary prevention.
In patients with chronic diseases, telemedical visits continue as
necessary for treatment plan adaptation, while DHIs provide a
much closer view of the disease state and offer an asynchronous
way for the health care practitioner to stay up-to-date on the
patient status.

To allow the flexibility necessary for this approach, it is crucial
that health care professionals are agnostic about the effective
engagement channel and that their primary systems used to
document clinical data support the integration with the patient’s
digital twin. Moreover, health care professionals may be
required to assess individuals who will most likely need
assistance with the familiarization and use of DHIs [61].
Although patients are increasingly open to incorporating
technology as part of their care delivery [62], continual efforts
through personalization and understanding the resources and
capabilities of targeted patient populations should be made to
promote greater technology access and literacy. As digital health
technologies continue to augment health care professionals’
roles, new skills may become necessary and a new role of a
digital health specialist may emerge as a primary health care
provider in the future.
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Figure 2. Patient journey with a digital health intervention through omnichannel engagement. The section on the right side of the arrow presents selected
communication channels with direct interface to the patient, where patient is the main data steward. The section on the left side of the arrow provides
selected communication channels, where the patient interacts with health care professionals who are the main data stewards. The engagement approach
with patients is constantly adapted depending on the preferred patient channels and based on the approach that results in an effective behavioral change
response. Health care professionals should therefore be channel-agnostic. The data are owned by the patient with stewardship granted to the main
contributors (where appropriate). Data actively create a digital twin that enables actionable health predictions and sustained behavioral change. AR:
augmented reality; ePRO: electronic patient-reported outcome; HCP: health care professional; PREM: patient-reported experience measure; VR: virtual
reality.

Challenges to Implementing DHIs With OCE
The presented approach, incorporating a digital twin of the
patient as well as OCE, needs to align with the collectively
accepted principles and values such as “privacy, equity, fairness,
patient safety, and patient autonomy over health-care decisions”
[63]. Although DHIs may aim to pragmatically increase patient
autonomy, the data they use and generate can be seen as a
commercial asset, giving rise to risks such as the breach of data
security or privacy as well as data governance issues. Adding
to this complexity, DHIs operating in multiple countries will
need to comply with local, national, regional, and international
standards.

Data privacy need to be ensured while using available
communication channels and tracking patient preferences and
managing the intervention via the digital twin. DHIs have to
comply with the prevailing regulations, for example, the general
data protection regulation (GDPR) in the European Union as
well as with further specifications of each of the European Union
member states where a DHI is deployed [64]. The requirements
pertain to the physical location of data, the way in which patient
consent is gathered, and the necessity for consent before sharing
data with specific third parties such as insurers. A specific
example in the context of DHIs with OCE is the integration and
use of WhatsApp [31]. WhatsApp is a popular messaging app
with great potential as a seamless DHI communication channel;
however, it fails to comply with GDPR regulations, as messages
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are stored in servers outside the European Union. In fact, a vast
majority of health apps fall outside the remit of the regulations
in most nations [65]. A range of secure messaging apps with
increased data privacy are being developed and marketed
[66-70]. However, their compliance with GDPR varies greatly
and questions remain on how they can ensure a seamless
experience and sustained use to be potentially adapted for future
integration with DHIs.

Patients should be empowered with increased information and
awareness of their own health care journey as authorities
establish the balance between data protection and data exchange
and as new governance models arise. Patients should be given
the opportunity to participate actively in their own health
decisions and treatment by fully utilizing their health data rights.
Among others, an open question remains on the mechanisms
to guarantee patient-controlled access to their own data and
broadly speaking to the digital twin. The digital twin represents
an actionable collection of information designed specifically to
be able to “connect the dots” and both predict, monitor, and
influence a patient’s behavior. Conceptually, new decentralized
technologies such as blockchain may support the control over
access and secure information flow in the digital twin [71,72];
however, those are not yet broadly adopted, and beyond
technical challenges, a regulatory shift and user education are
required to minimize the risk of the digital twin being used as
a means to influence the autonomy of the health care decisions.

Some regulatory bodies have issued laws attempting to realize
publicly controlled digital twin–like patient profiles (eg, the
National Electronic Patient Record in Germany, the National
Electronic Health Record in Singapore, the Electronic Patient
Dossier in Switzerland). The key benefit of such data exchange
systems is to overcome the challenges encountered with
historical system interoperability issues and to enable data
exchange between health care professionals. While
demonstrating significant developments for integrated patient
profiles, those efforts have not yet reached a comprehensive
patient-specific, actionable digital twin, and the vision of the
patient journey illustrated in Figure 2 is not yet facilitated.

Conclusions
In this viewpoint paper, we have outlined the principles and
challenges of DHIs combined with patient engagement through

OCE. The evidence stemming from trials and real-world data
will verify the true value of such an approach. One strategy to
rapidly pilot potential OCE for DHIs could be the combination
of a wellness/lifestyle intervention with a health care
intervention. This could provide initial evidence for increased
patient engagement while testing the concept of continuous
improvement with data generated through the engagement.
Further integration, for example, with a personal health record
could then be added in the second phase. However, we do not
see this as a bypass for adhering to the appropriate health care
and data privacy regulations. Recently, there have been
worrisome reports of the breaches of data privacy and data
security by wellness mobile apps [73-75]. In addition to data
breaches, other concerns include the aggregation of multisource
data and generating digital twins without appropriate access
control for the individual represented by the digital twin.

The global strategy on digital health 2020-2025 states that digital
health is a means of promoting equitable, affordable, and
universal access to health for all, including the special needs of
groups that are vulnerable in the context of digital health [76].
To truly fulfil that role, DHIs need proof of effectiveness,
accessibility, feasibility, sustainable resource use, and the
observation of equity and rights [2]. The extent of success of
DHIs in changing health outcomes depends on the level of
patient engagement during the intervention and subsequent
sustained change of the intended health behavior [77].
Capitalizing on the adaptability of OCE, there is potential for
personalizing the user experience to each patient and the
flexibility to adapt to the needs and regulations of different
geographical regions. Unanswered questions remain with regards
to the emergence of new communication channels and behaviors
in a digital space as well as adoption of health care models and
health care professionals’ roles. In addition, careful management
of the commercial versus health care interests in the integration
of the communication channels and the digital twin is required.
However, we believe that DHIs focused on patient engagement
through a dynamic adaptable OCE approach and built on a
well-formed compliant digital twin have the potential to disrupt
unsustainable health care systems and greatly improve the health
of many individuals.
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Abstract

Electronic health records (EHRs) contain valuable data for reuse in science, quality evaluations, and clinical decision support.
Because routinely obtained laboratory data are abundantly present, often numeric, generated by certified laboratories, and stored
in a structured way, one may assume that they are immediately fit for (re)use in research. However, behind each test result lies
an extensive context of choices and considerations, made by both humans and machines, that introduces hidden patterns in the
data. If they are unaware, researchers reusing routine laboratory data may eventually draw incorrect conclusions. In this paper,
after discussing health care system characteristics on both the macro and micro level, we introduce the reader to hidden aspects
of generating structured routine laboratory data in 4 steps (ordering, preanalysis, analysis, and postanalysis) and explain how
each of these steps may interfere with the reuse of routine laboratory data. As researchers reusing these data, we underline the
importance of domain knowledge of the health care professional, laboratory specialist, data manager, and patient to turn routine
laboratory data into meaningful data sets to help obtain relevant insights that create value for clinical care.

(J Med Internet Res 2022;24(11):e40516)   doi:10.2196/40516
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laboratory data; electronic health records; preprocessing; applied data science; laboratory; data; clinical; decision support; decision;
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Introduction

The availability of routinely collected laboratory data in
electronic health records (EHRs) provides valuable information
for medical diagnostics and decision-making in routine care
[1]. Data extracted from EHR databases are often reused for
deduction of knowledge to perform health care quality
evaluations, conduct clinical and epidemiological studies, build
clinical decision support systems, and facilitate disease
understanding [2]. Moreover, the continuous increase of
computing power and the introduction of new machine learning

methods will likely further increase the reuse of the vast amounts
of routine laboratory data to further personalize care [3]. As
laboratory data are abundantly present, often numeric, generated
by certified laboratories, and stored in a structured way, one
may assume that the data are immediately suitable for (re)use.
Technically, this may be true, for such data do not require
additional “translation” steps as is the case for unstructured data
(eg, written text). However, behind each laboratory test result
lies an extensive context of choices and considerations, made
by both humans and machines, that introduces hidden patterns
in the data. Researchers reusing routine laboratory data, such
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as epidemiologists and data scientists, who are oblivious to this
“world behind the numbers” may either apply or omit
(un)necessary preprocessing steps important for the creation of
a clinically meaningful data set that may lead to false
conclusions. Understanding different steps involved in the
generation of routine laboratory data and the insights of domain
experts responsible for these steps enables appropriate
multidisciplinary preprocessing in medical research.

We will introduce the reader to these hidden aspects of
laboratory data originating from the EHR database with
examples drawn from our own experience. In 2005, the Central
Diagnostic Laboratory of the University Medical Center Utrecht
(UMCU) began collecting EHRs, including raw data from our
International Organization for Standardization (ISO)-15189
certified laboratory, and compiling them in the Utrecht Patient
Orientated Database (UPOD) [4]. With data from the UPOD,
our department performed numerous studies in various
disciplines over the past 20 years that taught us the necessity
of multidisciplinary teams and preprocessing of routine

laboratory data to make them suitable for (re)use. We describe
the generation of these data in 4 steps and explain how each
step may interfere with reuse of the data (Figure 1). First, we
provide insights into how laboratory diagnostics is used in
clinical care, which largely explains data availability and
meaning. To fully understand why a test was ordered in the first
place may be difficult (if not impossible) to answer, yet
circumstantial evidence can often be found in data patterns and
metadata. We also discuss the collection and analysis of
specimens from patients in our ISO-15198 controlled laboratory
setting. Finally, we elaborate on data processing storage by the
laboratory information system (LIS) and EHR database,
including automatic calculations and data corrections. We show
how every step is reflected in the data, how it can hamper
analysis, and then provide possible multidisciplinary
preprocessing directions. Increasing the awareness of challenges
in preprocessing routine laboratory data and the need for domain
expertise may help turn raw laboratory data into meaningful
laboratory data that can be reused for translation into value for
clinical care.

Figure 1. The 4 steps involved in generating structured routine laboratory data and how domain experts and researchers should collaborate in establishing
meaningful data sets for reuse.

Setting the Scene

Before diving into the ordering, (pre)analysis, and storage of
routine laboratory data, one needs to be aware of large- and
small-scale system characteristics that may affect the data at
hand. For example, on a macrolevel, in many health care
systems, first-line care is characterized by a more protocolized
type of care aimed at the screening and exclusion of severe
conditions; therefore, first-line care data carry a high number
of “normal” values of a restricted set of laboratory tests. In
contrast, specialized physicians in academic hospitals who look
for less common diseases may require measurements of more
“exotic” parameters, since standard examinations have not yet
provided a definite diagnosis, resulting in a high number of

abnormal values of a wide range of tests. An interesting
development in this regard is the upcoming use of home testing.
These tests are performed in uncontrollable collection
circumstances and without connection to widely used laboratory
information systems, circumventing the auditable data
generating, approval, and release procedures we will discuss
later in this paper. Limited interoperability between laboratory
information systems and home devices may result in duplicate
procedures for patients referred to different health care
professionals or data storage in different systems that may be
available to the treating clinicians but not to the researcher.
Moreover, some health care systems reflect a more defensive
way of practicing medicine because of medicolegal issues, which
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means more laboratory data are generated as a result of routine
screening procedures, attenuating the meaning of the results.

More specific system characteristics may include the 24/7
availability of resources such as expert laboratory staff, where
the absence of laboratory values during the night may simply
reflect a closed facility or the other way around—the presence
of laboratory values may indicate acute disease during the night
and laboratory testing could not wait until the morning.
Available metadata in the form of time stamps is indeed
collected in the laboratory process and may be used to determine
the consecutive steps of the diagnostic workflow. Yet, some of
these time stamps outside the lab may be less accurate, as they
are written down by hand or indicate preferred collection times.
Inside the lab, most time stamps are generated by analyzers and
analysis tracks, leading to more precise metadata. Moreover,
standard workflow protocols either following international
guidelines or local policy may lead to the use of predefined sets
of laboratory tests, reflex testing according to specific reference
values, or point-of-care testing (POCT), in which the central
diagnostic facility is not used due to warranted rapid analysis,
preferably near the bedside.

According to the specific research question, patients, physicians,
and laboratory specialists can help to provide insights into the
local implications of health care systems and indicate
workarounds and applicable current and historic clinical and
laboratory guidelines that may affect data availability and
meaning.

Step 1. Ordering Laboratory Tests

Ordering laboratory analyses is part of the process in which the
patient and the health care professional interact to limit the
number of possible differential diagnoses to a minimum.
Medical tests meant to confirm or at least discard a potential
diagnosis should always be ordered with a clear intent. For
instance, a “shotgun approach” (ie, ordering many tests in the
hope of being guided by their outcomes) may be a good strategy
in the identification of new biomarkers. In modern medicine,
however, such an approach will likely only result in high costs
with a high chance of spurious findings [5]. The latter is a logical
consequence of reference value or reference range definition.
In laboratory medicine, reference ranges are defined as the 95%
confidence interval. In other words, 95 out of 100 tests of any
given parameter will fall within that reference range, and the
remaining 5 will be considered an outlier. Statistically, assuming
that all parameters to be completely independently regulated,
testing for 5 parameters would result in 23% chance of at least

1 outlier, testing for 10 would result in a 40% chance, and testing
for 20 would result in a 64% chance. While multiple
comparisons in studies can be managed by applying correction
factors, this is not done in clinical practice. Fortunately,
diagnostic means such as laboratory tests are ordered with this
knowledge in mind. Conversely, not testing for a specific
parameter also needs to be regarded as meaningful, as the said
parameter was most likely not considered to contribute to
clinical decision-making. This is referred to as missing not at
random (MNAR) patterns (ie, the choice for or against a test
itself already contains meaning) [6].

In other words, many factors affect data availability. This has
major implications for handling missing values. In general, it
is not recommended to carelessly impute routine laboratory
data, given the many different possible underlying reasons for
missingness (Table 1). Unfortunately, the preceding
deliberations that climax in the test order are usually not
captured by order forms, in contrast to radiology or pathology
requests, where the clinical question is an integral part
(“pneumonia?” or “metastasis?”) [7]. A single laboratory test
order can also be used to rule out or confirm more than 1 clinical
question. Accordingly, the interpretation of a laboratory test
result may differ between different clinical questions so that an
identical result can have completely different meanings. This
may be obvious in many cases. For example, a normal
hemoglobin level in an elite athlete can be expected. In a patient
with chronic fatigue, this may mean that the fatigue is probably
not caused by anemia, whereas a normal hemoglobin level in
a polytrauma patient with severe blood loss most likely only
reflects successful blood transfusions. To make it more
complicated, the interpretation of laboratory test results depends
on the acuteness of the disease. For example, acute versus
chronic anemia can acutely result from subacute severe
hemorrhage but can also follow chronic blood loss in small
amounts, iron deficiency, or bone marrow suppression.

The process of clinical reasoning is not part of laboratory
standard operating procedures, so unfortunately, from a reuse
point of view, it is not captured in any (meta)data. Because it
is influenced by multiple factors, it can introduce patterns in
data. Therefore, clinical characteristics influence availability
and meaning in this very first step of data generation and are
among the hardest to discover and, consequently, the hardest
to model in projects reusing laboratory data. Physicians and
patients as domain experts may help shed some light in this
step, for example on how to distinguish between the different
meanings of missing data (see Table 1 as a conversation starter),
yet the specific choices that affect data availability may vary.
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Table 1. Examples of physician-initiated and system-initiated processes that may affect the presence of laboratory values.

Meaningful missingness patternExampleReasons (not) to perform laboratory diagnostics

Physician-initiated

CRP missing: most likely means a normal valueNo CRPa measurement was ordered because
patient did not have a fever

No laboratory measurements needed be-
cause there is no sign the of the disease

Antibodies missing: most likely means an abnormal
value

No herpes zoster antibodies were ordered
because the patient displayed shingles

No laboratory measurements needed be-
cause the disease is very obvious

Hemoglobin missing: may either mean normal value or
abnormal value

Hemoglobin ordered for anemiaTo confirm a diagnosis

Metanephrines missing: may either mean normal value
or abnormal value

Metanephrines ordered for pheochromocy-
toma

To exclude diagnosis

Kidney function missing: probably means a normal
value.

Assess kidney function to titrate dosage of
antibiotics

To determine treatment

INR missing: probably means a normal value.Determination of INRb before thrombolysisPreprocedural risk assessment

Lactate missing: most likely means a normal valueBacterial infection followed up by a lactate
measurement

To monitor disease activity

CA125 missing: most likely means a normal valueCA125 ovarian tumor marker orderedTo monitor treatment effect

LDLc missing: probably means a normal valueLow density lipoprotein cholesterol orderedDrug adherence

Lyme disease screening missing: most likely means a
normal value

Lyme disease screening orderedPhysician uncertainty or the reassurance
of a patient

Fecal occult blood test missing: probably means a nor-
mal value.

Fecal occult blood test for colorectal cancerScreening

Fasting glucose missing: most likely means a normal
value

Fasting glucose test for diabetesPeriodic health check-ups

System-initiated

Missingness describes the patient population: sepsis not
suspected

Specific triaging protocol in the emergency
department for suspected sepsis

Standard protocol within EHRd

Missingness of either may indicate the measurement
has failed

Hemoglobin and hematocritStandard combinations of parameters that
cannot be ordered separately

Missingness of free T4 if TSH is available means that
free T4 is most likely normal

Free T4 is measured only when TSHe is
outside reference range

Reflex tests

Missingness of immature blood cells means there are
none detected

Immature cells detected in blood by hema-
tology analyzer

Automatic alerts in laboratory analyzers

aCRP: c-reactive protein.
bINR: international normalized ratio.
cLDL: low-density lipoprotein.
dEHR: electronic health record.
eTSH: thyroid-stimulating hormone.

Step 2. Before the Laboratory:
Preanalysis Phase

Depending on the considerations by the health care professional
and their patient, the clinical presentation, and the ordered test,
the next choice to be made concerns the collection of biological
material. Blood and urine collection are widely known, but
modern laboratories run diagnostic tests on many more body
fluids and materials, such as spinal fluid, serosal fluids, or feces.
The number of possibilities further increases by (1) the method
of sample collection (eg, venous vs capillary blood sampling)
and (2) the collection material (eg, ethylenediaminetetraacetic
acid vs citrate-buffered blood collection tubes). These 2 factors

may seem minor at first glance but have a major impact on the
“test menu” (ie, which analyses can be performed as well as
result reliability). For example, in the UMCU, there are over
2900 different tests. Some tests can only be performed using
specific collection tubes, and while some can be performed in
minute amounts, others may require sample volumes that
preclude capillary blood sampling. Finally, time is relevant. For
example, glucose levels in whole blood samples significantly
decrease over time due to their consumption by blood cells
[8]—not to mention circadian variations of numerous analytes.
Laboratory specialists are trained to support the treating
physician in assessing the possibilities and making the right
decision to avoid diagnostic and treatment delay, unnecessary
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additional testing, and associated costs. Altogether, this phase
is usually referred to as “preanalysis.”

The following example illustrates the often-underestimated
impact of the preanalytic choices: A “simple” glucose level can
be measured in various body fluids, such as blood or liquor
(spinal fluid) in this case. Glucose levels in liquor are usually
30% to 40% lower than in blood [9]. Another well-known
example is the concentration difference of creatinine in blood
and urine. On an individual level, such factors may be easy to
look up and adjudicate. In large data sets, this becomes
impossible. A glucose level of 50 mg/dL may mean that it was
measured in liquor and can be considered “normal,” whereas
when measured in blood, it may indicate a hypoglycemia.
Therefore, is it essential to account for specimen types in
available metadata and perform the preprocessing accordingly
by either filtering out measurements or annotating them as
separate variables to avoid false interpretation. Standards for
laboratory test identification and naming have been proposed
but are unfortunately not widely adopted [10]. Hence, laboratory
specialists and data managers must cooperate when interpreting
available data sources and deduce specimen type in the absence
of unique identifiers that account for the available combinations
of the aforementioned factors.

In addition to intrinsic circadian variations, patient behavior
and actions before and/or during specimen collection (eg,
medication or food intake) can affect test results. A well-known
example is the variability of blood glucose levels in relation to
recent food intake. Therefore, blood glucose concentrations are
usually measured after at least 8 hours of fasting. In practice,
not all patients faithfully report previous eating or drinking
(other than water, unsweetened tea, or coffee) before sample
collection. Therefore, even controlled and lege artis performed
sample collection and analysis cannot guarantee a valid
reflection of patient status. As such, accurate annotation
(fasting/nonfasting), where possible, is important to either
remove or include these measurements depending on the
research question. Patient compliance to drugs or instructions
varies significantly between treatments or patient groups.
Physicians can help identify or even point to specific patients
or patient groups that might distort the data set, thereby
providing additional meaning to the data.

Step 3. In the Laboratory: Analysis Phase

Clinical laboratories use different types of analyzers to perform
tests on the obtained sample. New analyzers, reagents,
biomarkers, and software packages are introduced and updated
frequently, and tests can be added, removed, or changed.
Analyzers are regularly calibrated, but both distribution shifts
and continuity imperfections within calibration ranges may
occur over time and become apparent in large data sets.
Although in most cases analytes are named identically across
different laboratories, their actual level may differ significantly
even when the same sample is measured. This can be due to
different types of analyzers, different assay types, or different
analyzer/assay manufacturers [11]. It is critical to note that the
resulting differences in reported analyte concentrations can be
substantial when comparing assays from different providers. In

a nutshell, analyte X from provider Y is not the same as analyte
X from provider Z. Harmonization efforts are ongoing but not
yet widely implemented [12].

Within a given laboratory, the usual lifespan of analyzers is
around 10 years. In other words, even in 1 hospital, analyzers
need to be replaced every now and then. Accordingly, after
transition, reported analyte concentrations can change from one
day to the next. In certified laboratories, transition between
analyzers is accompanied by an intermediate calibration phase
in which the new analyzer is aligned. These calibration data are
generated on specific test samples and do not usually appear in
clinical data. However, when data are analyzed over a longer
period, the analyzer transition can still be visible in the data.
As an example, in 2013, our laboratory recalibrated the serum
creatinine analysis; as a result, mean serum creatinine values
were lower in the following years. Not having this background
knowledge could easily result in the misinterpretation laboratory
values over time and is therefore an essential step in quality
control. Metadata analysis can help with identifying such
changes and performing adequate correction actions.

Population-specific reference ranges (eg, age or sex dependent)
are a form of clinical decision support, as they guide the
physician in interpreting test results in clinical practice.
Researchers reusing routine laboratory data can use these
reference ranges to establish whether a test result deviates from
a healthy population, assuming said reference indeed reflects
health status. Reference ranges correspond to a set of values
covering 95% of the results from testing a reference, such as a
healthy population. Such populations are carefully selected in
the approval process of any assay and analyzer based on defined
criteria, such as sex, age, and pregnancy. These ranges are
usually known along with the test result but may differ between
laboratories, limiting the interoperability of findings. Grossly
increased values that significantly deviate from reference values
(eg, creatinine kinase in myocardial infarction and human
chorionic gonadotropin in pregnancy) may seem outliers from
a statistical point of view, but they may actually reflect the state
of the human body and need to be interpreted on a log scale, as
they are almost never the result of analytical error.

Initial outlier detection takes place in the laboratory as part of
quality assurance and validation, where measurement errors are
typically identified, signified, and even corrected. Therefore,
applying rigorous outlier detection and removal by data reusers
may remove highly informative test results and should be
carefully deployed. Moreover, reference ranges can be modified
over time. This can be the case when analyzers or assays change,
as mentioned earlier in this paper, but can also be the case when
new evidence becomes available. In cardiovascular medicine,
for example, sex-specific reference thresholds are currently
applied for cardiac troponin levels, a marker of cardiomyocyte
damage or injury [13].

The LIS is the interface between analyzers and the EHR
database. In addition to its role in test order management, it
performs a variety of automated tasks essential for routine
clinical care. It plays a central role in identifying aberrant
measurements and performing simple and complex calculations
such as low-density lipoprotein (LDL) cholesterol calculation
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with the Friedewald formula [14]. These alerts and formulas
may change over time, potentially resulting in inconsistent data
or breaks in trends. Kidney function is usually monitored using
an estimation of the glomerular filtration rate (GFR) instead of
performing a “real” measurement, including urine collection,
for 24 hours. Several formulas have been established and are
applied clinically to this end. Our laboratory replaced the
Modification of Diet in Renal Disease (MDRD) with the Chronic
Kidney Disease Epidemiology Collaboration (CDK-EPI)
formula in 2013. Consequently, the distribution of GFR
measurements changed significantly over time due to
considerable variations between the resulting minimum and
maximum results. Depending on the research question at hand,
such ambiguities may be resolved by recomputing the GFR for
all patients with the same formula to obtain a single distribution
when studying physiological processes. However, when studying
health care processes, GFR values should not be recomputed,
as health care professionals were only provided with the value
calculated at that time and made their decisions accordingly.
Thus, the choice whether using reported or recomputed data
largely depends on the research question.

Laboratory values are only released into the LIS and EHR
database after they have been approved by a laboratory specialist
or a prespecified protocol. Values that surpass the preset assay
specification (ie, lower limit of detection and upper limit of
quantification) may be reported as “less than” or “greater than,”
respectively, and these modifiers may be found as a text variable
in a different data location. The “greater than” and ”less than”
signs mean that the results fall outside the measurement range
of the assay. However, this does not mean that they are incorrect,
as laboratory specialists review these values and check their
plausibility before approving them for reporting in the EHR.
Some analyses may be of such complexity that they cannot be
done by an automated analyzer and thus require manual
interpretation by a laboratory specialist before release (eg, blood
smears, bone marrow morphology, or specific blood type
analyses). These are often accompanied by a free text comment
from the laboratory specialist to aid the clinician with
interpretation and may require natural language processing
before being used further.

Step 4. After the Laboratory: Postanalysis
Phase

After having been checked and approved, test results are
reported in the LIS together with metadata describing analyzer
configurations, sampling time, assay time, and more. The
clinical laboratory is responsible for the correct laboratory value
provision in clinical practice. However, for some analytes, only
the result of the test ordered by the physician, accompanying
comments of the laboratory specialist are eventually stored in
the EHR, and raw data and metadata may be only available in

the LIS. For specific research questions, such metadata can be
indispensable for correct data analysis and interpretation and
should therefore be retrieved in collaboration between data
managers and laboratory specialists.

As previously exemplified in this paper, data continuity can be
infringed at various levels. Analyzer updates may lead to
different parameter names. Switching to a different analyzer,
LIS, or EHR system can cause significant data variation. A
parameter name change may seem minor for a human, like the
addition of a single letter. In database terms, this may mean that
a data column is added at a point in time, while no new data are
added to the column reflecting the “old” name. This can be
overcome with specialist knowledge input to merge data before
and after the name was changed, provided that the change was
indeed limited to the name and that the distribution of results
has not changed over time. Doing so leads to a strong reduction
in missing data. A variable name change can also be
accompanied by a change in the definition of that parameter,
resulting in aberrant distributions. Quantile-quantile and density
plots can be used to demonstrate shifts after which they can be
substantiated with, for example, a Kolmogorov-Smirnov test.
Laboratory specialists are needed to help pointing out the cause
of the change and help decide on preprocessing protocols and
if data can be merged. In the future, data standards such as
Logical Observation Identifiers Names and Codes (LOINC) or
Systematized Nomenclature of Medicine Clinical Terms
(SNOMED) may partly resolve some of these issues.

Conclusion

Routine laboratory data are a potential information gold mine
for reuse beyond their purpose for care, as they are abundantly
present, most often numeric, generated by certified laboratories,
and stored in a structured manner. However, they can be a wolf
in sheep’s clothing. To fully exploit their potential, one should
be aware of their caveats because statistical methods are
generally not designed to incorporate their intricate clinical
context, particularly not in the absence of metadata. Laboratory
values are only part of the full clinical picture that health care
professionals use to diagnose and treat patients. Moreover, this
picture is merely reflected and not fully captured by routine
health care data. Therefore, as researchers reusing routine
laboratory data, we underline the prerequisite of collaboration
between the health care professional, laboratory specialist, data
manager, and patient to accurately recreate a valuable proxy of
the clinical state of the patient by addressing and resolving all
imperfections in electronic health record data, especially
laboratory data [15]. Instead of massive computing power, this
collaborative human effort may well be the only way to leverage
the potential of artificial intelligence by turning routine data
into meaningful data sets to help obtain relevant insights that
create value for clinical care.

 

Acknowledgments
We would like to thank all patients, health care professionals, laboratory specialists, data managers, researchers, data scientists,
and other domain experts that shared their valuable insights in collaborative efforts using the Utrecht Patient Oriented Database
(UPOD) over the past 20 years for thus helping shape this paper.

J Med Internet Res 2022 | vol. 24 | iss. 11 | e40516 | p.281https://www.jmir.org/2022/11/e40516
(page number not for citation purposes)

Overmars et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Authors' Contributions
Conception and design: LMO, MSAN, and SH were responsible for the conception and design of this paper. All authors were
involved in writing the manuscript and approving its final version.

Conflicts of Interest
MSAN is supported by a PhD fellowship from SkylineDx, Rotterdam. SH is supported by an Abbott Diagnostics Fellowship.
All others have no competing financial interests to declare.

References
1. Blumenthal D, Glaser JP. Information technology comes to medicine. N Engl J Med 2007 Jun 14;356(24):2527-2534. [doi:

10.1056/nejmhpr066212] [Medline: 17568035]
2. Meystre SM, Lovis C, Bürkle T, Tognola G, Budrionis A, Lehmann CU. Clinical data reuse or secondary use: current status

and potential future progress. Yearb Med Inform 2017 Sep 11;26(01):38-52. [doi: 10.15265/iy-2017-007]
3. Triantafyllidis AK, Tsanas A. Applications of machine learning in real-life digital health interventions: review of the

literature. J Med Internet Res 2019 Apr 05;21(4):e12286 [FREE Full text] [doi: 10.2196/12286] [Medline: 30950797]
4. Ten Berg BM, Huisman A, Van den Bemt PMLA, Schobben AFAM, Egberts ACG, Van Solinge WW. Linking laboratory

and medication data: New opportunities for pharmacoepidemiological research. CCLM 2007;45(1):9. [doi:
10.1515/cclm.2007.009]

5. Bindraban RS, van Beneden ML, Kramer MH, van Solinge WW, Neppelenbroek SI, van Wijnen M, et al. A multicenter
before-after study on reducing unnecessary diagnostics by changing the attitude of caregivers: protocol for the RODEO
Project. JMIR Res Protoc 2018 Aug 21;7(8):e10473 [FREE Full text] [doi: 10.2196/10473] [Medline: 30131316]

6. Groenwold RHH. Informative missingness in electronic health record systems: the curse of knowing. Diagn Progn Res
2020 Jul 02;4(1). [doi: 10.1186/s41512-020-00077-0]

7. Agniel D, Kohane IS, Weber GM. Biases in electronic health record data due to processes within the healthcare system:
retrospective observational study. BMJ 2018 Apr 30;361:k1479 [FREE Full text] [doi: 10.1136/bmj.k1479] [Medline:
29712648]

8. Fischer M, Hannemann A, Winter T, Schäfer C, Petersmann A, Nauck M. Relative efficacy of different strategies for
inhibition of in vitro glycolysis. Clin Chem 2021 Jul 06;67(7):1032-1034. [doi: 10.1093/clinchem/hvab071] [Medline:
34104943]

9. Mundt L. Graff’s Textbook of Urinalysis and Body Fluids. Burlington, MA: Jones & Bartlett; 2015.
10. Bodenreider O, Cornet R, Vreeman D. Recent Developments in Clinical Terminologies - SNOMED CT, LOINC, and

RxNorm. Yearb Med Inform 2018 Aug 29;27(1):129-139 [FREE Full text] [doi: 10.1055/s-0038-1667077] [Medline:
30157516]

11. Allardet-Servent J, Lebsir M, Dubroca C, Fabrigoule M, Jordana S, Signouret T, et al. Point-of-care versus central laboratory
measurements of hemoglobin, hematocrit, glucose, bicarbonate and electrolytes: a prospective observational study in
critically ill patients. PLoS One 2017 Jan 10;12(1):e0169593 [FREE Full text] [doi: 10.1371/journal.pone.0169593] [Medline:
28072822]

12. Plebani M. Harmonization in laboratory medicine: more than clinical chemistry? Clin Chem Lab Med 2018 Sep
25;56(10):1579-1586 [FREE Full text] [doi: 10.1515/cclm-2017-0865] [Medline: 29095697]

13. Lee KK, Ferry AV, Anand A, Strachan FE, Chapman AR, Kimenai DM, High-STEACS Investigators. Sex-specific thresholds
of high-sensitivity troponin in patients with suspected acute coronary syndrome. J Am Coll Cardiol 2019 Oct
22;74(16):2032-2043 [FREE Full text] [doi: 10.1016/j.jacc.2019.07.082] [Medline: 31623760]

14. Friedewald W, Levy R, Fredrickson D. Estimation of the concentration of low-density lipoprotein cholesterol in plasma,
without use of the preparative ultracentrifuge. Clin Chem 1972;18(6):502. [doi: 10.1093/clinchem/18.6.499]

15. Bezemer T, de Groot MC, Blasse E, Ten Berg MJ, Kappen TH, Bredenoord AL, et al. A human(e) factor in clinical decision
support systems. J Med Internet Res 2019 Mar 19;21(3):e11732 [FREE Full text] [doi: 10.2196/11732] [Medline: 30888324]

Abbreviations
CDK-EPI: Chronic Kidney Disease Epidemiology Collaboration
EHR: electronic health record
GFR: glomerular filtration rate
ISO: International Organization for Standardization
LDL: low-density lipoprotein
LIS: laboratory information system
LOINC: Logical Observation Identifiers Names and Codes
MDRD: Modification of Diet in Renal Disease
MNAR: missing not at random
POCT: point-of-care testing

J Med Internet Res 2022 | vol. 24 | iss. 11 | e40516 | p.282https://www.jmir.org/2022/11/e40516
(page number not for citation purposes)

Overmars et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1056/nejmhpr066212
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17568035&dopt=Abstract
http://dx.doi.org/10.15265/iy-2017-007
https://www.jmir.org/2019/4/e12286/
http://dx.doi.org/10.2196/12286
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30950797&dopt=Abstract
http://dx.doi.org/10.1515/cclm.2007.009
https://www.researchprotocols.org/2018/8/e10473/
http://dx.doi.org/10.2196/10473
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30131316&dopt=Abstract
http://dx.doi.org/10.1186/s41512-020-00077-0
http://www.bmj.com/lookup/pmidlookup?view=long&pmid=29712648
http://dx.doi.org/10.1136/bmj.k1479
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29712648&dopt=Abstract
http://dx.doi.org/10.1093/clinchem/hvab071
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34104943&dopt=Abstract
http://www.thieme-connect.com/DOI/DOI?10.1055/s-0038-1667077
http://dx.doi.org/10.1055/s-0038-1667077
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30157516&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0169593
http://dx.doi.org/10.1371/journal.pone.0169593
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28072822&dopt=Abstract
https://www.degruyter.com/document/doi/10.1515/cclm-2017-0865
http://dx.doi.org/10.1515/cclm-2017-0865
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29095697&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0735-1097(19)37370-X
http://dx.doi.org/10.1016/j.jacc.2019.07.082
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31623760&dopt=Abstract
http://dx.doi.org/10.1093/clinchem/18.6.499
https://www.jmir.org/2019/3/e11732/
http://dx.doi.org/10.2196/11732
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30888324&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


SNOMED: Systematized Nomenclature of Medicine Clinical Terms
UMCU: University Medical Center Utrecht
UPOD: Utrecht Patient Orientated Database

Edited by G Eysenbach; submitted 24.06.22; peer-reviewed by CMJ Wong, C Schäfer; comments to author 30.08.22; revised version
received 19.09.22; accepted 13.10.22; published 18.11.22.

Please cite as:
Overmars LM, Niemantsverdriet MSA, Groenhof TKJ, De Groot MCH, Hulsbergen-Veelken CAR, Van Solinge WW, Musson REA,
Ten Berg MJ, Hoefer IE, Haitjema S
A Wolf in Sheep’s Clothing: Reuse of Routinely Obtained Laboratory Data in Research
J Med Internet Res 2022;24(11):e40516
URL: https://www.jmir.org/2022/11/e40516 
doi:10.2196/40516
PMID:36399373

©L Malin Overmars, Michael S A Niemantsverdriet, T Katrien J Groenhof, Mark C H De Groot, Cornelia A R Hulsbergen-Veelken,
Wouter W Van Solinge, Ruben E A Musson, Maarten J Ten Berg, Imo E Hoefer, Saskia Haitjema. Originally published in the
Journal of Medical Internet Research (https://www.jmir.org), 18.11.2022. This is an open-access article distributed under the
terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted
use, distribution, and reproduction in any medium, provided the original work, first published in the Journal of Medical Internet
Research, is properly cited. The complete bibliographic information, a link to the original publication on https://www.jmir.org/,
as well as this copyright and license information must be included.

J Med Internet Res 2022 | vol. 24 | iss. 11 | e40516 | p.283https://www.jmir.org/2022/11/e40516
(page number not for citation purposes)

Overmars et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://www.jmir.org/2022/11/e40516
http://dx.doi.org/10.2196/40516
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36399373&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Original Paper

A Cost-effectiveness Analysis of a Mobile Phone–Based Integrated
HIV-Prevention Intervention Among Men Who Have Sex With
Men in China: Economic Evaluation

Ke Yun1, PhD; Jiaming Yu2, PhD, MD; Changyang Liu3, MD; Xinxin Zhang3, PhD
1Department of Laboratory Medicine, The First Affiliated Hospital of China Medical University, Shenyang, China
2Department of Hospital Infection Management, The Fourth Affiliated Hospital of China Medical University, Shenyang, China
3Department of Ophthalmology Laboratory, The Fourth Affiliated Hospital of China Medical University, Shenyang, China

Corresponding Author:
Xinxin Zhang, PhD
Department of Ophthalmology Laboratory
The Fourth Affiliated Hospital of China Medical University
No. 11 Xinhua Road
Shenyang, 110006
China
Phone: 86 024 62035015
Email: zhangxinxin@cmu.edu.cn

Abstract

Background: Mobile phone–based digital interventions have been shown to be a promising strategy for HIV prevention among
men who have sex with men (MSM).

Objective: This study aimed to evaluate the cost-effectiveness of a mobile phone–based digital intervention for HIV prevention
among MSM in China from the perspective of a public health provider.

Methods: The cost-effectiveness of the mobile phone–based digital intervention was estimated for a hypothetical cohort of
10,000 HIV-negative MSM who were followed for 1 year. A model was developed with China-specific data to project the clinical
impact and cost-effectiveness of two mobile phone–based digital strategies for HIV prevention among MSM. The intervention
group received an integrated behavioral intervention that included 1) individualized HIV infection risk assessment, 2)
recommendation of centers testing for HIV and other STIs, 3) free online order of condoms and HIV and syphilis self-test kits
and 4) educational materials about HIV/AIDS. The control group was only given educational materials about HIV/AIDS. Outcomes
of interest were the number of HIV infections among MSM averted by the intervention, intervention costs, cost per HIV infection
averted by the mobile phone–based digital intervention, and quality-adjusted life-years (QALYs). Univariate and multivariate
sensitivity analyses were also conducted to examine the robustness of the results.

Results: It is estimated that the intervention can prevent 48 MSM from becoming infected with HIV and can save 480 QALYs.
The cost of preventing 1 case of HIV infection was US $2599.87, and the cost-utility ratio was less than 0. Sensitivity analysis
showed that the cost-effectiveness of the mobile phone–based digital intervention was mainly impacted by the average number
of sexual behaviors with each sexual partner. Additionally, the higher the HIV prevalence among MSM, the greater the benefit
of the intervention.

Conclusions: Mobile phone–based digital interventions are a cost-effective HIV-prevention strategy for MSM and could be
considered for promotion and application among high-risk MSM subgroups.

(J Med Internet Res 2022;24(11):e38855)   doi:10.2196/38855
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Introduction

HIV infection confers a heavy public health burden worldwide
[1,2]. In 2011, the Joint United Nations Programme on
HIV/AIDS set a goal to increase financing to US $22 billion to
$24 billion in order to prevent and control AIDS by 2015 [3].
At that time, the prevention and control of AIDS were put on
a fast track to advance the 90-90-90 goal: 90% of all people
living with HIV will know their HIV status, 90% of all people
with diagnosed HIV infection will receive sustained
antiretroviral therapy, and 90% of all people receiving
antiretroviral therapy will have viral suppression. To achieve
this goal, US $35 billion needed to be added to prevention-effort
funding per year up to 2020 [3,4].

When policy makers for HIV prevention and control projects
plan and assess AIDS prevention schemes, they need to balance
the cost and effectiveness of various preventive efforts from
behavioral studies that have transformed into community
practices. There is an urgent unmet need for development of
effective and cost-effective intervention strategies to prevent
and control HIV in MSM. There have been many explorations
on economic assessments of HIV behavioral interventions all
over the world. For example, one study concluded that a
video-based outpatient intervention effectively reduced the
incidence of sexually transmitted infections (STIs) [5]. It was
estimated that, on average, US $447,005 per year was spent
offering 10,000 STI clinic patients the intervention, which
equates to a cost per patient of US $43.30; the intervention
prevented an average of 27.69 patients from acquiring HIV
infection and saved US $5,544,408 in medical expenses [5].
Another study found that safer-sex lectures and skills training
for MSM significantly increased condom use rates, and the
incremental cost of the intervention was less than the
cost-effectiveness threshold (ie, US $13,000), indicating cost
savings [6]. In China, some studies have also demonstrated the
cost-effectiveness of different HIV-prevention strategies (ie,
advocacy interventions, peer education, outreach services, and
intervention staff training), including a risk-related behavioral
intervention among female sex workers [7], active HIV
voluntary counseling and testing among the general population
[8], and oral pre-exposure prophylaxis and expanded
antiretroviral therapy among MSM [9].

Recently, the internet is becoming an essential platform for
health behavior interventions and provides new opportunities
to deliver information about HIV prevention for MSM [10]. In
previous studies, we developed an HIV risk–prediction model
for MSM [11] and comprehensive behavioral intervention
strategies based on this model [12]. The comprehensive
intervention strategies were shown to reduce the number of
male sexual partners and increase the rate of condom use with
casual partners among MSM through a randomized controlled
trial [12]. However, participation in online projects is often not

well controlled, resulting from the broad coverage of
internet-based interventions, and can easily lead to cost overruns.
Additionally, health economic evaluations regarding scaling up
mobile phone–based digital interventions for risk reduction
among MSM are lacking. Therefore, the aim of this study was
to evaluate the health economic value of mobile phone–based
digital intervention strategies among a larger number of MSM
from the perspective of a public health provider.

Methods

Model Structure and Parameters
A widely used international model based on probability was
used to project the number of HIV infections averted as well as
the cost-effectiveness of two different intervention strategies
among MSM [13]. The mathematical formula is defined as
follows:

PHIV = 1 – {P[1 – R(1 – FE)]N + (1 – P)}M

where P represents the HIV prevalence among MSM, R is the
risk of HIV infection during unprotected sex, and E is the
protective effect of condoms. These three parameters were
obtained from literature searches. In the formula, F is the rate
of condom use during sexual behaviors, N represents each
partner’s average number of sexual behaviors, and M represents
the average number of sexual partners. These three parameters
were obtained from the questionnaires completed during the
clinical trial. The estimated value of each parameter was the
annual average. The time interval studied and analyzed in this
section was 1 year. A total of 10,000 MSM were included in
the simulation.

Epidemiological Data
The epidemiologic and behavioral parameters of HIV-infected
patients are shown in Table 1 [12,14-20]. All the parameters
above were estimated over an interval of 1 year. Critical
model-fitting parameters, including HIV infection rate, HIV
infectivity of one homosexual behavior, condom effectiveness,
quality-adjusted life-years (QALYs) saved per HIV infection
averted, lifetime medical costs after HIV infection, and the
discount rate, were obtained by consulting the literature.
According to clinical trial data, the average numbers of sexual
partners in the intervention and control groups were 6.01 and
3.51, respectively. Condom use rates among MSM and their
random sexual partners in the intervention and control groups
were 0.86 and 0.70, respectively. According to the mathematical
formula listed above, the probabilities of infection in the
intervention and control groups were 0.002 and 0.007,
respectively. The costs associated with the intervention and
control groups were nearly equal. Moreover, one-third of the
total costs were made up of labor and facility charges, which
were the largest expenses for both groups.
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Table 1. Model input parameters and costs.

Data sourceRangeValueParameter

Both groups

Qin et al [14]—a0.073HIV infection rate

Vittinghoff et al [15]0.002-0.020.008HIV infectivity rate of one homosexual behavior

Pinkerton and Abramson [16]0.69-0.990.95Rate of condom effectiveness

Zhang et al [17]1.2-13.26The average number of sexual behaviors with each sexual partner, n

Hu et al [18]—10QALYsb saved per HIV infection averted, n

Wang et al [20]—25,803.41Lifetime medical costs after HIV infection (US $)

Wilde and Parke [19]—3Discount rate, %

Control group

Epidemiology

Yun et al [12]—6.01Number of sexual partners, mean

Yun et al [12]—0.7Use rate of condoms for each sexual behavior

Calculated—0.007Infection probability

Costs (US $)

Observed—156.25Recruitment spending

Observed——Condoms and lubricant

Observed——HIV self-test kits and supporting supplies

Observed——HIV risk–assessment software development

Observed—843.75Human capital cost

Observed—93.75Communication fees and electricity charges

Observed—1250Computers

Observed——Online survey and intervention system

Observed—15.63Office supplies (eg, paper and pens)

Intervention group

Epidemiology

Yun et al [12]—3.51Number of sexual partners, mean

Yun et al [12]—0.86Use rate of condoms for each sexual behavior

Calculated—0.0022Infection probability

Costs (US $)

Observed—156.25Recruitment spending

Observed—70.31Condoms and lubricant

Observed—93.75HIV self-test kits and supporting supplies

Observed—93.75HIV risk–assessment software development

Observed—843.75Human capital cost

Observed—93.75Communication fees and electricity charges

Observed—1250Computers

Observed—87.5Online survey and intervention system

Observed—15.63Office supplies (eg, paper and pens)

aNot reported.
bQALY: quality-adjusted life-year.
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Intervention
These parameters were collected from a randomized,
double-blind clinical trial, and the trial process is listed in Figure
1. With the assistance of a community-based organization, MSM
were recruited from October 2017 to March 2018 through an
advertisement in Tencent’s WeChat and QQ chat groups, which
are popular virtual dating environments for MSM in China. The
changes in HIV-related behavioral indicators in the intervention
and control groups of MSM in the clinical trial were published
previously [12]. Briefly, we prospectively evaluated the efficacy

of two mobile phone–based digital strategies targeting MSM
in China.

The intervention group received an integrated behavioral
intervention promoted through WeChat, which included 1)
individualized HIV infection risk assessment, 2)
recommendation of centers testing for HIV and other STIs, 3)
free online order of condoms and HIV and syphilis self-test kits
and 4) educational materials about HIV/AIDS. The control
group was only given educational materials about HIV/AIDS.

Figure 1. Cost-effectiveness analysis flowchart of the mobile phone–based digital intervention. MSM: men who have sex with men; STI: sexually
transmitted infection.

Measurement of Costs
Costs were estimated from the perspective of a public health
provider; only the direct costs used for the intervention were
evaluated. The costs, which were estimated according to the
clinical trial, included human capital costs, nongovernmental
organization recruitment and referral fees, communication fees,
electricity charges, condom and lubricant costs, HIV self-test
kit costs, postage fees, computer costs, fees related to the online
questionnaire system, compensation for completing
questionnaires, HIV risk–assessment software deployment costs,
and office supplies (eg, paper and pens).

Estimation of QALYs Saved
The difference between the estimated values of behavioral
parameters in the intervention and control groups was used to
calculate the number of HIV-1 infections averted as a result of
the intervention. QALYs represent the life-years obtained by
the model multiplied by the definite utility value, shown as
QALY = ∑WY, where W is the weight value and Y is the length
of life. Quality of life–adjusted weights between 0 and 1 were
used to calculate QALYs, also called health utility; this was the
criterion used to assess health status and it reflected the severity
of poor health. The total number of QALYs saved as a result
of the intervention was calculated by the number of QALYs
saved per HIV infection averted multiplied by the number of
HIV infections averted. The cost-effectiveness ratio (CER) was
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one of the indicators evaluating economics that was used in this
study. A lower ratio indicated that a lower cost was needed to
gain one indicator effect unit. In the cost-utility ratio (CUR)
analysis, an effect indicator combining life-years and
health-related quality of life was performed. CUR, the ratio
between the net cost of the intervention and the total QALYs
saved, reflected the cost of a beneficial intervention. The
incremental CER (ICER), whose units are US dollars per QALY,
was also calculated to reflect the incremental cost associated
with one additional unit of the effect measure.

Sensitivity Analysis
As the values of many parameters were uncertain in the model,
those of other parameters were controlled for consistency and
to test the influence of parameter uncertainty on the final
estimated results, which would help determine the essential
factors affecting the cost effectiveness of the intervention. In
this study, the one-way sensitivity analysis was mainly
conducted to assess the average number of sexual behaviors
with each sexual partner, HIV infectivity rate, QALYs saved
per infection averted, HIV infection rate, rate of condom
effectiveness, cost of offering intervention to 1 MSM (US $).
Multiway sensitivity analysis was performed on the
cost-effectiveness of the mobile phone–based digital intervention
for HIV prevention as a function of intervention coverage and
HIV prevalence among MSM.

Judging Criteria
The ICER represents the incremental cost associated with 1
QALY saved. This measurement was used to determine which
strategy was better. The criterion applied by the World Health
Organization to determine whether interventions are
cost-effective suggests that strategies evaluated with an ICER
of less than 0 are both effective and cost-effective, interventions
with an ICER of less than the average per capita gross domestic

product (GDP) for a given country or region are considered
very cost-effective, interventions with an ICER of less than
3-fold average per capita GDP are still considered cost-effective,
and those that exceed this level are considered not cost-effective
[21]. The average per capita GDP for China in 2017 was US
$9293.49, which was used as the threshold to indicate whether
the interventions were cost-effective in this study. A negative
CUR suggests that the cost of a strategy in the intervention
group is less than the cost of a strategy in the control group,
which defines a cost-saving intervention strategy. Simply, the
lower the CUR, the fewer health resources that are consumed.

Ethics Approval

The Ethics Review Committee of the First Affiliated Hospital
of China Medical University in Shenyang, China, approved this
study (approval No. 2018-175-2).

Results

Cost-effectiveness Analysis
The average annual cost to offer the intervention to 10,000
MSM was estimated to be US $124,837.50, with a cost per
MSM of US $12.48. The model estimated that 70 of the 10,000
MSM would be infected with HIV without the intervention (ie,
control group parameters). The model also estimated that 22 of
the 10,000 MSM would be infected with HIV if they received
the intervention (ie, intervention group parameters were applied).
HIV infections could be averted in 48 persons per year with the
intervention, with an average cost of US $2599.87 per infection
averted. The intervention saved 480 QALYs per year, equaling
a savings of US $980,529.61. Each QALY saved was
accompanied by an incremental cost of about US $260.20, and
the CUR was negative, indicating cost-effectiveness. Details
are shown in Table 2.
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Table 2. The 1-year cost-effectiveness analysis of a mobile phone–based digital intervention among 10,000 men who have sex with men.

Data sourceValueParameters

Intervention costs (US $)

Estimates from clinical trial data1562.50Recruiting advertisement fees

Estimates from clinical trial data28,125.00Condoms and lubricant

Estimates from clinical trial data37,500.00HIV self-test kits and supporting supplies

Estimates from clinical trial data37,500.00Postage fees

Estimates from clinical trial data16,875.00Human capital costs

Estimates from clinical trial data1875.00Communication fees and electricity charges

Estimates from clinical trial data1250.00Computers

Estimates from clinical trial data87.50Online survey system

Estimates from clinical trial data62.50Office supplies (eg, paper and pens)

Estimates from clinical trial data124,837.50Annual cost

Estimates from clinical trial data12.48Cost of offering intervention to 1 MSMa

Intervention effect

Calculated48HIV infections averted, n

Calculated480QALYsb saved by the intervention, n

Calculated980,529.61Medical costs saved by the intervention (US $)

Calculated260.20CERc

Calculated260.20Cost associated with 1 QALY saved (US $)

Calculated<0CURd

aMSM: men who have sex with men.
bQALY: quality-adjusted life-year.
cCER: cost-effectiveness ratio.
dCUR: cost-utility ratio.

Sensitivity Analysis
Many parameters in the model were based on hypotheses and
adjusted observed data, which led to various estimated outcomes
under different situations; therefore, we performed a sensitivity
analysis to test the effect of changes to the input parameters on
the estimated outcomes of the model. The range of parameter
fluctuations estimated according to the reported studies was
adjusted to account for fluctuations of 33%. One-way sensitivity
analyses showed that the number of infections averted was not
sensitive to changes in most sexual behavior and epidemiologic
parameters. Still, the average number of sexual behaviors with
each sexual partner influenced the model’s outcomes to a certain
extent. When the average number of sexual behaviors with each
sexual partner was small, the cost associated with 1 QALY
saved was US $1560.01. However, when the average number

of sexual behaviors with each sexual partner was large, the cost
associated with 1 QALY saved was US $121.17. These results
indicated that the mobile phone–based digital intervention was
more cost-effective among MSM who had more high-risk sexual
behaviors (Figure 2).

Multiway sensitivity analyses are shown in Figure 3, which
showed ICER ranges for MSM as a function of intervention
coverage and HIV prevalence. The cost-effectiveness of the
mobile phone–based digital intervention depends on intervention
coverage and HIV prevalence among MSM. A two-way
sensitivity analysis showed that as MSM coverage increased,
so did the cost, although the mobile phone–based digital
intervention was still cost-effective in all simulated scenarios
(HIV infection rate ranged from 0.02 to 0.14; intervention
coverage ranged from 0.3 to 0.7). Additionally, the higher the
HIV prevalence, the greater the benefit of the intervention.
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Figure 2. Tornado diagram of the one-way sensitivity analysis summarizing the effect of parameters on the ICER. The extent of the fluctuations in the
parameters obtained from the literature is estimated by the 33% increase or decrease in the parameters reported in the literature. ICER: incremental
cost-effectiveness ratio; MSM: men who have sex with men; QALY: quality-adjusted life-year.

Figure 3. Multiway sensitivity analysis on the cost-effectiveness of the digital intervention for HIV prevention as a function of the intervention coverage
and HIV prevalence among men who have sex with men. The colors signify the incremental cost-effectiveness ratios.

Discussion

Principal Findings
HIV infection leads to substantial health, economic, and social
consequences [22]. This study was the first to perform an
economic evaluation of a mobile phone–based digital
intervention in China. Overall, the intervention had high
cost-effectiveness; the average number of sexual behaviors with
each sexual partner and the intervention coverage affected the
model’s outcomes. Since the number of people who avoided
HIV infection as a result of the intervention cannot be directly
measured, our study uses disease model prediction–based
methods to estimate the number of people who avoided HIV
infection as a result of the intervention. The cost-utility analysis
used QALYs to consider both the length and quality of life,
making it possible to compare different intervention strategies
across the board. These findings provide a theoretical basis for
decision-making regarding the government’s intervention
policies.

This study found that although the effect of the online,
personalized, risk-reduction intervention was slight, many cases
of HIV infection can be avoided at the population level to
achieve the goal of saving QALYs. Similar findings have been
confirmed by other studies. For example, Zhang et al [23] have
used the HIV phylogenetic tree to reveal the influence of
individual HIV infection risk fluctuations on HIV transmission
dynamics. They found that the change in the individual risk of
HIV infection could change not only the proportion of HIV
transmission among MSM but also the endemic equilibrium of
HIV infection. These findings also suggest that interventions
to reduce the risk of HIV infection at the individual level are
important for controlling the HIV epidemic, and that appropriate
targeted intervention strategies should be developed as soon as
possible.

Compared with the study that evaluated the health economics
of facility-based interventions among MSM in China [20], our
intervention was more cost-effective. The difference may be
explained by differences in intervention patterns. Compared
with facility-based intervention strategies, internet-based
interventions have the obvious advantages of high recruitment
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efficiency and low cost [10]. The essence of the intervention in
this study was to convert offline consulting and testing into
online risk self-assessment and self-testing (ie, facility-based
testing or self-testing using testing strips). One of the reasons
that this type of intervention strategy was cost-effective was
that our study recommended individual intervention strategies
and offered suggestions according to individual risk levels,
leading to more precise resource allocation. In addition,
internet-based interventions benefit hidden populations of MSM,
especially young MSM [24,25], which is favorable for
recruitment of large numbers of MSM. As a result, MSM benefit
from improved access to health resources, expanded coverage
of interventions, and improvements in the effectiveness of
interventions [26]. In the future, we may consider building a
real-time, interactive, big data intervention platform based on
“Internet+,” which will continue to enrich the content and form
of the intervention. At the same time, this will increase the
publicity and education efforts of the intervention through the
internet development platform in order to narrow the gap
between the MSM population and HIV-prevention information.
This will promote a more efficient flow of prevention resources
in order to avoid redundancy and waste of health resources and
will allow more MSM to take the initiative in participating in
AIDS prevention and control.

A cost-utility analysis, believed to be the gold standard of
economic evaluation, was conducted that took both length and
quality of life into account regarding QALYs to make horizontal
comparisons of different intervention strategies possible.
Compared with other primary prevention strategies for HIV,
the cost per HIV infection averted in our study (US $3337) was
lower than that of a community-level HIV risk reduction
intervention for women (US $65,000) [27], a video-based
intervention model in STI clinics for men (US $21,486) [5],
HIV-prevention skills training for MSM (US $4150.14) [6],
and an internet-based video intervention (US $14,926). The
reason why this intervention model is superior to the above
strategies may be that with other intervention strategies, such
as video education, nonvideo education, and condom
distribution, there are significant differences in HIV risk
behavior across these subgroups, and the emphasis on the use
of health resources is also different. Additionally, the sensitivity
analysis in our study showed that the average number of sexual
behaviors with each sexual partner influenced the cost associated

with 1 QALY saved, which meant that interventions aimed at
people with more high-risk sexual behaviors gained more health
economic benefits. This suggested that the intervention strategy
of this study is suitable for high-risk MSM in China, which
could lead to accurate allocation of prevention resources based
on risk assessment. Meanwhile, if the one-size-fits-all
intervention model does not match the risk level of the target
population, it will easily lead to a waste of resources. Another
important reason why this intervention strategy is cost-effective
might be because the intervention was internet based, which
could save on housing and office facility costs, among others.
Therefore, the risk assessment–based integrated online
intervention is not only low cost but also likely to reach MSM
who may not have the time, resources, or motivation to seek
prevention services, which would improve the convenience and
accessibility of prevention resources.

Limitations
There are several limitations in this study. First, the number of
infections averted was estimated based on a model, and the
model parameters were average values from the reported studies,
which may have ignored the heterogeneity of data—the
probability of HIV infection varies with the types of sexual
partners—and may have impacted the estimated number of HIV
infections averted. Further studies should distinguish the
probability of HIV infection resulting from different subgroups,
sexual roles, and sexual behavior patterns of MSM in order to
accurately estimate the number of infections averted. Second,
the number of sexual behaviors with each sexual partner was
obtained from the literature and was not verified by
questionnaires. Therefore, specific questionnaires need to be
designed to investigate the number of sexual behaviors in order
to test the reliability of input parameters.

Conclusions
Our analysis demonstrates that a mobile phone–based digital
intervention to prevent HIV infection among MSM is very
cost-effective. These findings can inform public health officials’
and policy makers’ decisions about the selection of, and
recommendations for, intervention measures. These findings
can also help in the exploration of innovative HIV intervention
strategies in order to more effectively allocate resources to the
prevention of HIV among MSM.
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Abstract

Background: Health care self-management is important for people living with nondialysis chronic kidney disease (CKD).
However, the few available resources are of variable quality.

Objective: This work describes the systematic codevelopment of “My Kidneys & Me” (MK&M), a theory-driven and
evidence-based digital self-management resource for people with nondialysis CKD, guided by an established process used for
the successful development of the diabetes education program MyDESMOND (Diabetes Education and Self-Management for
Ongoing and Newly Diagnosed, DESMOND).

Methods: A multidisciplinary steering group comprising kidney health care professionals and researchers and specialists in the
development of complex interventions and digital health provided expertise in the clinical and psychosocial aspects of CKD,
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self-management, digital health, and behavior change. A patient and public involvement group helped identify the needs and
priorities of MK&M and co-design the resource. MK&M was developed in 2 sequential phases. Phase 1 involved the codevelopment
process of the MK&M resource (content and materials), using Intervention Mapping (IM) as a framework. The first 4 IM steps
guided the development process: needs assessment was conducted to describe the context of the intervention; intervention
outcomes, performance objectives, and behavioral determinants were identified; theory- and evidence-based change methods and
practical strategies to deliver change methods were selected; and program components were developed and refined. Phase 2
involved the adoption and adaptation of the existing MyDESMOND digital platform to suit the MK&M resource.

Results: The needs assessment identified that individuals with CKD have multiple differing needs and that delivering a
self-management program digitally would enable accessible, tailored, and interactive information and support. The intended
outcomes of MK&M were to improve and maintain effective self-management behaviors, including physical activity and lifestyle,
improve knowledge, promote self-care skills, increase self-efficacy, and enhance well-being. This was achieved through the
provision of content and materials designed to increase CKD knowledge and patient activation, reduce health risks, manage
symptoms, and improve physical function. Theories and behavior change techniques selected include Self-Management Framework,
Capability, Opportunity, Motivation Behavior model components of Behaviour Change Wheel and taxonomy of behavior change
techniques, Health Action Process Approach Model, Common Sense Model, and Social Cognitive Theory. The program components
developed comprised educational and behavior change sessions, health trackers (eg, monitoring blood pressure, symptoms, and
exercise), goal-setting features, and forums for social support. The MyDESMOND digital platform represented an ideal existing
platform to host MK&M; thus, the MyDESMOND interface and features were adopted and adapted for MK&M.

Conclusions: Applying the IM framework enabled the systematic application of theory, empirical evidence, and practical
perspectives in the codevelopment of MK&M content and materials. Adopting and adapting a preexisting platform provided a
cost- and time-efficient approach for developing our digital intervention. In the next stage of work, the efficacy of MK&M in
increasing patient activation will be tested in a randomized controlled trial.

(J Med Internet Res 2022;24(11):e39657)   doi:10.2196/39657
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Introduction

Background
Chronic kidney disease (CKD) affects approximately 5% to 7%
of people living in the United Kingdom [1]. People with CKD
have an increased risk of morbidity and mortality, which is
largely attributable to cardiovascular disease [2]. Progressive
kidney damage can lead to end-stage kidney disease (ESKD),
where kidney replacement therapy (ie, dialysis or
transplantation) may be needed [3]. However, most people with
reduced kidney function never progress to ESKD but,
nevertheless, live with significant poor health and high symptom
burden [4]. Many individuals with nondialysis CKD are
diagnosed and managed by primary care clinicians with
infrequent or no input from kidney specialists in secondary care
or other members of the multidisciplinary team (eg, specialist
or nonspecialist nurses or allied health professionals) [5]. These
individuals are mainly required to self-manage their condition,
which involves balancing the medical, emotional, and
psychosocial consequences of living with CKD and any
additional comorbidities with their day-to-day responsibilities
[6,7].

The Chronic Care Model has identified self-management as an
essential component in chronic disease management to empower
patients to take a more active role in their health [8].
Self-management is a complex set of processes and tasks
involving the following: (1) use of an individual’s knowledge
(education), skills, and confidence in managing their disease;
(2) the ability to identify and access resources and support; and

(3) learning to cope and live with the condition, including the
impact on an individual’s life and the emotional consequences
[9-11]. The goal of effective self-management support is to
identify strategies that can help individuals manage their
condition(s) while leading full, active, and productive lives. For
people with CKD, specific self-management behaviors range
from understanding and adhering to medication, health and
symptom monitoring, and making lifestyle modifications (eg,
increasing physical activity and eating an appropriate diet),
which reduce cardiovascular, CKD, and general health risk
factors [12].

Effective self-management requires appropriate knowledge,
skills, and confidence to manage one’s own health and care;
this is termed patient activation [13]. However, significant
deficiencies in CKD awareness and knowledge among people
with CKD have been identified [14-16], with many reporting
limited or no understanding of their condition and little or no
awareness about how to manage their health [17]. Individuals
living with CKD, who are managed in primary care, are often
unaware of their diagnosis and the detrimental effect that poor
risk factor control (such as hypertension and diabetes) may have
on their health [18].

Evidence suggests that primary health care providers
infrequently discuss CKD with their patients and that the quality
of these discussions is limited [19]. Furthermore,
self-management support and education through face-to-face
interactions in clinical settings are minimal [6,20-22]. For
clinicians, barriers to successful education include lack of time
and clinical confidence combined with competing priorities
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[17]. For people living with CKD, the complex nature of CKD
information, limited awareness, health literacy and numeracy
combined with the lack of readily available and understandable
information and reduced readiness to learn form the greatest
challenges [17]. Clearly, innovative approaches to support
self-management in people with CKD are urgently required.

Although various self-management interventions have been
evaluated, many are not theoretically driven or evidence-based,
nor are they informed by patient preferences [22]. Digital health
interventions (DHIs) are an efficient and effective method of
providing interventions to improve knowledge and
self-management behaviors and to actively involve individuals
in their care, resulting in improved outcomes for people with
long-term conditions [23]. Implementation barriers often
associated with face-to-face interventions, such as time and
transport, can be addressed using DHIs, which provide more
accessible, acceptable, tailored, and interactive information and
support [24,25]. When developing evidence- and theory-based
DHIs, it is essential that appropriate methods are adopted to
ensure effective implementation [26].

Despite DHIs becoming more readily available for people with
CKD, few are theory-based, and the development strategies and
processes are unclear. Conversely, DHIs in other long-term
conditions, such as type 2 diabetes, have appropriately recorded
and systematically communicated their development processes.
An example is MyDESMOND, which adapted a face-to-face
diabetes self-management program (Diabetes Education and
Self-Management for Ongoing and Newly Diagnosed,
DESMOND) [9] and translated it onto a digital platform [27].
The adaptation and development of MyDESMOND were guided
by the intervention mapping (IM) framework.

Objective
The aim of this paper is to provide an overview of the process
used in the systematic development of “My Kidneys & Me”
(MK&M), a digital self-management program for people living
with nondialysis CKD.

Methods

Overview of Predevelopment Work

Review of Previous Research Projects
Before the work described in this paper, we reviewed the
experiences and learning from our previous research projects,
which were conducted between 2016 and 2018 and involved
the development and preliminary evaluation of 2 physical
activity behavior change interventions for people with CKD.

Physical Activity Changing Together
Underpinned by the social cognitive theory [28], we previously
developed PACT (Physical Activity Changing Together)
[29,30], a group-based program aimed at increasing the levels
of physical activity in people with nondialysis CKD via
structured education (face-to-face sessions comprising 6
modules and 3 booklets) and self-monitoring strategies
(pedometer and action planner) [29,30]. In a small uncontrolled
evaluation, the PACT program was deemed feasible and
acceptable to the participants, and the group-based and

interactive delivery was well received by them. However,
recruitment was poor (recruitment rate of 23%) [30], suggesting
that recruiting to a similar intervention in practice may not be
viable. Participants suggested refinements to PACT, which
predominantly included broadening the focus to provide a more
holistic approach to lifestyle management, including dietary
information, emotional management, and other types of exercise.

Self-directed Programme to Increase Physical Activity
in CKD
Underpinned by the theory of planned behavior [31], SPARK
(Self-directed Programme to Increase Physical Activity in
Chronic Kidney Disease) [32,33] was a one-to-one, self-directed
physical activity intervention designed to increase physical
activity levels in nondialysis CKD [32,33]. SPARK was an
8-week walking and strength training program that was delivered
using one-to-one motivational interviewing sessions, with
supportive written educational material (two booklets), biweekly
telephone calls, and self-monitoring strategies (pedometers and
exercise diary). Initial testing, in a small uncontrolled trial,
showed that SPARK was feasible and acceptable, with high
levels of engagement and completion of the program [33].
Findings suggested positive changes in physical activity
behavior, functional ability, symptom burden, disease
knowledge, confidence to exercise, patient activation, and
quality of life (QoL). However, similar to PACT, recruitment
to the program was poor (recruitment rate of 27% from
secondary care and 5% from primary care). Although the
completion of the physical activity diary was high, interviews
with participants highlighted that strength training was perceived
as less important and that they needed improved guidance
regarding technique.

Learning to Take Forward
Although PACT and SPARK increased disease knowledge and
exercise behaviors, there was a clear need for a more holistic
approach to support health and lifestyle management, with more
guidance on how to engage with and perform desired behaviors.
Recruitment to the PACT and SPARK programs was low, and
the need to attend the hospital or clinic for face-to-face sessions
was cited as a major barrier to participation and engagement.
The staff time commitment involved in delivering sessions and
follow-up telephone calls also significantly reduced the likely
practicality and feasibility of both interventions outside a
research setting. Therefore, the overall learning indicated that
an alternative method may be needed to deliver the required
knowledge and skills, which (1) provides a holistic approach,
(2) is likely to be cost-effective, and (3) reduces the number of
visits to the clinic or hospital.

Development of MK&M

Overview
There were 2 sequential phases in the development of MK&M:

1. Phase 1: development process of the MK&M resource
(content and materials) using IM as a framework (March
2019 to April 2020).
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2. Phase 2: adoption and adaptation of the existing
MyDESMOND platform to suit the MK&M content and
materials (March 2020 to April 2021).

The Methods section describes the process and steps of the
development work conducted in phases 1 and 2, and the Results
section presents the details of the needs assessment and theories
identified and selected phases 1 and 2.

Steering Group
Prior to embarking on Phase 1, a steering group comprising of
kidney researchers from the Leicester Kidney Lifestyle team,
representatives of the multidisciplinary kidney health care team
(including doctors, nurse, pharmacist, dietician, physiotherapist,
psychologist), and experts from the Leicester Diabetes Centre
with experience in developing complex interventions (including
members of the Innovative Management, Prevention and Care
for long term Conditions [IMPACT] team) and digital health
(including those who were involved in the development of the
digital-based self-management programme for type 2 diabetes,
MyDESMOND[27]) was convened. The patient and caregiver
perspectives were provided by a patient and public involvement
(PPI) group comprising 10 (83%) people with CKD (aged
between 33 and 78 years; 7/10, 70% female; and 9/10, 90%
White British) and 2 (17%) spouses or relatives. The
multidisciplinary steering and PPI groups worked together to
identify the needs and priorities for a self-management
intervention for people with CKD, develop the program content
and materials, and design program features. Both groups met
regularly to provide input into the development of MK&M
throughout phases 1 and 2.

Phase 1: Codevelopment Process of MK&M Using IM

Overview
IM is a framework designed to systematically develop effective
theory- and evidence-based behavior change interventions for
real-world implementation [34]. IM was created for, and is
widely used in, health promotion but can be applied to any
situation in which behavior change is desirable [35]. IM has
previously been used in the development of rehabilitation and
self-management interventions for people with chronic diseases
[36], including nondialysis CKD [37,38], kidney transplantation
[39], and type 2 diabetes [27]. This approach provides an
iterative, six-step decision-making framework for effective
intervention planning, implementation, and evaluation. The
creation of MK&M encompassed steps 1 to 4 of the IM process:
(1) conduct needs assessment to create a logic model of the
problem; (2) identify intervention outcomes, performance
objectives, behavioral determinants, and construct matrices of
change objectives; (3) select theory-informed intervention
methods and practical strategies to deliver change; and (4)
intervention development, including the drafting and refining
of materials. A subsequent clinical trial (SMILE-K
[Self-Management Intervention through Lifestyle Education
for Kidney health]; ISRCTN18314195) will address the final
2 stages of IM steps: (5) adoption and implementation of the
intervention and (6) evaluation and feasibility testing. The IM
approach used was similar to and guided by that used in the
development of MyDESMOND [27] but was followed

separately and driven and informed by CKD experts and PPI
representatives who co-designed MK&M, with advice and
support from the MyDESMOND team.

Step 1: Needs Assessment

Overview

The aim of step 1 was to conduct an assessment of the health
problem, its related behaviors, and the environmental
determinants of the behavior. The needs assessment comprised
4 elements: (1) a literature review of the existing
self-management interventions in nondialysis CKD; (2) a
previous observational study conducted by our group; (3) a PPI
CKD priority-setting workshop; and (4) the creation of “Your
Kidneys and Your Health” information booklet as an aid to the
review and revision of the concept and content of the nascent
resource. The needs assessment was synthesized into a logic
model, which outlined the causes of the problem identified and
key determinants to target for improvement.

Literature Review of Existing Self-management
Interventions in CKD

The evidence discussed in the introduction serves as a
justification for the focus on self-management in CKD. A further
literature review (unpublished) was subsequently carried out to
expand on self-management in CKD and identify the existing
CKD-specific self-management interventions and ascertain the
(1) components of effective self-management interventions for
adults with CKD and (2) patient perspectives of CKD
self-management interventions.

Previous Work Conducted by Our Group

During the early part of phase 1, we conducted a mixed methods
cross-sectional observational study (DIMENSION-KD
[Investigating lifestyle determinants of muscle and physical
function, and the impact on patient experience and support needs
in kidney disease]; ISRCTN84422148) investigating the lifestyle
determinants of physical function and QoL and their impact on
patient experience and support needs in CKD. The study
involved several parts, including a survey to identify and
evaluate lifestyle determinants and factors associated with living
with CKD, semistructured interviews with people living with
CKD about their health and experiences of living with a kidney
condition, and semistructured interviews with health care
professionals (HCPs) about the role of self-management and
lifestyle interventions for people living with CKD. To participate
in the study, individuals had to be (1) diagnosed with kidney
disease, (2) male or female, (3) aged ≥18 years, and (4) willing
and able to give informed consent and comply with the study
protocol. Individuals were excluded if they (1) were aged <18
years; (2) had any other significant disease or disorder that, in
the opinion of the patient’s own clinician, may either put the
participants at risk because of participation in the study or may
influence the result of the study or the participant’s ability to
participate in the study; or (3) had an inability to give informed
consent or comply with the protocol for any reason. HCPs were
defined as any clinician who cares for patients or professionals
on the “Health and Care Professions Council” (eg, physician,
general practitioner [GP], practice nurse, dietician,
physiotherapist, and occupational therapist).
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A PPI CKD Priority Workshop

A research priority–setting workshop relating to healthy
lifestyle, physical activity, and diet and weight management
was conducted to identify topics that were important to people
with nondialysis CKD. Participants with stages 3 and 4
nondialysis CKD were invited from the Leicester Kidney
Lifestyle Team PPI contact list and included people with CKD
who were managed in primary care and their relatives.
Participants attended a half-day workshop addressing 3 broad
topics: (1) healthy lifestyle, (2) physical activity, and (3) diet
and weight management. For each topic, the participants were
divided into 2 facilitated discussion groups, and the points
arising were then reviewed and evaluated among the whole
group to formulate indicative research priority questions. Finally,
the participants independently ranked their top three research
priorities based on these questions.

“Your Kidneys and Your Health” Information Booklet

Moreover, 3 workshops, separate from the priority-setting
workshop, were conducted to develop a prototype educational
resource to provide a basis for subsequent review and refinement
of the content, design, and delivery format. Similar to the
priority-setting workshop, participants with stage 3 and 4
nondialysis CKD were invited from the Leicester Kidney
Lifestyle Team PPI contact list and included people with CKD
who were managed in primary care and their relatives. The
workshops were interactive, with brainstorming discussions
about content and style. For practical reasons, the initial resource
was coproduced in a booklet form to provide a physical
document that could be easily examined and refined in real time.
The participants annotated the booklet, while graphic designers
from the Leicester Biomedical Research Centre updated the
document “on the spot” based on the feedback, producing new
versions for further comments. Following this process, the
booklet was printed, and copies were sent to all PPI members.
We also formed a collaborative relationship with a local GP
practice who distributed the booklet and collated the feedback.
The booklet was developed as an aid to understand the concept
and content of the nascent resource and thus was not intended
to be the final intervention but to facilitate the early development
of the educational program (MK&M).

Step 2: Identification of Outcomes, Performance
Objectives, and Change Objectives
The next step involved specifying what needed to change in
order to achieve the desired outcomes of the intervention. The
overall desired outcome was to improve the knowledge, skills,
and confidence of people with CKD in managing their health
(termed patient activation) and consequent self-management
behaviors.

The determinants (factors that could be expected to influence
behavior) of each desired outcome were identified and relevant
performance objectives (factors associated with the expected
behaviors required to achieve the program goal) were developed.
Combining the determinants and performance objectives, we
produced a list of change objectives that refer to what needs to
change to affect the performance objective and ultimately the
program outcome. For example, for individuals to increase their
access to social support and resources, they need to be aware

of the support available, understand which support and resources
are beneficial to their own personal situation, and have the
confidence to access the relevant support and resources. The
output of this process is a matrix of change objectives detailing
what will be targeted in the intervention. To illustrate the
proposed relationships between change methods, the
determinants they were expected to influence, and the behavioral
and environmental outcomes that would address the problem,
we constructed a logic model of change.

Step 3: Selection of Theory-Informed Intervention
Methods and Practical Strategies
Step 3 included the selection of theoretical methods considered
to influence changes in the determinants in the desired direction.
This step involved the review of theoretical methods and their
translation into practical applications matching the health
behavior change of the individual. The criteria for choosing
theories to inform interventions, suggested by Hardeman and
Sutton [40], were used to help guide the selection of theories.
The criteria are as follows: (1) use in interventions aimed at
similar target behaviors; (2) applicability to the target group;
(3) clear definition of causal, testable pathways between
behavioral determinants and behavior; (4) strength of evidence
about predictive validity; and (5) clear guidelines for
measurement [40]. Appropriate behavior change theories were
identified from the literature and expert steering group. These
were then translated into strategies for practical application.

Step 4: Development of the Intervention Program
The aim of step 4 was to combine the learning from the previous
steps into the program and to develop working documents to
guide the intervention production [34]. The steering group
collaborated with the PPI group to provide guidance on the
scope and content of the intervention and the most appropriate
format of delivery. Program materials were codeveloped with
the PPI group, and feedback was elicited. A description of the
scope, content, and delivery of the program was outlined.

Phase 2: Adoption and Adaptation of the
MyDESMOND Platform to Suit MK&M Content and
Materials
The MyDESMOND platform interface and features [27] were
adopted for MK&M (justification is described in the Results
section). The developed MK&M materials and content
(presented in the Results section) were mapped onto the existing
MyDESMOND platform [27]. Key components of the
intervention were selected based on the feasibility of adopting
and adapting the existing MyDESMOND platform to suit
MK&M content and materials within the resource constraints.

Ethics Approval
For the priority-setting workshop and the booklet workshops,
the PPI members provided written informed consent.
DIMENSION-KD was granted national research ethical
approval (18/EM/0117). All patients provided informed written
consent, and the study was conducted in accordance with the
Declaration of Helsinki. The SMILE-K study was fully approved
by the Research Ethics Committee-Leicester South

J Med Internet Res 2022 | vol. 24 | iss. 11 | e39657 | p.298https://www.jmir.org/2022/11/e39657
(page number not for citation purposes)

Lightfoot et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


(17/EM/0357). All participants are required to provide informed
consent online.

Results

Phase 1: Development Process of MK&M Using IM

Step 1: Needs Assessment

Literature Review

The self-management of a chronic illness or disease involves 3
sets of core tasks, namely, medical, behavioral, and emotional
management [41], and encompasses 5 key processes, namely,
problem-solving, decision-making, resource utilization, forming
partnerships, and action planning [42]. Increased awareness and
improved decision-making skills enable patients to be more
engaged in the management of their condition [43]. Clinical
management guidelines for CKD consider the promotion of
self-management behaviors as a standard of care, with
recommendations to incorporate information, advice, and
education to support self-management behaviors into treatment
plans at all stages of CKD [44] to potentially slow the disease
progression and prevent complications [45]. Despite
recommendations to support CKD self-management, many
individuals living with CKD do not perceive the need to
self-manage their CKD and lack an understanding of the
importance of self-management [17,18]. To help people with
CKD self-manage, it is widely recommended that individuals
are aware of their diagnosis; involved in shared treatment
decisions; provided access to their medical data; and given
information on blood pressure control, exercise, diet, medication
management, and smoking cessation [46]. However, the unique
and complex nature of CKD (ie, asymptomatic and
multimorbidity) may require distinct self-management support
that may differ from that in other long-term conditions [47].

Previous systematic reviews [48-51] and integrative reviews
[7,21,22] of self-management interventions for people living
with CKD have shown improvements in self-care activities.
However, they are variable in their effectiveness in managing
and preventing the progression of CKD. A recent review
highlighted a wide range of self-management interventions for
adults with CKD (not requiring kidney replacement therapy)
with considerable heterogeneity in outcomes [6]. The wide
variations in the content, delivery, and components of digital
self-management interventions (eg, self-monitoring and
education), alongside the outcomes assessed and results
obtained, make it difficult to compare findings across studies
evaluating self-management programs [52]. Consequently, there
is a paucity of knowledge about which components of these
programs are the most effective [53].

Despite the importance of theory-driven interventions [54],
efforts to improve CKD self-management have been largely
atheoretical [22]. Major gaps in the literature include the lack
of patient involvement and engagement in intervention design
(an estimated <1% of programs are codeveloped with patients)
and failure to apply behavior change theory (only 20% are based
on a theory or framework) [6]. Person-centeredness, applicability
to comorbidities associated with CKD, and physiological and

nonphysiological outcomes are also often lacking from
self-management interventions [6].

Meaningful information relating to the patient perspective of
self-management interventions (eg, desired support and delivery
of this support) is lacking from the literature but is key to
providing valuable information regarding attitudes towards and
challenges associated with self-management and
self-management interventions [7]. Furthermore, patients have
highlighted that interventions need to be individualized and
tailored to their specific situations and preferences (eg,
awareness of having CKD, stage of CKD, knowledge of the
disease, and access to resources [6]). Engaging patients by
involving them in the co-design of such interventions will ensure
that their values, culture, and psychosocial needs are addressed
in the intervention [7,21,22].

Findings From a Mixed Methods Observational Study
Exploring Lifestyle Determinants in CKD
(DIMENSION-KD)

Our survey findings showed that of 743 people living with

nondialysis CKD (mean eGFR 32.3, SD 17.1 mL/min/1.73 m2;
mean age 67.8, SD 13.9 years; 503/743, 68% male), only a
minority of individuals were activated for self-management,
with 60% (444/743) reporting low activation (knowledge, skills,
and confidence in managing own health) [55]. Patient activation
declined concomitantly with disease progression, and low
activation was associated with being older, having a
comorbidity, and lower hemoglobin levels. Individuals with
low activation had poor cardiorespiratory fitness and
health-related QoL and more cardiovascular disease risk factors
[55].

Findings (unpublished) from semistructured interviews with 22
people living with CKD (mean eGFR 42.2, SD 14.3

mL/min/1.73 m2; mean age 71.4, range 48-88 years; 11/22, 50%
male) highlighted a need for education and support for people
living with CKD (not requiring kidney replacement therapy),
particularly during the initial period following their diagnosis.
The participants described a desire to understand CKD and its
impact on overall health (including disease progression, health
risk factors, and comorbidities) and the role self-management
and lifestyle can play in living well with CKD. Information
about medication, symptoms, lifestyle behaviors (eg, diet and
physical activity) and mental health and well-being and
strategies to help manage these and make relevant changes were
thought to be key to enabling people to manage their CKD. Peer
and familial support, goal setting, coping strategies, and
self-monitoring tools were considered as motivators to facilitate
health and lifestyle changes. In addition, HCPs were interviewed
about the role of self-management and lifestyle interventions
for people living with CKD. The findings highlight the need to
increase patient awareness of CKD and self-management in
primary care. There was a belief that individuals need to be
empowered to take responsibility to manage their health and
engage in healthy lifestyle behaviors (eg, physical activity and
weight management).
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CKD Priority-Setting Workshop Findings

A total of 12 participants (people with CKD: n=9, 75%; and
family members: n=3, 25%) attended our priority-setting
workshop. The dominant recurring theme was a lack of
appropriate information from primary care providers. This not
only extended to lifestyle, physical activity, and diet but also
to kidney function and CKD itself. Many individuals had little
knowledge of the roles of the kidney; the causes and nature of
CKD as a condition; or its impact, consequences, and relevance
to wider health. Both psychological and social well-being were
deemed as important as physical health. Findings highlighted
a need to focus on the most appropriate means of disseminating
knowledge regarding CKD, lifestyle, diet, and exercise to people
living with CKD. The top 3 research priorities were (1) How
can we improve GP communication? (2) What can I eat and
drink with CKD? and (3) What diet will help me maintain
physical activity [56]?

Findings From the Development and Evaluation of “Your
Kidneys and Your Health” Information Booklet

An education booklet called “Your Kidneys and Your Health”
was codeveloped by our team in collaboration with the PPI
group (10 people with CKD and 3 family members). Feedback
from other people living with CKD, who were given the booklet
by their GP, suggested that the most useful aspects were
information relating to CKD stages, kidney function, diet, and
symptoms associated with CKD. The participants also reported
that the content was easy to read and understand. Although the
education booklet provided a basic holistic approach to lifestyle
management in CKD and represented a convenient, low-cost
alternative to delivery of face-to-face education, it was limited
in its ability to provide interactive guidance and support and to

engage participants in positive behavior change. It was
determined that another method (eg, digital) would be required
to deliver CKD education and lifestyle information. However,
the booklet provided a useful physical resource to share with
the PPI and steering groups to aid discussion about the content
and design of the larger self-management program.

Summary of Needs Assessment Findings

The findings from the different elements of the needs
assessment, alongside learning from previous interventions and
resources, were collated to establish a rationale for a
self-management intervention for people with CKD. The needs
assessment highlighted that individuals with CKD have multiple
needs that can differ based on the complexity of their illness,
health knowledge, and confidence to manage the disease. Having
explored the issues of CKD self-management, a logic model
was created to better understand the problem, which illustrates
in detail the issues under investigation and the associated
relationships and factors (Figure 1). It was agreed that the goal
was to co-design (meaningful stakeholder involvement in the
planning and development of the intervention to ensure that it
meets their needs and is usable [57,58]) a self-management
intervention that could be offered to any individual with
nondialysis CKD. On the basis of the evidence discussed in the
introduction, needs assessment, and experience of the steering
group, it was determined that a potential self-management
program would be best delivered digitally to enable accessible,
tailored, and interactive information and support and to
overcome the barriers experienced in the delivery of PACT,
SPARK, and the “Your Kidneys and Your Health” booklet. The
PPI steering group named the proposed self-management
program MK&M.

Figure 1. Logic model of problem. CKD: chronic kidney disease; HCP: health care professional; NHS: National Health Service; GP: general practitioner.
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Step 2: Identification of Outcomes, Performance
Objectives, and Change Objectives
In step 2, the findings from step 1 were used to specify what
would need to be changed for people to successfully self-manage
their CKD. The findings from the needs assessment indicated
that people with CKD would benefit from education about the
condition and lifestyle behaviors as early as possible following
diagnosis. In addition to containing information to improve
knowledge, the intervention should also aim to improve and
maintain self-management behaviors, promote self-care skills,
increase self-efficacy, and improve well-being. Thus, the
program goals were to improve the knowledge, skills, and
confidence of people with CKD in managing their health and
consequent self-management behaviors. The key outcomes were
to (1) increase patient activation (ie, knowledge, skills, and
confidence); (2) reduce health risks; (3) manage symptoms; and
(4) increase physical function.

The behavioral determinants were (1) knowledge and awareness,
(2) self-efficacy, (3) social support, (4) attitudes and beliefs
(intention), and (5) behavioral skills. The performance objectives
were (1) learn about CKD and its associated risk factors, (2) be
motivated and confident to self-manage and make necessary
behavior changes, (3) increase access to social support and
resources, (4) engage with the digital program, and (5) learn
about self-care and health-promoting behaviors. A matrix of
change objectives detailing the behavioral determinants required
to influence the performance objectives, and subsequently
self-management behavior, in people with CKD was created.
The change objectives required to achieve the performance
objectives are detailed in Table 1. A logic model of change
illustrating the proposed relationships between change methods,
the determinants they were expected to influence, and the
behavioral and environmental outcomes that would address the
problem are presented in Figure 2.

Figure 2. Logic model of change. CKD: chronic kidney disease.
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Table 1. Change objectives.

External determinantsPersonal determinantsPerformance objec-
tives

Social supportBehavioral skillsAttitudes and beliefs (inten-
tion)

Self-efficacyKnowledge and
awareness

N/AbLearn about CKDa

and its associated risk
factors

•••• Be able to identi-
fy own personal
health risk fac-
tors and methods
to modify and/or
reduce health
risk factors and
problems

Recognizes that CKD is
a long-term condition
that requires patients to
take an active role in
looking after their health
and reducing health risks

Demonstrates
ability to pro-
cess informa-
tion about
CKD and self-
management

Awareness and
understanding
about CKD, its
treatment op-
tions, and its
symptoms and
associated health
risks and condi-
tions

• Expresses confi-
dence in apply-
ing the informa-
tion learnt

N/ABe motivated and
confident to self-man-
age and make neces-
sary behavior changes

•••• Develop routines
that assist in
managing their
health

Belief that there will be
benefits in making neces-
sary behavior changes to
their health and lifestyle

Be motivated
and confident
to self-manage
and make neces-
sary behavior
changes

Understand the
importance of
self-managing
and identify
which factors
and behaviors
can be modified

• Develop habits
that enhance
self-management

Accesses and receives
support from both

HCPsc and others
with CKD

Increase access to so-
cial support and re-
sources

•••• N/AN/AHave the confi-
dence to access
the relevant
support and re-
sources

Increase aware-
ness of the sup-
port available
and knowledge
of which support
and resources are
beneficial to own
personal situa-
tion

Engage with other
program users

Willingness to engage
with the program and
accept more responsi-
bility for managing
their health and health
care

•••• Be able to find a
solution when
new situations or
health problems
arise

Increase the motivation
to use the program

Express confi-
dence in manag-
ing their health
and health care

Learn about the
importance and
benefits of look-
ing after their
health and health
care

• Expresses willingness to
take greater responsibili-
ty toward managing their
CKD, health, and health
care

• Express confi-
dence in taking
action to help
prevent or mini-
mize symptoms
or health prob-
lems

• Be able to confi-
dently recognize
own limitations
and seek neces-
sary help when
required

N/ALearn about and prac-
tice self-care and
health-promoting be-
haviors

•••• Be able to confi-
dently perform
and maintain
self-care prac-
tices and health-
promoting behav-
iors, including
lifestyle changes

Recognizes and believes
that practicing self-man-
agement behaviors will
enhance health and well-
being

Express confi-
dence in self-
managing and
performing
health-promot-
ing behaviors

Awareness and
understanding of
health-promoting
behaviors

• Expected to reduce
health risks and engage
in health-promoting be-
haviors

• Demonstrates
model behaviors

aCKD: chronic kidney disease.
bN/A: not applicable.
cHCP: health care professional.
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Step 3: Selection of Theory-Informed Intervention
Methods and Practical Strategies
In developing MK&M, we were able to draw upon multiple
theories that consider the complexity of behavior change, which
are commonly used in the development of health behavior
change interventions and have been extensively used in chronic
disease self-management interventions [59], including those
designed to improve self-management behaviors, and thus
provide an effective framework for self-management support
in people with CKD [60]. The theories and frameworks selected

(self-management framework; Capability, Opportunity,
Motivation Behavior model components of Behaviour Change
Wheel and taxonomy of behavior change techniques; health
action process approach model; common sense model; and
social cognitive theory) are described in detail, including the
justification for inclusion, in Multimedia Appendix 1 [61-80].
A theoretical framework was constructed to map the relevant
mechanisms of action (processes that influence behaviors),
behavior change techniques, and application of practical
strategies to facilitate behavior change in MK&M and is
illustrated in Table 2.
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Table 2. My Kidneys & Me theoretical framework, target determinants, mechanisms of action (MoA), behavior change techniques (BCTs), and practical
applications.

Methods and practical applicationsBCTsMoATarget determinantsaUnderlying theory
and constructs

Guiding principle

KnowledgeProvide patients
with education

• Educational material, including
videos, providing information

• Information about
the condition, includ-

•• Environment: address
the perceived lack of

COM-Bc: psy-
chological capa-

support in providingabout CKDb and about the kidneys; chronic na-
ture of CKD; possible causes

ing causes, symp-
toms, treatment, and

bility
clear disease-basedpromote self-man-

agement
• HAPAd: risk

awareness and
and consequences of CKD;
conditions associated with

consequencesinformation
• Biofeedback

outcome ex- CKD; health risks; medication;• Feedback on behav-
iorpectancies health care appointments; types

of treatments; symptoms; and• CSMe: interpre-
tation of the healthy lifestyle, including diet
problem and physical activity

• Interactive quizzes to test
knowledge and learning

• SCTf: outcome
expectations, • “How to” sessions proving

guidance on how to performbehavioral capa-
bility, and self- self-care and health-promoting
regulation behaviors and strategies to en-

courage behavior change and
the adoption of new behaviors

• Trackers to monitor health and
activity and to provide feed-
back on behavior outcomes

Behavioral
regulation

Provide patients
with education

about CKDb and

• Educational material, including
videos, providing information
about health risks associated
with CKD and the concept of

• Information on the
consequences of be-
havior

•• Behavioral: address
outcome expectations
(risks and benefits) of
engaging in self-man-

COM- B: psy-
chological capa-
bility

• HAPA: risk
awareness and

• Instruction on how
to perform behavior

promote self-man-
agement personal responsibility for

health focusing on modifiable
agement behaviors
and other healthyoutcome ex- • Modeling or

demonstrating be- CVDg risk factorslifestylespectancies
havior• CSM: interpre-

tation of the
• Interactive quizzes to test

knowledge and learning• Focus on past suc-
cessproblem • “How to” sessions encouraging

users to engage with the self-•• Feedback on behav-
ior

SCT: outcome
expectancy, be- monitoring trackers and to
havioral capa- • Biofeedback complete an action plan for
bility, and self- • Self-monitoring of

behavior
desired behaviors

regulation • Trackers (health trackers,
symptom tracker, and exercise
trackers [step count and
strength training]) are available
for users to record their physi-
cal activity, including monitor-
ing steps, strength training,
weight, dietary intake, and
symptoms

J Med Internet Res 2022 | vol. 24 | iss. 11 | e39657 | p.304https://www.jmir.org/2022/11/e39657
(page number not for citation purposes)

Lightfoot et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Methods and practical applicationsBCTsMoATarget determinantsaUnderlying theory
and constructs

Guiding principle

• Educational material provides
information about healthy
lifestyle, physical activity, and
well-being. Information on
benefits and consequences of
behavior is highlighted

• “How to” sessions provide in-
formation on how to perform
health-promoting behaviors
and helpful strategies to encour-
age adoption and maintenance
of health-promoting behaviors.
Instructions on how to set

SMARTh goals and create
personalized action plans

• Trackers can encourage users
to track and self-monitor their
health, symptoms, and exercise
behaviors

• Chat forum enables users to
share their experiences and
strategies with others

• Information on de-
sired behaviors

• Instruction on how
to perform behavior

• Behavioral re-
hearsal/ practice

• Coping strategies
• Habit formation

Skill• Environmental: ad-
dress the lack of sup-
port in providing in-
formation regarding
self-management and
healthy lifestyle be-
haviors

• Behavioral: address
the benefits of engag-
ing in health-promot-
ing behaviors and
how they can help to
support symptom
management, for ex-
ample, fatigue, and
help individuals stay
independent, re-en-
forcing innate desires
and outcome ex-
pectancies for self-
management

• Personal: Guidelines
and advice on what is
safe and appropriate
may help to reduce
fears related to recog-
nizing performance
limitations

• COM-B: physi-
cal capability

• HAPA: risk
awareness, out-
come expectan-
cies, self-effica-
cy, planning,
and action con-
trol

• CSM: action
plan, coping
and appraisal

• SCT: outcome
expectancy, be-
havioral capa-
bility, self-effi-
cacy, and self-
regulation

Provide guidance
and opportunity to
self-monitor health
and self-manage-
ment behaviors

• Videos highlighting important
messages are presented by ex-
perts to encourage users to set
and review personalized goals,
create and continue their action
plans, and engage in changes
of health and lifestyle behav-
iors

• Educational material address-
ing knowledge about health-
promoting behaviors, factors
related to health concerns, and
physiological responses, includ-
ing those to exercise

• Chat forum enables verbal reas-
surance and encouragement
among users that may increase
their self-efficacy

• Information and ex-
amples of desired
behaviors

• Verbal persuasion
to encourage the
adoption of new be-
haviors

• Verbal persuasion
to reduce self-
doubts and enhance
self-efficacy

• Focus on past suc-
cesses

• Habit formation

Beliefs
about capa-
bilities

• Behavioral: address
outcome expectations
(risks and benefits) of
engaging in self-man-
agement and health-
promoting behaviors

• COM-B: reflec-
tive motivation

• HAPA: out-
come expectan-
cies, self-effica-
cy, planning,
and action con-
trol

• CSM: action
plan, coping
and appraisal

• SCT: self-effi-
cacy, behavior
capability, ob-
servational
learning, and
self-regulation

Provide advice
about how to self-
manage through a
healthy lifestyle,
goal setting (set
health and behav-
ior-related goals),
self-monitoring
health, and self-
management behav-
iors

• Information on the
consequences of be-
haviors

• Information on goal
setting, reviewing
goals, action plan-
ning, problem-solv-
ing, self-monitoring

Motiva-
tions and
goals

• COM-B: reflec-
tive motivation

• HAPA: out-
come expectan-
cies, self-effica-
cy, planning,
and action con-
trol

• CSM: action
plan, coping
and appraisal

• SCT: self-effi-
cacy, behavior
capability, ob-
servational
learning, and
self-regulation

Provide advice
about how to self-
manage through a
healthy lifestyle,
goal setting (set
health and behav-
ior-related goals),
self-monitoring
health, and self-
management behav-
iors
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Methods and practical applicationsBCTsMoATarget determinantsaUnderlying theory
and constructs

Guiding principle

• Educational material, including
videos, provides information
and guidance on how to set
personalized goals, review
goals, create action plans, and
evaluate progress. Information
was also provided on barrier
identification and how to ad-
dress/ overcome potential bar-
riers

• Users are encouraged to set
goals and complete an action
plan for target behaviors, con-
sidering any potential barriers
and strategies to overcome
these

• Access to goal-setting func-
tions enables users to set
health-related and exercise
goals

• Environmental: the
lack of guidance on
how to set health- and
behavior-related
goals

• Behavioral: Target
self-management and
health motivations by
including self-regula-
tion strategies

• Personal: Target the
innate drives for self-
management by ask-
ing participants to
consider why self-
management and
health-promoting be-
haviors may be impor-
tant to them and how
it would specifically
benefit them in their
lives

• Videos presented by experts
provide key information and
important messages about
CKD, associated health risks,
symptoms, health care appoint-
ments, physical activity and
exercise, diet, well-being,
sleep, and other relevant infor-
mation

• Information on de-
sired behaviors

• Verbal persuasion
to encourage the
adoption of new be-
haviors

• Message framing/re-
framing

Role and
identity

• Behavioral: address
the perceptions of
living with CKD, ex-
pectations of self-
managing the condi-
tion, and importance
of engaging in health-
promoting behaviors

• COM-B: reflec-
tive motivation

• HAPA: out-
come expectan-
cies, self-effica-
cy, planning,
and action con-
trol

• CSM: action
plan, coping
and appraisal

• SCT: self-effi-
cacy, behavior
capability, ob-
servational
learning, and
self-regulation

Provide advice
about how to self-
manage through a
healthy lifestyle,
goal setting (set
health and behav-
ior-related goals),
self-monitoring
health, and self-
management behav-
iors

• Educational material provides
information around well-being,
including how to cope and live
with CKD. Videos are present-
ed by experts on managing
emotions and accessing sup-
port

• Chat forum encourages users
to talk to others, including
HCPs, family and friends, and
other people with CKD. It also
enables users to provide and
receive peer support

• Information on ap-
propriate support
and resources

• Reduce negative
emotions

• Coping strategies
• Social support
• Social comparison

Emotions• Environment: address-
es the need for emo-
tional support

• Personal: enable par-
ticipants to share their
experiences of living
with CKD

• COM-B: auto-
nomic motiva-
tion

• SCT: outcome
expectancy,
collective effi-
cacy, and self-
regulation

Provide advice
about how to man-
age the emotional
consequences of
CKD and the op-
portunity to share
experiences

• Chat forum enables users to
discuss and share their
thoughts and experiences, pro-
viding encouragement for each
other. It also enables users to
seek and provide approval
from others

• Social support
• Social comparison
• Encouragement

Social influ-
ences

• Environment: address-
es the need for peer
support and facilitate
peer learning

• Personal: enable par-
ticipants to share pos-
itive experiences of
engaging in self-care
and health-promoting
behaviors and seek
advice from peers

• COM-B: social
opportunity

• SCT: outcome
expectancy and
collective effi-
cacy

Provide the oppor-
tunity to share pos-
itive self-manage-
ment experiences
and advice from
peers
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aTarget determinants include personal, behavioral, and environmental influences identified from previous work to target within the intervention.
bCKD: chronic kidney disease.
cCOM-B: Capability, Opportunity, Motivation Behavior model.
dHAPA: health action process approach model.
eCSM: common sense model.
fSCT: social cognitive theory.
gCVD: cardiovascular disease.
hSMART: Smart, Measurable, Achievable, Realistic, Timely.

Step 4: Development of the Intervention Program

Defining the Content

The overall requirements of MK&M were derived from the
needs assessment and theory described earlier. Discussions with
stakeholders, including people living with CKD, and findings
from qualitative interviews and PPI workshops highlighted an
interest in digital interactive information, including videos, as
a way to understand CKD self-management. We codeveloped
content and material that was designed to improve
kidney-specific self-management practices, including increasing
CKD knowledge, reducing health risks, managing symptoms,
and improving physical function. The content was reviewed
and refined by a wide range of CKD experts representing the
kidney multidisciplinary team, including specialist kidney
clinicians, nurses, dieticians, pharmacists, physiotherapists, and
psychologists, and the PPI group. Educational “Learn About”
sessions were developed to provide information about kidneys;
CKD; its treatment, symptoms, and associated health risks; and
lifestyle-related factors (eg, diet and physical activity [including
strength training]). Behavior change–focused “How To” sessions
were designed to provide practical strategies to assist individuals
with making small modifications to improve their health and
lifestyle behaviors. The “How To” sessions also contained
information about how to set goals, self-monitor health and
behaviors, and create action plans, as goal setting is a motivator
to facilitate health and lifestyle behavior changes. Moreover,
enabling individuals to set, review, and adapt their own goals
is important [49,81]; therefore, goal-setting features were
included to support people in selecting and self-monitoring their
own goals. Good physical function is important for patients
with CKD [82] but is often overlooked and underemphasized
in exercise guidance. Therefore, based on the findings from the
SPARK evaluation and feedback, we developed a separate
strength training educational session with strength exercise
programs, videos demonstrating the exercises, and a bespoke
strength tracker.

The development of the content for MK&M was an iterative
process, with 12 PPI members providing regular review and
input, such as suggesting (1) a symptom tracker to enable
self-monitoring of symptoms; (2) the inclusion of new sessions
on sleep and well-being, emphasizing the importance of looking
after mental health, including coping and living with CKD; (3)
the use of “myth and fact” quizzes as a way to test knowledge;
and (4) stating how long sessions should take to complete. These
suggestions resulted in the following actions: (1) designing a
bespoke symptom tracker, (2) creating both educational and
“how to” sessions on improving sleep quality and looking after
well-being, (3) adding quizzes to both “learn about” and “how

to” sessions, and (4) including the anticipated time it would
take people to work through and complete each session (based
on the mean time of completion for PPI group). Content topics
included are detailed in Multimedia Appendix 2.

Defining the Format of Delivery

Although the content and materials of MK&M were developed
with a future digital platform in mind (based on previous
learning, needs assessment, and PPI feedback), before this point,
the exact web platform had not yet been decided. Following
discussions about the design and format of the web platform
for MK&M, it was agreed among the steering group that the
MyDESMOND platform represented an ideal existing platform
(reasons detailed in the subsequent section) to host MK&M;
therefore, the final stage of development involved the required
adaptation of the MyDESMOND interface and features [27] for
MK&M content and materials.

Phase 2: Adoption and Adaptation of the Existing
MyDESMOND Platform to Suit MK&M Content and
Materials
Given the successful development and implementation of the
MyDESMOND program [27,83,84], it was advantageous to use
the preexisting and established MyDESMOND platform to host
the MK&M program. MyDESMOND is an award-winning
program on a quality-assured platform, which is known to be
well accepted and effective [83]. The MyDESMOND platform
was built using progressive web apps and is accessible on any
digital device (tablet, desktop computer, and smartphone) and
operating system. The system was developed using the Zend
framework and MySQL database. The app includes an app
programming interface built with Zend, which is used to manage
data between the AngularJS progressive web app and the
database. The MyDESMOND platform hosts several
evidence-based web-based self-management programs, including
programs for people at risk of or with type 2 diabetes. The
existing MyDESMOND programs are used throughout the
United Kingdom and Australia. These MyDESMOND programs
have gained accreditation from Quality Institute for
Self-Management Education and Training. The Quality Institute
for Self-Management Education and Training (QISMET) defines
good practice in self-management education [85].
MyDESMOND has been successfully reviewed by Organisation
for the Review of Care and Health Apps (ORCHA) [86], an
independent leading digital health reviewer that assesses digital
health programs against the latest standards and guidelines that
cover clinical/ professional assurance, data and privacy, and
usability and accessibility. MyDESMOND also conforms to
the Digital Technology Assessment Criteria (DTAC) for health
and social care. This is a new national baseline criterion used
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to ensure that the latest standards within digital health systems
are being met. It covers clinical safety, data protection, technical
security, interoperability, and usability and accessibility
standards and is used for the commissioning of digital health
technologies [87]. The MyDESMOND platform is flexible to
easily allow for additional programs to be added and adapted.
Adding the MK&M content and materials to the MyDESMOND
platform [27] and adapting the existing platform to suit the
program needs provided a cost- and time-efficient approach for
developing our digital intervention. In addition, the
MyDESMOND platform meets many National Health Service
(NHS) requirements and quality standards, which would enable
the future implementation of MK&M in clinical practice.

We mapped the developed MK&M content as closely as possible
to the preexisting features already available on the
MyDESMOND platform [27]. For example, we mapped the
“Learn About” and “How To” sessions onto the preexisting
“Learning” and “Booster” sessions on the platform. Figures 3
and 4 present examples of the sessions available. The MK&M
goal-setting materials were mapped onto the MyDESMOND
“Decision Maker” feature. We adopted the health (eg, blood
pressure, shape, and healthy eating) and physical activity (eg,
step counting) trackers that were already available on the
MyDESMOND platform [27], as these were perceived to
adequately meet the needs of people with CKD.

Figure 3. Example of learning sessions available on My Kidneys & Me.

Figure 4. Example of the “Kidney Disease” learning sessions available on My Kidneys & Me.
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Although we were able to adopt the interface and features of
the MyDESMOND platform [27] and map most of the MK&M
content and materials onto it, there were some key MK&M
components that were missing. Thus, we further adapted the
platform to suit our needs. This involved creating and realizing
a bespoke CKD symptom (detailing 13 common symptoms
identified by people with CKD not receiving kidney replacement
therapy [88]) (Figure 5) and a bespoke strength tracker, which
were conceptualized during the codevelopment of materials and
content in phase 1. Links to strength training materials, including
flashcards and demonstration videos, were embedded within
MK&M. To aid individuals’ understanding of the program and

navigation through the platform, we also created a welcome
video detailing the aims of the program and a screencast (ie,
digital video recording of our computer screen, including audio
narration) explaining how to navigate the program and the key
features available. The finalized MK&M materials and content
were uploaded onto the platform by the MyDESMOND digital
team. Finally, we added an MK&M-specific launch page to the
MyDESMOND platform, as shown in Figure 6. Usability
(functionality, navigation, and interactivity) and experience
testing of MK&M was conducted through think-aloud interviews
to identify potential areas for refinement (manuscript in
preparation).

Figure 5. Chronic kidney disease symptom tracker on My Kidneys & Me.

Figure 6. Example of My Kidneys & Me launch page and the digital devices it is accessible on.
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Discussion

Principal Findings
Self-management has been identified as a top priority by
individuals with nondialysis CKD, their caregivers, clinicians,
and policy makers [89]. The concept of patient empowerment
is integrated in the “NHS Long Term Plan,” which aims to
support people with long-term conditions to improve
self-management skills and provide access to resources [90].
Here, we have described the codevelopment of a theory- and
evidence-based digital self-management program for people
with CKD, guided by the IM framework and the MyDESMOND
development process [27].

Steering Group
The formation, participation, and engagement of the
multidisciplinary planning group and PPI group were valuable
as it enabled knowledge, experiences, and visions to be shared.
The development process was guided by the inputs from HCPs
and the PPI group, with both groups reviewing and refining the
program content and materials and the method of delivery
alongside the researchers. This ensured that the program was
appropriately designed and relevant to people with CKD and
that people with CKD and HCPs support MK&M. Having input
from the MyDESMOND and IMPACT teams greatly facilitated
the development of MK&M, as learning first-hand from their
experiences in developing MyDESMOND [27], and adapting
their processes, was invaluable. In addition, the ability to map
our own program onto the MyDESMOND platform was
advantageous.

Applying Theoretical Framework
The IM process helped the rigorous development of MK&M
and ensured that we explored our program goals in depth and
were able to specify what it was that we needed to change and
which method and practical applications would elicit the desired
change. This ensured that MK&M, similar to MyDESMOND,
was underpinned by a strong theoretical framework and
evidence-based foundation. Using IM enabled a meaningful
analysis of the underlying mechanisms that are hypothesized
to affect the desired intervention outcomes by enabling the
explicit linking of interventional components to theory, which
should result in improved outcomes for the target population
[91]. The use of behavior change theories and techniques to
determine the anticipated behavior change ensured a pragmatic
application of change methods.

Practical Implications
The IM framework provides a comprehensive approach that
clearly articulates the development process [34], which allows
for more transparency in the design of the intervention to others
outside the development team. The process may be different
for different interventions, and each step of the framework
allows for the adaptation of the different requirements of the
specific population, setting, and nature of the intervention [34].
Using IM enabled us to produce an intervention that is
potentially efficacious and acceptable and can be implemented
in CKD. The needs assessment conducted in step 1, alongside
lessons learnt from our previous work, provided us with a clear

understanding of the different key components that needed to
be incorporated into MK&M. Identifying the desired outcomes
of MK&M ensured that appropriate content and materials were
designed to address our program goals.

Aside from using IM to develop interventions, the approach
may aid clinicians in assessing the suitability of an intervention,
its applicability to their setting and population, or what change
may need to occur to the intervention to enhance its suitability
[92]. The dissemination of the development of complex
interventions offers clinicians more detailed information on
which they can base their decision regarding the implementation
of these interventions [92].

Comparison With Other Interventions
To our knowledge, this is the first systematically developed
theory- and evidence-based digital self-management program
for people with nondialysis CKD in the United Kingdom.
Another digital intervention for people with CKD, called Kidney
Beam, has been developed in the United Kingdom to provide
support for exercise, physical activity, and emotional well-being
[93]. Similar to MK&M, Kidney Beam is theory informed and
guided by the Behaviour Change Wheel. The full development
process, application of theory, and selection of BCTs have yet
to be published. Unlike MK&M, which provides a holistic
approach to self-management, encompassing the core tasks
alongside the key processes, Kidney Beam aims to specifically
address exercise, physical activity, and emotional well-being.
Results of the feasibility study were promising and showed
good levels of engagement, with 43% of individuals signing up
to the platform and completing at least one exercise class [93].
Similar to MK&M, Kidney Beam is currently being evaluated
in a randomized controlled trial to evaluate the feasibility,
clinical value, and cost-effectiveness of the Kidney Beam
program delivered as part of clinical care [93]. It is to be hoped
that MK&M and Kidney Beam will provide complementary
options for future kidney care.

Digital self-management programs for people with CKD have
also been developed in other countries such as Canada [94] and
the United States [95]. There are similarities and differences
between these programs. Like us, Donald et al [94] and
Markossian et al [95] co-designed their program with
stakeholders, involving people living with CKD and their
relatives, clinicians, researchers, and graphic designers.
Although there are similarities in methodologies, both MK&M
and “My Kidneys My Health” [94] developed a web-based
self-management resource, whereas Markossian et al [95]
developed a mobile app. In our program, we used the IM
framework to guide the development, whereas Donald et al [94]
used the “Knowledge-to-Action” framework to guide the
multiphased activities for determining CKD patient
self-management support intervention. It is not clear what
framework was used to guide the development of the mobile
app by Markossian et al [95]. Like us, Donald et al [94] and
Markossian et al [95] are evaluating their programs in a study,
which will further provide an insight into the acceptability and
engagement of the digital programs and identification of
patient-reported outcomes and potential factors for
implementation.
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Evaluation and Implementation
The efficacy of MK&M in improving patient activation and
subsequent self-management behaviors is currently being
evaluated in a multisite clinical trial in the United Kingdom,
with results expected in 2023 (protocol paper published
elsewhere [96]). Patient activation is considered the cornerstone
of effective self-management in CKD, as it encompasses all the
necessary ingredients for effective self-management (ie,
knowledge, skills, and confidence) [45]. Findings from the trial
will provide the first step in determining whether MK&M is
effective in increasing patient activation and promoting
self-management behaviors in people with nondialysis CKD.
In addition to evaluating MK&M, we also look to implement
MK&M in renal services as a part of clinical care. Currently
renal services are undergoing redesigning as a part of the Renal
Service Transformation Programme [97]; consequently, we are
conducting preliminary work before implementing MK&M into
clinical care to ensure MK&M can be successfully embedded
within the new model of care.

Strengths and Limitations
The inclusion of a stakeholder steering group comprising
multidisciplinary professionals and PPI members with a variety
of experience and expertise, who were involved in the
codevelopment of MK&M, was vital to the successful
development of MK&M. The PPI group was key in identifying
the needs and preferences of people with CKD; however, the
PPI members were predominantly White British, female, and
well educated. Consequently, as our PPI group may not be
representative of the CKD population, MK&M may not be
suitable for all individuals with CKD. Successful use of MK&M
is likely to require a certain level of health literacy and
activation. It was developed in partnership with individuals who
participate and engage in activities such as PPI and are therefore
likely to be more engaged than the typical patient. The
generalizability and applicability of MK&M will be established
and addressed during the evaluation, refinement, and
implementation phases of the program.

Although the IM approach provides a useful planning template
to develop a tool that is theoretically grounded and
evidence-based, it is very time consuming. The process
described in this paper took approximately 2 years to complete,
which was longer than initially anticipated; this was partly
because of the COVID-19 pandemic, where members of the
participatory steering group had competing clinical interests
that took priority during this period, and the time taken to adapt
a preexisting platform to suit our needs. Despite this, others
have also reported similar experiences when using IM
[36,98,99].

Despite the ambition, and initially setting out, to coproduce
MK&M, it was not feasible owing to the COVID-19 pandemic.

The inability to meet face-to-face during this period influenced
the level of involvement of the members of the participatory
steering group; moreover, clinical members were required to
work on the frontline of the United Kingdom’s NHS, and people
with kidney disease were required to shield themselves because
of being classed as clinically vulnerable. Although the steering
group actively inputted during this time, it was not to the degree
that we initially envisaged when we began this work; however,
we did what we were able to during such challenging
circumstances. Thus, we consider this work to be co-designed
with the elements of coproduction.

Future Suggestions
We acknowledge that MK&M may not meet the needs of those
with lower levels of activation and/or health literacy. The
findings from our mixed methods evaluation of MK&M will
provide a wealth of information, including details regarding
program usage, engagement, and adherence. Exploring patients’
and HCPs’views and experiences of using MK&M will provide
an in-depth understanding of its usability, functionality, and
acceptability. The findings will inform the potential
improvements and adaptations we could make to the program
to ensure that it is more acceptable and accessible to
disadvantaged groups. In addition, the program requires digital
literacy and thus may exclude individuals who are not computer
literate or do not have access to digital technology. More work
is needed to improve digital literacy and ensure the provision
of internet access. There is also scope for digital programs such
as MK&M to address the health inequalities that exist in the
CKD population, and further work is needed to explore how
these programs could effectively reduce health inequalities in
CKD.

Conclusions
This paper provides a detailed example of the application of IM
in the development of a theory- and evidence-based digital
self-management program for people living with CKD. We
have been successful in developing a digital holistic
CKD-specific self-management program that provides
accessible, tailored, and interactive information and support to
help people with CKD improve their awareness and
understanding of their condition, health knowledge, and
confidence in managing their condition. MK&M aims to provide
ongoing self-management education, support, and guidance for
people living with CKD to manage their condition and live full,
productive lives. Results from the multicenter randomized
controlled trial evaluating MK&M will provide evidence of the
efficacy, effectiveness, and cost-effectiveness of the program.
If MK&M is successful in increasing patient activation and
subsequent self-management behaviors, we anticipate that it
will also improve people’s QoL, physical function, and symptom
burden while reducing the number of hospital admissions and
saving costs to the NHS.

 

Acknowledgments
The authors would like to thank Professor John Feehally, Charlie Franklin, Mike Bonar, and the patient and public involvement
steering group for their invaluable input and contribution to the development of My Kidneys and Me. This work is independent
research funded by the Stoneygate Trust and the National Institute of Health and Care Research (NIHR) Applied Research

J Med Internet Res 2022 | vol. 24 | iss. 11 | e39657 | p.311https://www.jmir.org/2022/11/e39657
(page number not for citation purposes)

Lightfoot et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Collaboration East Midlands and supported by the NIHR Leicester Biomedical Research Centre. Patient and public involvement
activities were supported by a grant from the Kidney Care Appeal awarded to TJW. HMLY was supported by a fellowship from
the NIHR (DRF-2016-09-015). The funders had no role in the study design, collection, analysis, or interpretation of the data. The
views expressed are those of the authors and not necessarily those of the NIHR, National Health Service (NHS), or Department
of Health and Social Care.

Authors' Contributions
CJL, TJW, and ACS conceptualized and led on the idea of My Kidneys and Me (MK&M). VJ, SS, TY, and MJD helped develop
the idea of MK&M and provided guidance based on their experiences of developing MyDESMOND. CJL, with input from TJW,
LW, VJ, SS, CB, MH, TY, MJD, and ACS, led the development and adaptation of the program content, including the underpinning
theories and behavior change. CJL, TJW, MG-B, HMLY, ACN, JOB, JB, NV, MM, JH, VP, FW, and ACS contributed to the
development of the educational content of MK&M. CJL drafted the manuscript. TJW, MH, MJD, and ACS revised the initial
content and structure of the manuscript. All authors have read, revised, and approved the final manuscript.

Conflicts of Interest
CB, VJ, and SS are employed through the University Hospitals of Leicester National Health Service Trust, which holds the
intellectual property rights for and receives not-for-profit income for the Diabetes Education and Self-Management for Ongoing
and Newly Diagnosed (DESMOND) suite of programs (which includes MyDESMOND).

Multimedia Appendix 1
Description of theories and frameworks selected and the rationale.
[DOCX File , 30 KB - jmir_v24i11e39657_app1.docx ]

Multimedia Appendix 2 [DOCX File , 16 KB - jmir_v24i11e39657_app2.docx ]

References
1. Kim LG, Cleary F, Wheeler DC, Caplin B, Nitsch D, Hull SA, UK National Chronic Kidney Disease Audit. How do primary

care doctors in England and Wales code and manage people with chronic kidney disease? Results from the National Chronic
Kidney Disease Audit. Nephrol Dial Transplant 2018 Aug 01;33(8):1373-1379 [FREE Full text] [doi: 10.1093/ndt/gfx280]
[Medline: 29045728]

2. Webster AC, Nagler EV, Morton RL, Masson P. Chronic kidney disease. Lancet 2017 Mar;389(10075):1238-1252 [FREE
Full text] [doi: 10.1016/s0140-6736(16)32064-5]

3. Go AS, Chertow GM, Fan D, McCulloch CE, Hsu C. Chronic kidney disease and the risks of death, cardiovascular events,
and hospitalization. N Engl J Med 2004 Sep 23;351(13):1296-1305. [doi: 10.1056/NEJMoa041031] [Medline: 15385656]

4. Kalantar-Zadeh K, Jafar TH, Nitsch D, Neuen BL, Perkovic V. Chronic kidney disease. Lancet 2021
Aug;398(10302):786-802. [doi: 10.1016/s0140-6736(21)00519-5]

5. Neale EP, Middleton J, Lambert K. Barriers and enablers to detection and management of chronic kidney disease in primary
healthcare: a systematic review. BMC Nephrol 2020 Mar 12;21(1):83 [FREE Full text] [doi: 10.1186/s12882-020-01731-x]
[Medline: 32160886]

6. Donald M, Kahlon BK, Beanlands H, Straus S, Ronksley P, Herrington G, et al. Self-management interventions for adults
with chronic kidney disease: a scoping review. BMJ Open 2018 Mar 22;8(3):e019814 [FREE Full text] [doi:
10.1136/bmjopen-2017-019814] [Medline: 29567848]

7. Havas K, Bonner A, Douglas C. Self-management support for people with chronic kidney disease: patient perspectives. J
Ren Care 2016 Mar;42(1):7-14. [doi: 10.1111/jorc.12140] [Medline: 26404772]

8. Wagner EH. Chronic disease management: what will it take to improve care for chronic illness? Eff Clin Pract 1998;1(1):2-4.
[Medline: 10345255]

9. Davies MJ, Heller S, Skinner TC, Campbell MJ, Carey ME, Cradock S, Diabetes Education Self Management for Ongoing
Newly Diagnosed Collaborative. Effectiveness of the diabetes education and self management for ongoing and newly
diagnosed (DESMOND) programme for people with newly diagnosed type 2 diabetes: cluster randomised controlled trial.
BMJ 2008 Mar 01;336(7642):491-495 [FREE Full text] [doi: 10.1136/bmj.39474.922025.BE] [Medline: 18276664]

10. Novak M, Costantini L, Schneider S, Beanlands H. Approaches to self-management in chronic illness. Semin Dial
2013;26(2):188-194. [doi: 10.1111/sdi.12080] [Medline: 23520989]

11. Schulman-Green D, Jaser S, Martin F, Alonzo A, Grey M, McCorkle R, et al. Processes of self-management in chronic
illness. J Nurs Scholarsh 2012 Jun;44(2):136-144 [FREE Full text] [doi: 10.1111/j.1547-5069.2012.01444.x] [Medline:
22551013]

J Med Internet Res 2022 | vol. 24 | iss. 11 | e39657 | p.312https://www.jmir.org/2022/11/e39657
(page number not for citation purposes)

Lightfoot et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

jmir_v24i11e39657_app1.docx
jmir_v24i11e39657_app1.docx
jmir_v24i11e39657_app2.docx
jmir_v24i11e39657_app2.docx
https://europepmc.org/abstract/MED/29045728
http://dx.doi.org/10.1093/ndt/gfx280
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29045728&dopt=Abstract
https://doi.org/10.1016/S0140-6736(16)32064-5
https://doi.org/10.1016/S0140-6736(16)32064-5
http://dx.doi.org/10.1016/s0140-6736(16)32064-5
http://dx.doi.org/10.1056/NEJMoa041031
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15385656&dopt=Abstract
http://dx.doi.org/10.1016/s0140-6736(21)00519-5
https://www.biomedcentral.com/1471-2369/21/83
http://dx.doi.org/10.1186/s12882-020-01731-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32160886&dopt=Abstract
https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=29567848
http://dx.doi.org/10.1136/bmjopen-2017-019814
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29567848&dopt=Abstract
http://dx.doi.org/10.1111/jorc.12140
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26404772&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10345255&dopt=Abstract
https://europepmc.org/abstract/MED/18276664
http://dx.doi.org/10.1136/bmj.39474.922025.BE
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18276664&dopt=Abstract
http://dx.doi.org/10.1111/sdi.12080
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23520989&dopt=Abstract
https://europepmc.org/abstract/MED/22551013
http://dx.doi.org/10.1111/j.1547-5069.2012.01444.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22551013&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


12. Peng S, He J, Huang J, Lun L, Zeng J, Zeng S, et al. Self-management interventions for chronic kidney disease: a systematic
review and meta-analysis. BMC Nephrol 2019 Apr 26;20(1):142 [FREE Full text] [doi: 10.1186/s12882-019-1309-y]
[Medline: 31027481]

13. Hibbard JH, Mahoney ER, Stock R, Tusler M. Do increases in patient activation result in improved self-management
behaviors? Health Serv Res 2007 Aug;42(4):1443-1463 [FREE Full text] [doi: 10.1111/j.1475-6773.2006.00669.x] [Medline:
17610432]

14. Welch JL, Bartlett Ellis RJ, Perkins SM, Johnson CS, Zimmerman LM, Russell CL, et al. Knowledge and awareness among
patients with chronic kidney disease stage 3. Nephrol Nurs J 2016;43(6):513-519. [Medline: 30550080]

15. Molnar AO, Akbari A, Brimble KS. Perceived and objective kidney disease knowledge in patients with advanced CKD
followed in a multidisciplinary CKD clinic. Can J Kidney Health Dis 2020 Feb 11;7:2054358120903156 [FREE Full text]
[doi: 10.1177/2054358120903156] [Medline: 32110417]

16. Finkelstein FO, Story K, Firanek C, Barre P, Takano T, Soroka S, et al. Perceived knowledge among patients cared for by
nephrologists about chronic kidney disease and end-stage renal disease therapies. Kidney Int 2008 Nov;74(9):1178-1184
[FREE Full text] [doi: 10.1038/ki.2008.376] [Medline: 18668024]

17. Narva AS, Norton JM, Boulware LE. Educating patients about CKD: the path to self-management and patient-centered
care. Clin J Am Soc Nephrology 2015 Nov 04;11(4):694-703. [doi: 10.2215/cjn.07680715]

18. Greer RC, Crews DC, Boulware LE. Challenges perceived by primary care providers to educating patients about chronic
kidney disease. J Ren Care 2012 Dec;38(4):174-181 [FREE Full text] [doi: 10.1111/j.1755-6686.2012.00323.x] [Medline:
23176576]

19. Greer RC, Cooper LA, Crews DC, Powe NR, Boulware LE. Quality of patient-physician discussions about CKD in primary
care: a cross-sectional study. Am J Kidney Dis 2011 Apr;57(4):583-591 [FREE Full text] [doi: 10.1053/j.ajkd.2010.08.027]
[Medline: 21131116]

20. Lee YJ, Shin SJ, Wang RH, Lin KD, Lee YL, Wang YH. Pathways of empowerment perceptions, health literacy, self-efficacy,
and self-care behaviors to glycemic control in patients with type 2 diabetes mellitus. Patient Educ Couns 2016
Feb;99(2):287-294 [FREE Full text] [doi: 10.1016/j.pec.2015.08.021] [Medline: 26341940]

21. Welch JL, Johnson M, Zimmerman L, Russell CL, Perkins SM, Decker BS. Self-management interventions in stages 1 to
4 chronic kidney disease: an integrative review. West J Nurs Res 2015 May;37(5):652-678 [FREE Full text] [doi:
10.1177/0193945914551007] [Medline: 25239136]

22. Bonner A, Havas K, Douglas C, Thepha T, Bennett P, Clark R. Self-management programmes in stages 1-4 chronic kidney
disease: a literature review. J Ren Care 2014 Sep;40(3):194-204. [doi: 10.1111/jorc.12058] [Medline: 24628848]

23. Murray E, Burns J, See TS, Lai R, Nazareth I. Interactive Health Communication Applications for people with chronic
disease. Cochrane Database Syst Rev 2005 Oct 19(4):CD004274. [doi: 10.1002/14651858.CD004274.pub4] [Medline:
16235356]

24. Slater H, Campbell JM, Stinson JN, Burley MM, Briggs AM. End user and implementer experiences of mHealth technologies
for noncommunicable chronic disease management in young adults: systematic review. J Med Internet Res 2017 Dec
12;19(12):e406 [FREE Full text] [doi: 10.2196/jmir.8888] [Medline: 29233804]

25. Slater H, Dear BF, Merolli MA, Li LC, Briggs AM. Use of eHealth technologies to enable the implementation of
musculoskeletal Models of Care: evidence and practice. Best Pract Res Clin Rheumatol 2016 Jun;30(3):483-502 [FREE
Full text] [doi: 10.1016/j.berh.2016.08.006] [Medline: 27886943]

26. Craig P, Dieppe P, Macintyre S, Michie S, Nazareth I, Petticrew M, Medical Research Council Guidance. Developing and
evaluating complex interventions: the new Medical Research Council guidance. BMJ 2008 Sep 29;337(sep29 1):a1655
[FREE Full text] [doi: 10.1136/bmj.a1655] [Medline: 18824488]

27. Hadjiconstantinou M, Schreder S, Brough C, Northern A, Stribling B, Khunti K, et al. Using intervention mapping to
develop a digital self-management program for people with type 2 diabetes: tutorial on MyDESMOND. J Med Internet
Res 2020 May 11;22(5):e17316 [FREE Full text] [doi: 10.2196/17316] [Medline: 32391797]

28. Bandura A. Social Foundations of Thought and Action: A Social Cognitive Theory. New Jersey: Prentice Hall; 1986.
29. Clarke A, MacKinnon H, Yates T, Smith A. Mp412 The “person-based approach” to developing a structured group education

programme to increase physical activity in CKD: the pact-project. Nephrology Dialysis Transplantation 2016
May;31(suppl_1):i477. [doi: 10.1093/ndt/gfw191.16]

30. Clarke A. Developing behaviour change interventions to increase levels of physical activity in patients with chronic kidney
disease. University of Leicester. 2018. URL: https://ethos.bl.uk/OrderDetails.do?uin=uk.bl.ethos.745848 [accessed
2022-01-10]

31. Ajzen I. The theory of planned behavior. Organizational Behav Human Decision Processes 1991 Dec;50(2):179-211 [FREE
Full text] [doi: 10.1016/0749-5978(91)90020-t]

32. MacKinnon H, Clarke A, Singh S, Smith A. MP409 Development of a self-directed programme to increase physical activity
in chronic kidney disease. Nephrology Dialysis Transplantation 2016 May;31(suppl_1):i476,. [doi: 10.1093/ndt/gfw191.13]

33. Mackinnon H. Development and feasibility testing of a self-directed intervention to increase physical activity in chronic
kidney disease: University of Leicester; 2022.

J Med Internet Res 2022 | vol. 24 | iss. 11 | e39657 | p.313https://www.jmir.org/2022/11/e39657
(page number not for citation purposes)

Lightfoot et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://www.biomedcentral.com/1471-2369/20/142
http://dx.doi.org/10.1186/s12882-019-1309-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31027481&dopt=Abstract
https://europepmc.org/abstract/MED/17610432
http://dx.doi.org/10.1111/j.1475-6773.2006.00669.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17610432&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30550080&dopt=Abstract
https://journals.sagepub.com/doi/abs/10.1177/2054358120903156?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.1177/2054358120903156
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32110417&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0085-2538(15)53493-5
http://dx.doi.org/10.1038/ki.2008.376
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18668024&dopt=Abstract
http://dx.doi.org/10.2215/cjn.07680715
https://europepmc.org/abstract/MED/23176576
http://dx.doi.org/10.1111/j.1755-6686.2012.00323.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23176576&dopt=Abstract
https://europepmc.org/abstract/MED/21131116
http://dx.doi.org/10.1053/j.ajkd.2010.08.027
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21131116&dopt=Abstract
https://doi.org/10.1016/j.pec.2015.08.021
http://dx.doi.org/10.1016/j.pec.2015.08.021
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26341940&dopt=Abstract
https://europepmc.org/abstract/MED/25239136
http://dx.doi.org/10.1177/0193945914551007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25239136&dopt=Abstract
http://dx.doi.org/10.1111/jorc.12058
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24628848&dopt=Abstract
http://dx.doi.org/10.1002/14651858.CD004274.pub4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16235356&dopt=Abstract
https://www.jmir.org/2017/12/e406/
http://dx.doi.org/10.2196/jmir.8888
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29233804&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1521-6942(16)30046-8
https://linkinghub.elsevier.com/retrieve/pii/S1521-6942(16)30046-8
http://dx.doi.org/10.1016/j.berh.2016.08.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27886943&dopt=Abstract
https://europepmc.org/abstract/MED/18824488
http://dx.doi.org/10.1136/bmj.a1655
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18824488&dopt=Abstract
https://www.jmir.org/2020/5/e17316/
http://dx.doi.org/10.2196/17316
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32391797&dopt=Abstract
http://dx.doi.org/10.1093/ndt/gfw191.16
https://ethos.bl.uk/OrderDetails.do?uin=uk.bl.ethos.745848
https://doi.org/10.1016/0749-5978(91)90020-T
https://doi.org/10.1016/0749-5978(91)90020-T
http://dx.doi.org/10.1016/0749-5978(91)90020-t
http://dx.doi.org/10.1093/ndt/gfw191.13
http://www.w3.org/Style/XSL
http://www.renderx.com/


34. Eldredge LK, Markham CM, Ruiter RA, Fernández ME, Kok G, Parcel GS. Planning Health Promotion Programs: An
Intervention Mapping Approach, 4th Edition. Hoboken, New Jersey, United States: Wiley; Feb 2016.

35. Kok G, Peters LW, Ruiter RA. Planning theory- and evidence-based behavior change interventions: a conceptual review
of the intervention mapping protocol. Psicol Reflex Crit 2017 Oct 18;30(1):19 [FREE Full text] [doi:
10.1186/s41155-017-0072-x] [Medline: 32026109]

36. Detaille SI, van der Gulden JW, Engels JA, Heerkens YF, van Dijk FJH. Using intervention mapping (IM) to develop a
self-management programme for employees with a chronic disease in the Netherlands. BMC Public Health 2010 Jun
21;10:353 [FREE Full text] [doi: 10.1186/1471-2458-10-353] [Medline: 20565925]

37. Geense WW, van Gaal BG, Knoll JL, Cornelissen EA, Schoonhoven L, Kok G. Online support program for parents of
children with a chronic kidney disease using intervention mapping: a development and evaluation protocol. JMIR Res
Protoc 2016 Jan 13;5(1):e1 [FREE Full text] [doi: 10.2196/resprot.4837] [Medline: 26764218]

38. Shen H, van der Kleij R, van der Boog PJ, Song X, Wang W, Zhang T, et al. Development and evaluation of an eHealth
self-management intervention for patients with chronic kidney disease in China: protocol for a mixed-method hybrid type
2 trial. BMC Nephrol 2020 Nov 19;21(1):495 [FREE Full text] [doi: 10.1186/s12882-020-02160-6] [Medline: 33213398]

39. Been-Dahmen JM, Beck DK, Peeters MA, van der Stege H, Tielen M, van Buren MC, et al. Evaluating the feasibility of
a nurse-led self-management support intervention for kidney transplant recipients: a pilot study. BMC Nephrol 2019 Apr
27;20(1):143 [FREE Full text] [doi: 10.1186/s12882-019-1300-7] [Medline: 31029107]

40. Hardeman W, Sutton S, Griffin S, Johnston M, White A, Wareham NJ, et al. A causal modelling approach to the development
of theory-based behaviour change programmes for trial evaluation. Health Educ Res 2005 Dec;20(6):676-687. [doi:
10.1093/her/cyh022] [Medline: 15781446]

41. Corbin J, Strauss A. Managing chronic illness at home: three lines of work. Qual Sociol 1985;8(3):224-247. [doi:
10.1007/BF00989485]

42. Lorig KR, Holman H. Self-management education: history, definition, outcomes, and mechanisms. Ann Behav Med 2003
Aug;26(1):1-7. [doi: 10.1207/S15324796ABM2601_01] [Medline: 12867348]

43. Morton K, Dennison L, May C, Murray E, Little P, McManus R, et al. Using digital interventions for self-management of
chronic physical health conditions: a meta-ethnography review of published studies. Patient Educ Couns 2017
Apr;100(4):616-635 [FREE Full text] [doi: 10.1016/j.pec.2016.10.019] [Medline: 28029572]

44. Kidney Disease: Improving Global Outcomes (KDIGO) CKD-MBD Update Work Group. KDIGO 2017 Clinical Practice
Guideline Update for the diagnosis, evaluation, prevention, and treatment of Chronic Kidney Disease-Mineral and Bone
Disorder (CKD-MBD). Kidney Int Suppl 2017 Dec;7:1-59 [FREE Full text] [doi: 10.1016/j.kisu.2017.10.001] [Medline:
30681074]

45. Lightfoot CJ, Nair D, Bennett PN, Smith AC, Griffin AD, Warren M, et al. Patient activation: the cornerstone of effective
self-management in chronic kidney disease? Kidney Dialysis 2022 Mar 03;2(1):91-105. [doi: 10.3390/kidneydial2010012]

46. Chronic Kidney Disease: Assessment and Management. London: National Institute for Health and Care Excellence (NICE);
Nov 24, 2021.

47. Donald M, Beanlands H, Straus S, Ronksley P, Tam-Tham H, Finlay J, et al. Identifying needs for self-management
interventions for adults with CKD and their caregivers: a qualitative study. Am J Kidney Dis 2019 Oct;74(4):474-482. [doi:
10.1053/j.ajkd.2019.02.006] [Medline: 30952486]

48. Lin MY, Liu MF, Hsu LF, Tsai PS. Effects of self-management on chronic kidney disease: a meta-analysis. Int J Nurs Stud
2017 Sep;74:128-137. [doi: 10.1016/j.ijnurstu.2017.06.008] [Medline: 28689160]

49. Lopez-Vargas PA, Tong A, Howell M, Craig JC. Educational interventions for patients with CKD: a systematic review.
Am J Kidney Dis 2016 Sep;68(3):353-370. [doi: 10.1053/j.ajkd.2016.01.022] [Medline: 27020884]

50. Lee MC, Wu SV, Hsieh NC, Tsai JM. Self-management programs on eGFR, depression, and quality of life among patients
with chronic kidney disease: a meta-analysis. Asian Nurs Res (Korean Soc Nurs Sci) 2016 Dec;10(4):255-262 [FREE Full
text] [doi: 10.1016/j.anr.2016.04.002] [Medline: 28057311]

51. Mason J, Khunti K, Stone M, Farooqi A, Carr S. Educational interventions in kidney disease care: a systematic review of
randomized trials. Am J Kidney Dis 2008 Jun;51(6):933-951. [doi: 10.1053/j.ajkd.2008.01.024] [Medline: 18440681]

52. Shen H, van der Kleij RM, van der Boog PJ, Chang X, Chavannes NH. Electronic health self-management interventions
for patients with chronic kidney disease: systematic review of quantitative and qualitative evidence. J Med Internet Res
2019 Nov 05;21(11):e12384 [FREE Full text] [doi: 10.2196/12384] [Medline: 31687937]

53. Zimbudzi E, Lo C, Misso ML, Ranasinha S, Kerr PG, Teede HJ, et al. Effectiveness of self-management support interventions
for people with comorbid diabetes and chronic kidney disease: a systematic review and meta-analysis. Syst Rev 2018 Jun
13;7(1):84 [FREE Full text] [doi: 10.1186/s13643-018-0748-z] [Medline: 29898785]

54. Glanz K, Bishop DB. The role of behavioral science theory in development and implementation of public health interventions.
Annu Rev Public Health 2010 Mar 01;31(1):399-418. [doi: 10.1146/annurev.publhealth.012809.103604] [Medline: 20070207]

55. Wilkinson TJ, Memory K, Lightfoot CJ, Palmer J, Smith AC. Determinants of patient activation and its association with
cardiovascular disease risk in chronic kidney disease: a cross-sectional study. Health Expect 2021 Jun 09;24(3):843-852
[FREE Full text] [doi: 10.1111/hex.13225] [Medline: 33835670]

J Med Internet Res 2022 | vol. 24 | iss. 11 | e39657 | p.314https://www.jmir.org/2022/11/e39657
(page number not for citation purposes)

Lightfoot et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://europepmc.org/abstract/MED/32026109
http://dx.doi.org/10.1186/s41155-017-0072-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32026109&dopt=Abstract
https://bmcpublichealth.biomedcentral.com/articles/10.1186/1471-2458-10-353
http://dx.doi.org/10.1186/1471-2458-10-353
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20565925&dopt=Abstract
https://www.researchprotocols.org/2016/1/e1/
http://dx.doi.org/10.2196/resprot.4837
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26764218&dopt=Abstract
https://www.biomedcentral.com/1471-2369/21/495
http://dx.doi.org/10.1186/s12882-020-02160-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33213398&dopt=Abstract
https://www.biomedcentral.com/1471-2369/20/143
http://dx.doi.org/10.1186/s12882-019-1300-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31029107&dopt=Abstract
http://dx.doi.org/10.1093/her/cyh022
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15781446&dopt=Abstract
http://dx.doi.org/10.1007/BF00989485
http://dx.doi.org/10.1207/S15324796ABM2601_01
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12867348&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0738-3991(16)30489-X
http://dx.doi.org/10.1016/j.pec.2016.10.019
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28029572&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2157-1716(17)30058-8
http://dx.doi.org/10.1016/j.kisu.2017.10.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30681074&dopt=Abstract
http://dx.doi.org/10.3390/kidneydial2010012
http://dx.doi.org/10.1053/j.ajkd.2019.02.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30952486&dopt=Abstract
http://dx.doi.org/10.1016/j.ijnurstu.2017.06.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28689160&dopt=Abstract
http://dx.doi.org/10.1053/j.ajkd.2016.01.022
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27020884&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1976-1317(16)30019-6
https://linkinghub.elsevier.com/retrieve/pii/S1976-1317(16)30019-6
http://dx.doi.org/10.1016/j.anr.2016.04.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28057311&dopt=Abstract
http://dx.doi.org/10.1053/j.ajkd.2008.01.024
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18440681&dopt=Abstract
https://www.jmir.org/2019/11/e12384/
http://dx.doi.org/10.2196/12384
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31687937&dopt=Abstract
https://systematicreviewsjournal.biomedcentral.com/articles/10.1186/s13643-018-0748-z
http://dx.doi.org/10.1186/s13643-018-0748-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29898785&dopt=Abstract
http://dx.doi.org/10.1146/annurev.publhealth.012809.103604
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20070207&dopt=Abstract
https://doi.org/10.1111/hex.13225
http://dx.doi.org/10.1111/hex.13225
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33835670&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


56. Wilkinson T, Goodliffe S, Wilde L, Smith A. P176 -“I’ve been diagnosed since 1970 and nobody has ever given me advice
on diet or lifestyle”: a research priority setting workshop with CKD patients treated in primary care. University Of Leicester.
URL: https://vo2k0qci4747qecahf07gktt-wpengine.netdna-ssl.com/wp-content/uploads/2019/07/P176.pdf [accessed
2022-01-10]

57. Vargas C, Whelan J, Brimblecombe J, Allender S. Co-creation, co-design, co-production for public health - a perspective
on definition and distinctions. Public Health Res Pract 2022 Jun 15;32(2) [FREE Full text] [doi: 10.17061/phrp3222211]
[Medline: 35702744]

58. Clarke D, Jones F, Harris R, Robert G, Collaborative Rehabilitation Environments in Acute Stroke (CREATE) team. What
outcomes are associated with developing and implementing co-produced interventions in acute healthcare settings? A rapid
evidence synthesis. BMJ Open 2017 Jul 11;7(7):e014650 [FREE Full text] [doi: 10.1136/bmjopen-2016-014650] [Medline:
28701409]

59. Allegrante JP, Wells MT, Peterson JC. Interventions to support behavioral self-management of chronic diseases. Annu Rev
Public Health 2019 Apr 01;40(1):127-146 [FREE Full text] [doi: 10.1146/annurev-publhealth-040218-044008] [Medline:
30601717]

60. Havas K, Douglas C, Bonner A. Meeting patients where they are: improving outcomes in early chronic kidney disease with
tailored self-management support (the CKD-SMS study). BMC Nephrol 2018 Oct 20;19(1):279 [FREE Full text] [doi:
10.1186/s12882-018-1075-2] [Medline: 30342487]

61. Corbin JM, Strauss A. Unending Work and Care: Managing Chronic Illness at Home. San Francisco: Jossey-Bass; 1988.
62. Atkins L, Francis J, Islam R, O'Connor D, Patey A, Ivers N, et al. A guide to using the Theoretical Domains Framework

of behaviour change to investigate implementation problems. Implement Sci 2017 Jun 21;12(1):77 [FREE Full text] [doi:
10.1186/s13012-017-0605-9] [Medline: 28637486]

63. Michie S, Johnston M, Francis J, Hardeman W, Eccles M. From theory to intervention: mapping theoretically derived
behavioural determinants to behaviour change techniques. Applied Psychol 2008;57(4):660-680. [doi:
10.1111/j.1464-0597.2008.00341.x]

64. Michie S, van Stralen MM, West R. The behaviour change wheel: a new method for characterising and designing behaviour
change interventions. Implement Sci 2011 Apr 23;6:42 [FREE Full text] [doi: 10.1186/1748-5908-6-42] [Medline: 21513547]

65. Michie S, Atkins L, West R. The Behaviour Change Wheel: A Guide to Designing Interventions. London, UK: Silverback
Publishing; 2014.

66. Schwarzer R. Self-efficacy in the adoption and maintenance of health behaviors: theoretical approaches and a new model.
In: Self-efficacy: Thought Control of Action. Washington DC, US: Hemisphere Publishing Corp; 1992.

67. MacPhail M, Mullan B, Sharpe L, MacCann C, Todd J. Using the health action process approach to predict and improve
health outcomes in individuals with type 2 diabetes mellitus. Diabetes Metab Syndr Obes 2014;7:469-479 [FREE Full text]
[doi: 10.2147/DMSO.S68428] [Medline: 25342914]

68. Bandura A. Self-efficacy: The Exercise of Control. New York, US: W H Freeman/Times Books/ Henry Holt & Co; 1997.
69. Leventhal H, Meyer D, Nerenz D. The common sense model of illness danger. In: Medical Psychology. Oxford, UK:

Pergamon; 1980.
70. Leventhal H, Phillips LA, Burns E. The Common-Sense Model of Self-Regulation (CSM): a dynamic framework for

understanding illness self-management. J Behav Med 2016 Dec;39(6):935-946. [doi: 10.1007/s10865-016-9782-2] [Medline:
27515801]

71. Hale ED, Treharne GJ, Kitas GD. The common-sense model of self-regulation of health and illness: how can we use it to
understand and respond to our patients' needs? Rheumatology (Oxford) 2007 Jun 27;46(6):904-906. [doi:
10.1093/rheumatology/kem060] [Medline: 17449488]

72. Pagels AA, Söderquist BK, Heiwe S. Differences in illness representations in patients with chronic kidney disease. J Ren
Care 2015 Sep 05;41(3):146-155. [doi: 10.1111/jorc.12117] [Medline: 25753248]

73. Wu C, Lin C, Hsieh H, Chang S. Lived experiences and illness representation of Taiwanese patients with late-stage chronic
kidney disease. J Health Psychol 2016 Dec 10;21(12):2788-2798. [doi: 10.1177/1359105315587134] [Medline: 26060242]

74. Lin CC, Chen MC, Hsieh HF, Chang SC. Illness representations and coping processes of Taiwanese patients with early-stage
chronic kidney disease. J Nurs Res 2013 Jun;21(2):120-128. [doi: 10.1097/jnr.0b013e3182921fb8] [Medline: 23681348]

75. Schwarzer R, Fuchs R. Changing risk behaviors and adopting health behaviors: the role of self-efficacy beliefs. In:
Self-efficacy in Changing Societies. Cambridge, UK: Cambridge University Press; 2010.

76. Wu SV, Courtney M, Edwards H, McDowell J, Shortridge-Baggett LM, Chang P. Self-efficacy, outcome expectations and
self-care behaviour in people with type 2 diabetes in Taiwan. J Clin Nurs 2007 Nov;16(11C):250-257. [doi:
10.1111/j.1365-2702.2006.01930.x] [Medline: 17931318]

77. Bandura A. Health promotion by social cognitive means. Health Educ Behav 2004 Apr;31(2):143-164. [doi:
10.1177/1090198104263660] [Medline: 15090118]

78. Curtin RB, Walters BA, Schatell D, Pennell P, Wise M, Klicko K. Self-efficacy and self-management behaviors in patients
with chronic kidney disease. Adv Chronic Kidney Dis 2008 Apr;15(2):191-205. [doi: 10.1053/j.ackd.2008.01.006] [Medline:
18334246]

J Med Internet Res 2022 | vol. 24 | iss. 11 | e39657 | p.315https://www.jmir.org/2022/11/e39657
(page number not for citation purposes)

Lightfoot et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://vo2k0qci4747qecahf07gktt-wpengine.netdna-ssl.com/wp-content/uploads/2019/07/P176.pdf
https://doi.org/10.17061/phrp3222211
http://dx.doi.org/10.17061/phrp3222211
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35702744&dopt=Abstract
https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=28701409
http://dx.doi.org/10.1136/bmjopen-2016-014650
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28701409&dopt=Abstract
https://europepmc.org/abstract/MED/30601717
http://dx.doi.org/10.1146/annurev-publhealth-040218-044008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30601717&dopt=Abstract
https://www.biomedcentral.com/1471-2369/19/279
http://dx.doi.org/10.1186/s12882-018-1075-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30342487&dopt=Abstract
https://implementationscience.biomedcentral.com/articles/10.1186/s13012-017-0605-9
http://dx.doi.org/10.1186/s13012-017-0605-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28637486&dopt=Abstract
http://dx.doi.org/10.1111/j.1464-0597.2008.00341.x
https://implementationscience.biomedcentral.com/articles/10.1186/1748-5908-6-42
http://dx.doi.org/10.1186/1748-5908-6-42
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21513547&dopt=Abstract
https://dx.doi.org/10.2147/DMSO.S68428
http://dx.doi.org/10.2147/DMSO.S68428
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25342914&dopt=Abstract
http://dx.doi.org/10.1007/s10865-016-9782-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27515801&dopt=Abstract
http://dx.doi.org/10.1093/rheumatology/kem060
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17449488&dopt=Abstract
http://dx.doi.org/10.1111/jorc.12117
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25753248&dopt=Abstract
http://dx.doi.org/10.1177/1359105315587134
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26060242&dopt=Abstract
http://dx.doi.org/10.1097/jnr.0b013e3182921fb8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23681348&dopt=Abstract
http://dx.doi.org/10.1111/j.1365-2702.2006.01930.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17931318&dopt=Abstract
http://dx.doi.org/10.1177/1090198104263660
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15090118&dopt=Abstract
http://dx.doi.org/10.1053/j.ackd.2008.01.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18334246&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


79. Michie S, Abraham C, Whittington C, McAteer J, Gupta S. Effective techniques in healthy eating and physical activity
interventions: a meta-regression. Health Psychol 2009 Nov;28(6):690-701. [doi: 10.1037/a0016136] [Medline: 19916637]

80. Clarke AL, Young HM, Hull KL, Hudson N, Burton JO, Smith AC. Motivations and barriers to exercise in chronic kidney
disease: a qualitative study. Nephrol Dial Transplant 2015 Nov;30(11):1885-1892. [doi: 10.1093/ndt/gfv208] [Medline:
26056174]

81. Evangelidis N, Craig J, Bauman A, Manera K, Saglimbene V, Tong A. Lifestyle behaviour change for preventing the
progression of chronic kidney disease: a systematic review. BMJ Open 2019 Oct 28;9(10):e031625 [FREE Full text] [doi:
10.1136/bmjopen-2019-031625] [Medline: 31662393]

82. MacKinnon HJ, Wilkinson TJ, Clarke AL, Gould DW, O'Sullivan TF, Xenophontos S, et al. The association of physical
function and physical activity with all-cause mortality and adverse clinical outcomes in nondialysis chronic kidney disease:
a systematic review. Ther Adv Chronic Dis 2018 Nov;9(11):209-226 [FREE Full text] [doi: 10.1177/2040622318785575]
[Medline: 30364521]

83. Quinn LM, Davies MJ, Northern A, Brough C, Schreder S, Stribling B, et al. Use of MyDesmond digital education
programme to support self-management in people with type 2 diabetes during the COVID-19 pandemic. Diabet Med 2021
Mar 23;38(3):e14469 [FREE Full text] [doi: 10.1111/dme.14469] [Medline: 33274489]

84. Hadjiconstantinou M, Barker MM, Brough C, Schreder S, Northern A, Stribling B, et al. Improved diabetes-related distress
and self-efficacy outcomes in a self-management digital programme for people with type 2 diabetes, myDESMOND. Diabet
Med 2021 May 15;38(5):e14551. [doi: 10.1111/dme.14551] [Medline: 33675068]

85. Qismet. URL: https://www.qismet.org.uk [accessed 2022-10-25]
86. ORCHA Health. URL: https://orchahealth.com [accessed 2022-10-25]
87. Digital Technology Assessment Criteria. National Health Service. URL: https://transform.england.nhs.uk/key-tools-and-info/

digital-technology-assessment-criteria-dtac/ [accessed 2022-10-25]
88. Brown SA, Tyrer F, Clarke AL, Lloyd-Davies LH, Niyi-Odumosu FA, Nah RG, et al. Kidney symptom questionnaire:

development, content validation and relationship with quality of life. J Ren Care 2018 May 24 (forthcoming). [doi:
10.1111/jorc.12247] [Medline: 29797783]

89. Hemmelgarn BR, Pannu N, Ahmed SB, Elliott MJ, Tam-Tham H, Lillie E, et al. Determining the research priorities for
patients with chronic kidney disease not on dialysis. Nephrol Dial Transplant 2017 May 01;32(5):847-854 [FREE Full text]
[doi: 10.1093/ndt/gfw065] [Medline: 27190349]

90. NHS Long Term Plan. National Health Service. URL: https://www.longtermplan.nhs.uk/ [accessed 2022-01-10]
91. French SD, Green SE, O'Connor DA, McKenzie JE, Francis JJ, Michie S, et al. Developing theory-informed behaviour

change interventions to implement evidence into practice: a systematic approach using the Theoretical Domains Framework.
Implement Sci 2012 Apr 24;7(1):38 [FREE Full text] [doi: 10.1186/1748-5908-7-38] [Medline: 22531013]

92. Jones TM, Dear BF, Hush JM, Titov N, Dean CM. Application of intervention mapping to the development of a complex
physical therapist intervention. Phys Ther 2016 Dec;96(12):1994-2004. [doi: 10.2522/ptj.20150387] [Medline: 27256070]

93. Mayes J, Billany RE, Vadaszy N, Young HM, Castle EM, Bishop NC, et al. The rapid development of a novel kidney-specific
digital intervention for self-management of physical activity and emotional well-being during the COVID-19 pandemic
and beyond: kidney beam. Clin Kidney J 2022 Mar;15(3):571-573 [FREE Full text] [doi: 10.1093/ckj/sfab239] [Medline:
35198162]

94. Donald M, Beanlands H, Straus SE, Smekal M, Gil S, Elliott MJ, et al. A web-based self-management support prototype
for adults with chronic kidney disease (my kidneys my health): co-design and usability testing. JMIR Form Res 2021 Feb
09;5(2):e22220 [FREE Full text] [doi: 10.2196/22220] [Medline: 33560245]

95. Markossian TW, Boyda J, Taylor J, Etingen B, Modave F, Price R, et al. A mobile app to support self-management of
chronic kidney disease: development study. JMIR Hum Factors 2021 Dec 15;8(4):e29197 [FREE Full text] [doi:
10.2196/29197] [Medline: 34914614]

96. Lightfoot CJ, Wilkinson TJ, Yates T, Davies MJ, Smith AC. ‘Self-Management Intervention through Lifestyle Education
for Kidney health’ (the SMILE-K study): protocol for a single-blind longitudinal randomised control trial with nested pilot
study. medRxiv 2022 May 19. [doi: 10.1101/2022.05.17.22275207]

97. Jenkins K. J Kidney Care 2021 Jul 02;6(4):160-161. [doi: 10.12968/jokc.2021.6.4.160]
98. McEachan RR, Lawton RJ, Jackson C, Conner M, Lunt J. Evidence, theory and context: using intervention mapping to

develop a worksite physical activity intervention. BMC Public Health 2008 Sep 22;8(1):326 [FREE Full text] [doi:
10.1186/1471-2458-8-326] [Medline: 18808709]

99. Munir F, Kalawsky K, Wallis DJ, Donaldson-Feilder E. Using intervention mapping to develop a work-related guidance
tool for those affected by cancer. BMC Public Health 2013 Jan 05;13:6 [FREE Full text] [doi: 10.1186/1471-2458-13-6]
[Medline: 23289708]

Abbreviations
BCT: behavior change technique
CKD: chronic kidney disease

J Med Internet Res 2022 | vol. 24 | iss. 11 | e39657 | p.316https://www.jmir.org/2022/11/e39657
(page number not for citation purposes)

Lightfoot et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1037/a0016136
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19916637&dopt=Abstract
http://dx.doi.org/10.1093/ndt/gfv208
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26056174&dopt=Abstract
https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=31662393
http://dx.doi.org/10.1136/bmjopen-2019-031625
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31662393&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/2040622318785575?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.1177/2040622318785575
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30364521&dopt=Abstract
https://europepmc.org/abstract/MED/33274489
http://dx.doi.org/10.1111/dme.14469
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33274489&dopt=Abstract
http://dx.doi.org/10.1111/dme.14551
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33675068&dopt=Abstract
https://www.qismet.org.uk
https://orchahealth.com
https://transform.england.nhs.uk/key-tools-and-info/digital-technology-assessment-criteria-dtac/
https://transform.england.nhs.uk/key-tools-and-info/digital-technology-assessment-criteria-dtac/
http://dx.doi.org/10.1111/jorc.12247
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29797783&dopt=Abstract
https://europepmc.org/abstract/MED/27190349
http://dx.doi.org/10.1093/ndt/gfw065
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27190349&dopt=Abstract
https://www.longtermplan.nhs.uk/
https://implementationscience.biomedcentral.com/articles/10.1186/1748-5908-7-38
http://dx.doi.org/10.1186/1748-5908-7-38
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22531013&dopt=Abstract
http://dx.doi.org/10.2522/ptj.20150387
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27256070&dopt=Abstract
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfab239
http://dx.doi.org/10.1093/ckj/sfab239
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35198162&dopt=Abstract
https://formative.jmir.org/2021/2/e22220/
http://dx.doi.org/10.2196/22220
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33560245&dopt=Abstract
https://humanfactors.jmir.org/2021/4/e29197/
http://dx.doi.org/10.2196/29197
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34914614&dopt=Abstract
http://dx.doi.org/10.1101/2022.05.17.22275207
http://dx.doi.org/10.12968/jokc.2021.6.4.160
https://bmcpublichealth.biomedcentral.com/articles/10.1186/1471-2458-8-326
http://dx.doi.org/10.1186/1471-2458-8-326
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18808709&dopt=Abstract
https://bmcpublichealth.biomedcentral.com/articles/10.1186/1471-2458-13-6
http://dx.doi.org/10.1186/1471-2458-13-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23289708&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


DESMOND: Diabetes Education and Self-Management for Ongoing and Newly Diagnosed
DHI: digital health intervention
DIMENSION-KD: Investigating lifestyle determinants of muscle and physical function, and the impact on patient
experience and support needs in kidney disease
GP: general practitioner
HCP: health care professional
IM: intervention mapping
MK&M: My Kidneys & Me
NHS: National Health Service
PACT: Physical Activity Changing Together
PPI: patient and public involvement
QoL: quality of life
SMILE-K: Self-Management Intervention through Lifestyle Education for Kidney health
SPARK: Self-directed Programme to Increase Physical Activity in Chronic Kidney Disease
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Abstract

Background: Mindfulness-based interventions (MBIs) can improve the symptoms and psychological well-being of patients
with breast cancer. However, standard MBIs are an 8-week program delivered face-to-face, which may be inconvenient for
patients with cancer. Many attempts have been made to adapt MBIs to increase their accessibility for patients with cancer while
maintaining their therapeutic components and efficacy.

Objective: This study aimed to investigate the effectiveness of a 4-week internet-delivered mindfulness-based cancer recovery
(iMBCR) program in reducing symptom burden and enhancing the health-related quality of life (HRQoL) of patients with breast
cancer.

Methods: A total of 103 postoperative patients with breast cancer (stages 0 to IV) were randomly assigned to an iMBCR group
(4-week iMBCR; n=51, 49.5%) or a control group (usual care and 4-week program of health education information; n=52, 50.5%).
The study outcomes included symptom burden and HRQoL, as measured by the MD Anderson Symptom Inventory and the
Functional Assessment of Cancer Therapy-Breast scale. All data were collected at baseline (T0), after the intervention (T1), and
at 1-month follow-up (T2). Data analysis followed the intention-to-treat principle. Linear mixed models were used to assess the
effects over time of the iMBCR program.

Results: Participants in the iMBCR group had significantly larger decreases in symptom burden than those in the control group
at T1 (mean difference –11.67, 95% CI –16.99 to –6.36), and the decreases were maintained at T2 (mean difference –11.83, 95%
CI –18.19 to –5.46). The HRQoL score in the iMBCR group had significantly larger improvements than that in the control group
at T1 and T2 (mean difference 6.66, 95% CI 3.43-9.90 and mean difference 11.94, 95% CI 7.56-16.32, respectively).

Conclusions: Our preliminary findings suggest that the iMBCR program effectively improved the symptom burden and HRQoL
of patients with breast cancer, and the participants in the iMBCR group demonstrated good adherence and completion rates. These
results indicate that the iMBCR intervention might be a promising way to reduce symptom burden and improve HRQoL of
patients with cancer.

Trial Registration: Chinese Clinical Trial Registry ChiCTR2000038980; http://www.chictr.org.cn/showproj.aspx?proj=62659

(J Med Internet Res 2022;24(11):e40059)   doi:10.2196/40059

J Med Internet Res 2022 | vol. 24 | iss. 11 | e40059 | p.318https://www.jmir.org/2022/11/e40059
(page number not for citation purposes)

Wang et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

mailto:gucan_cs@csu.edu.cn
http://dx.doi.org/10.2196/40059
http://www.w3.org/Style/XSL
http://www.renderx.com/


KEYWORDS

mindfulness-based cancer recovery; mindfulness-based intervention; cancer-related symptom; quality of life; breast cancer;
internet-delivered intervention; mobile phone

Introduction

Background
Breast cancer has become the most frequent cancer type among
women. The International Agency for Research on Cancer has
reported that the 5-year prevalence of breast cancer is
approximately 7.8 million cases globally [1]. In China, the
estimated 5-year prevalence of breast cancer is approximately
1,390,095 cases, with a prevalence rate of nearly 197 per
100,000 [2]. The breast cancer burden has grown over time in
China [3].

Cancer diagnosis and treatment are highly stressful experiences
that cause patients to experience a range of physical or
psychological symptoms; for example, up to 86% of patients
with breast cancer report fatigue during treatment [4], 54% to
78% report sleep disturbances [5], 53% experience pain [6],
and 70% to 81% report psychological distress [7]. Such
symptom burdens negatively affect their health-related quality
of life (HRQoL) and increase their need for supportive care
service. Recently, a large cohort study evaluating HRQoL in
this population demonstrated that the restrictions in HRQoL
can persist for >10 years [8]. Evidence suggests that
psychosocial interventions such as mindfulness-based
interventions (MBIs) are effective in improving stress-related
symptoms and HRQoL [9,10]. Mindfulness-based stress
reduction (MBSR) is a structured 8-week group program initially
designed to reduce chronic pain and stress-related symptoms
by developing mindfulness, meaning a nonjudgmental and
accepting moment-by-moment awareness [11]. It has been
adapted for multiple patient populations, and mindfulness-based
cancer recovery (MBCR) is an adaptation of MBSR specifically
for patients with cancer [12]. This program is not used for cancer
treatment but for stressors related to the disease. MBCR retains
the core principles and practices of MBSR, and it adds specific
intervention material for coping with cancer, further focusing
on symptoms such as sleep problems, pain, and fear of cancer
recurrence. Growing evidence supports the MBCR program’s
benefit for symptoms in patients with breast cancer; for example,
previous MBCR studies have repeatedly shown improvements
in fatigue [13,14], and several systematic reviews have
summarized the benefits of MBCR and other MBIs across
outcomes of sleep disturbance, depression, stress, and HRQoL
in patients with breast cancer [15,16].

Although the efficacy of MBIs has been proven, patients with
cancer still report some barriers to participation. Eyles et al [17]
found that the 8-week commitment to the course is the main
reason for nonparticipation. Even for those who participated in
the intervention, the completion rate of 8-week courses was
low; for example, Carlson et al [14] reported that only 64.9%
(87/134) of the patients with breast cancer completed the 8-week
course. Another study has identified that the sample attrition
rate is high (52%) in the MBCR group [18]. Compared with the
8-week intervention, short-term MBIs may be more acceptable

to patients with cancer and could save time and human
resources. Many attempts have been made to abbreviate 8-week
MBIs [19]; for example, Demarzo et al [20] explored the
efficacy of standard 8-week MBIs and abbreviated 4-week MBIs
for improving well-being in a nonclinical population. They
found a similar efficacy between the 4-week and 8-week MBIs.
Similarly, another study by Wirth et al [21] identified that a
4-week MBCR program significantly improved sleep quality
among patients with cancer. Both of these studies showed high
retention in participants (4-week group attrition rate: 4.2% and
5%, respectively). Thus, the effectiveness of a 4-week MBCR
program for patients with breast cancer is worth exploring.

Studies have also identified other practical barriers that may
diminish access of patients with cancer to face-to-face programs,
including but not limited to cancer-related illnesses, limited
mobility, fatigue, transportation inconvenience, and scarcity of
trained therapists [22-24]. Moreover, COVID-19 regulations
have restricted people’s activities. An internet-delivered
intervention might be a promising method to overcome these
barriers. Zernicke et al [25] assessed the feasibility of delivering
a web-based MBCR program to patients with cancer. Their
findings support providing the web-based MBCR program to
patients with cancer, that is, feasibility targets for recruitment
and retention are achieved, and participants are satisfied with
a web-based MBCR program. However, evidence of the effect
of an internet-delivered MBCR (iMBCR) program in women
with breast cancer is limited. Further research is required to
explore the efficacy of an iMBCR program in patients with
breast cancer.

Objectives
In this study, we constructed a 4-week iMBCR program, and
the heuristic framework developed by Barrera and Castro [26]
guided the process of cross-cultural intervention adaptation
[26]. This study aimed to investigate the effectiveness of the
4-week iMBCR program in regard to changes in patients’
symptom burden and HRQoL. We developed the following
hypotheses: (1) women allocated to the iMBCR group would
report greater reductions in symptom burden and improvements
in HRQoL after the intervention and at 1-month follow-up than
those allocated to the control group, and (2) a 4-week iMBCR
program would perform well in terms of adherence and
intervention completion rates.

Methods

Participants
Our study used the following inclusion criteria: (1) women aged
between 18 and 70 years, (2) having a prior diagnosis with
stages 0 to IV breast cancer and aware of their cancer diagnosis,
(3) having completed 1 to 24 months after surgery, (4) with
normal cognitive capacity and functional status (Mini-Mental
State Examination score ≥27 points and Karnofsky performance
status scale score >60 points), and (5) able to operate a
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smartphone and WeChat (the most popular smartphone app
used for communication in China). The exclusion criteria were
as follows: (1) participating in other psychological interventions
or consultations, (2) having a history of mental illness or a
combination of other severe somatic diseases, and (3) refusing
to participate.

Sample size was calculated by power analyses using G*Power
software (version 3.1; Heinrich Heine University). According
to a previous study that explored the effectiveness of the MBCR
program in women with cancer, the effect size for HRQoL
scores was 0.66 [27]. Thus, to predict the difference between
the 2 groups at a 5% level of significance and a power of 0.8,
38 participants were required in each group. Allowing for a
20% attrition rate, an additional 10 participants were needed in
each group. Thus, the total sample size required for this study
was 96, with 48 participants in each group.

Study Design and Randomization
This study was a 2-arm, parallel-group randomized controlled
trial. Randomization was performed after the participants agreed
to participate and signed the informed consent. Patients were
randomly divided into the iMBCR group and the control group
in a 1:1 ratio according to a list of computer-generated random
numbers. To guarantee allocation concealment, an independent
researcher who was not involved in the recruitment performed
the random assignments by delivering an opaque, sealed
envelope to each participant. Because of the nature of the
intervention, participants could not be blinded. The research
assistants who collected the data were blinded to each
participant’s group allocation throughout the study.

Ethics Approval
This study was approved by the institutional review board of
the Xiangya School of Nursing (E2020153), Central South
University, and was registered at the Chinese Clinical Trial
Registry (ChiCTR2000038980).

Recruitment and Data Collection
Participants were recruited at the breast cancer wards of a
tertiary hospital in Changsha, Hunan province, China, between
November 1, 2020, and August 15, 2021. Recruitment was
conducted primarily through referrals from ward nurses and
research posters displayed at the gynecological clinic and wards.
We contacted interested participants to screen them for
eligibility. During this time, 1 researcher used the Mini-Mental
State Examination [28] and Karnofsky performance status scale
[29] to assess each participant’s cognitive and functional status.
Next, we contacted the eligible participants and provided further
information about our study to them. Participants were given
the choice to participate or decline and were informed that they
had the right to withdraw at any time without reprisal. Baseline
data were collected using written questionnaires at the wards
of the hospitals. Postintervention and 1-month follow-up results
were collected through web-based questionnaires. Participants
who attended <2 sessions were considered dropouts.

Intervention

iMBCR Group
Guided by the heuristic framework developed by Barrera and
Castro [26], the original English version of the MBCR program
was translated into Chinese with a cross-cultural adaptation
process. We used the following steps:

1. Information gathering: the goal of this step is to identify
the form and content of needed adaptations, as well as the
characteristics and preferences of potential participants.
We conducted a mixed study. The quantitative study
investigated the supportive care needs, mindfulness levels,
and HRQoL of Chinese patients with cancer. The results
showed that patients with cancer had a high level of
supportive care needs. Health system and information needs
and psychological needs were the top 2 needs of Chinese
patients with cancer. Multiple linear regression analyses
revealed that psychological needs and mindfulness levels
could significantly predict HRQoL in patients with cancer.
This suggested that the HRQoL of patients with cancer
might be improved with mindfulness-based psychological
interventions. The qualitative study was conducted to
understand fully the patients’ cancer-related troubles or
distress or discomfort, what they thought were the main
reasons for these issues, and their attitudes toward
participating in an 8-week psychosocial intervention. The
interviews showed that patients with cancer experienced
numerous symptoms but lacked strategies for coping with
them. In addition, most (6/10, 60%) of the patients felt that
an 8-week intervention course was too long for them.

2. Preliminary adaptation design: we translated the text of the
8-week MBCR program into Chinese and organized an
expert-panel meeting to discuss the content and delivery
format of an MBCR program in the Chinese cultural
context. Combining the results of the previous phase with
those of the expert-panel meeting, we created the
preliminary 8-week web-based MBCR program.

3. Preliminary adaptation tests: we conducted a pilot study to
test the feasibility and acceptability of an 8-week iMBCR
program in patients with breast cancer. The results showed
that the web-based MBCR intervention was acceptable to
the participants, but only 40% (4/10) of the participants
completed the full 8-week session. More than half (7/10,
70%) of the participants felt that the intervention was too
long. Interviews with the participants who completed the
intervention (4/10, 40%) showed that mindful practice
techniques (eg, mindful breathing, body scan meditation,
and mindful walking) were practical for daily life activities,
but yoga exercises were difficult for some (3/4, 75%) of
the patients to complete.

4. Adaptation refinement: on the basis of the problems in the
pilot study and participant feedback, we adjusted the
duration and content of the iMBCR program. Five experts
were invited to evaluate the content importance and
rationality of a 4-week MBCR program. Through 2 rounds
of expert consultations, we constructed the 4-week iMBCR
program. Table 1 presents the detailed contents of the
4-week iMBCR program.
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Table 1. Content of the 4-week mindfulness-based cancer recovery program.

ContentSessions and modules

Session 1: first experience of mindfulness—connecting mind and body

Self-introduction; review of the agenda and content of sessions and main rules; group discussion on
changes and distress caused by cancer

Participative section

Understand the core concepts and related knowledge of mindfulness; develop a mindful attitudeDidactic presentation

Raisin meditation; body scan practiceMindfulness techniques

Guided audio body scan practice; mindful eating; record pleasant and unpleasant eventsHome practice

Session 2: power of awareness—emotion and thought

Recording pleasant and unpleasant events; mindfulness practice experience and body reactionParticipative section

Explain nonjudgmental attitude; self-acceptance of emotions and thoughtsDidactic presentation

Mindful breathing; mindful stretching; sitting meditationMindfulness techniques

Guided audio sitting meditation; mindful breathing; observe individual responses to stressful eventsHome practice

Session 3: stress management and self-compassion

Group discussion: individual responses to stressful events; confusion or discovery in practiceParticipative section

Mindfulness coping with cancer-related symptoms and self-compassionDidactic presentation

Mindful walking; loving-kindness meditation; sitting meditationMindfulness techniques

Guided audio body scan practice; mindful walking; loving-kindness meditationHome practice

Session 4: new life—incorporating mindfulness into daily life

How to bring mindfulness into daily livingParticipative section

Attitude toward mindfulness practices; experience sharing; recommendation of resources for mindfulness
practice

Didactic presentation

“Who am I?” meditation exercise; mindful breathing; mindful stretchingMindfulness techniques

Guided audio sitting meditation; loving-kindness meditationHome practice

The iMBCR group received a 4-week MBCR program (1.5
hours per week) and at least 30 minutes of daily mindfulness
home practice. All participants were invited to scan a
quick-response code to join a WeChat group. We used this
group mainly to send to the participants links to web-based
courses and intervention materials, as well as for instant
web-based communication. Participants were invited to attend
web-based courses on Saturday mornings through a
videoconferencing app (Tencent) extensively used in China.
They were required to use their own smartphone to access the
web-based course, which was also accessible by a desktop
computer. Our assistant provided systematic training on the use
of videoconferencing to ensure that the courses were accessible
to participants. Session attendance was recorded, and all courses
were recorded by video. The course video was provided to those
who were absent for any reason. A Chinese-version MBCR
book and some assisted–mindfulness practice audios were
provided to the participants for home practice. Participants were
asked to use the WeChat applet to make a note after completing
their daily home practice. The intervention was delivered by a
therapist who had completed mindfulness training and had 4
years of experience in teaching MBCR, accompanied by an
assistant with 2 years of experience in mindfulness practice.

Control Group
Participants in the control group received usual care (routine
standard oncology care) and 4 cancer-themed health education

sessions: recognizing stress and managing negative emotions,
coping with the adverse effects of therapy, dietary guidance,
and exercise guidance, which do not involve any mindfulness
component. These 4 sessions were conducted through Tencent.
The number and frequency of web-based courses were the same
as those in the iMBCR group.

Treatment Fidelity
Several strategies were used to ensure treatment fidelity. A
treatment manual specifying the content of each course was
developed, and the interventions were followed strictly. All of
the intervention courses were video recorded, and an investigator
reviewed the video recording after each course to ensure proper
implementation of the treatment manual. Furthermore, our team
met at the end of each intervention week to discuss the
intervention implementation quality.

Measures

Demographic and Clinical Characteristics
A self-designed demographic questionnaire was used to collect
the demographic data of the participants, including age,
education, marital status, employment status, religion, and
meditation and yoga practice experience. Clinical information
included time since diagnosis, stage of breast cancer, and type
of treatment.
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Symptom Burden
The Chinese version of the MD Anderson Symptom Inventory
(MDASI-C) was used to evaluate the severity of symptoms and
symptom interference with daily life [30]. We used the
MDASI-C to evaluate the symptom burden of women diagnosed
with breast cancer. The MDASI-C includes 13 core
symptom-severity items (pain, fatigue, sleep disturbance,
drowsiness, lack of appetite, nausea, vomiting, shortness of
breath, numbness, difficulty remembering, dry mouth, distress,
and sadness) and 6 symptom-interference items (general activity,
walking, work, mood, relations with other people, and
enjoyment of life). Each item was measured using a numeric
rating scale ranging from 0 (not present) to 10 (as bad as I can
imagine) to evaluate the participants’ status over the past 24
hours. The internal consistency for the MDASI-C ranged from
Cronbach α=.84 to Cronbach α=.90 [31].

HRQoL of Women Diagnosed With Breast Cancer
The Chinese version of the Functional Assessment of Cancer
Therapy-Breast (FACT-B) scale was used to assess the HRQoL
of women diagnosed with breast cancer. This is a 36-item
questionnaire that includes the 27 items of general HRQoL
associated with cancer and the 9 items of HRQoL related to
breast cancer. FACT-B comprises the following subscale
domains: physical well-being, social well-being, emotional
well-being, functional well-being, and breast cancer–specific
subscale. Each item was measured using a numeric rating scale
ranging from 0 (not at all) to 4 (very much) to evaluate the
participants’ status over the past week. A higher score indicates
better HRQoL. The test-retest reliability of the Chinese version
of the FACT-B scale ranged from .82 to .89, and the Cronbach
α coefficient ranged from .61 to .84 [32].

Intervention Adherence and Completion
Adherence to the intervention was calculated by dividing the
number of performed training sessions by the number of
recommended training sessions. The 4-week iMBCR program
corresponded with 4 web-based sessions and 28 days of home
practice. Completion was estimated by dividing the number of

consenting participants by the number of participants who
completed the study.

Statistical Methods
Data were analyzed using SPSS software (version 18.0; IBM
Corp). The intention-to-treat analysis was applied. Missing data
(<20%) were handled with the participants’ average response
on the remaining scale items, and the missing data in the
FACT-B questionnaire were treated by the proportion method
per the manual instructions [33]. Descriptive statistics were
applied to calculate the mean and SD for continuous data and
frequency and percentage for categorical data. Baseline
differences between the groups were explored using a chi-square
test or Fisher exact test for categorical variables and a 2-tailed
independent sample t test for continuous variables. Linear mixed
models were used to compare the groups over time on all
outcome variables. The data were hierarchically arranged in a
2-level structure with time at level 1 nested within individuals
at level 2. Fixed effects were specified for intercept, time, group,
and the group×time interaction, whereas the random effect was
the participant. Effect sizes for the mean changes between the
groups were calculated using Cohen d, with 0.2, 0.5, and 0.8
considered a small effect size, medium effect size, and large
effect size, respectively [34]. We assumed a 2-tailed P value of
<.05 to be statistically significant.

Results

Participant Characteristics
A total of 103 participants were recruited; 51 (49.5%)
participants in the iMBCR group and 52 (50.5%) participants
in the control group. The age of the participants ranged from
28 to 67 (average 46.8, SD 7.9) years. The median length of
time since diagnosis was 4 months. The majority (86/103,
83.5%) of the patients were diagnosed with stage II or stage III
breast cancer. No significant differences were detected in the
baseline characteristics between the iMBCR and control groups
(none of the P values met the threshold for statistical
significance). Details are listed in Table 2.
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Table 2. Sociodemographic and clinical characteristics of the participants (N=103).

P valuet test (df) or chi-square value (df)Control group (n=52)iMBCRa group (n=51)Characteristics

.07t (df)=–1.816 (101)48.17 (8.05; 29-64)45.37 (7.59; 28-67)Age (years), mean (SD; range)

.19χ2 (df)=4.798 (3)Education, n (%)

9 (17)18 (35)College or university

21 (40)18 (35)High school or vocational

15 (29)9 (18)Secondary

7 (14)6 (12)≤Primary

>.99χ2 (df)=0.000 (1)Marital status, n (%)

49 (94)49 (96)Married

3 (6)2 (4)Other marital status

.67χ2 (df)=0.816 (2)Employment status, n (%)

30 (58)30 (59)Employed

14 (27)16 (31)Unemployed

8 (15)5 (10)Retired

.23χ2 (df)=1.414 (1)Religion, n (%)

52 (100)48 (94)No

0 (0)3 (6)Yes

.56χ2 (df)=0.344 (1)Experience of meditation practice, n (%)

45 (87)42 (82)No

7 (13)9 (18)Yes

.78χ2 (df)=0.079 (1)Experience of yoga practice, n (%)

38 (73)36 (71)No

14 (27)15 (29)Yes

.14χ2 (df)=3.945 (2)Time since diagnosis, months, n (%)

24 (46)25 (49)≤3

23 (44)15 (29)4 to 12

5 (10)11 (22)≥13

.13χ2 (df)=6.728 (4)Stage of breast cancer, n (%)

1 (2)2 (4)0 (carcinoma in situ)

2 (4)6 (12)I

31 (59)28 (55)II

17 (33)10 (19)III

1 (2)5 (10)IV

Treatment, n (%)

N/AN/Ab52 (100)51 (100)Breast surgery

.98χ2 (df)=0.000 (1)50 (96)48 (94)Chemotherapy

.34χ2 (df)=0.895 (1)12 (23)16 (31)Radiotherapy

.24χ2 (df)=1.412 (1)20 (38)14 (27)Immunotherapy

Baseline psychometric scores, mean (SD)

.67t (df)=0.427 (101)61.44 (19.58)63.12 (20.37)MDASIc
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P valuet test (df) or chi-square value (df)Control group (n=52)iMBCRa group (n=51)Characteristics

.95t (df)=−0.070 (101)82.86 (16.27)82.64 (15.74)FACT-Bd

aiMBCR: internet-delivered mindfulness-based cancer recovery.
bN/A: not applicable.
cMDASI: MD Anderson Symptom Inventory.
dFACT-B: Functional Assessment of Cancer Therapy-Breast.

Intervention Adherence and Completion
Figure 1 shows the flowchart of participants throughout the
study. A total of 100 participants completed all assessments, of
whom 1 (1%) participant was lost from the iMBCR group
(dropout rate=1/51, 2%), and 2 (2%) were lost from the control
group (dropout rate=2/52, 4%). No significant differences were

detected between the lost sample and the sample that completed
all assessments (none of the P values met the threshold for
statistical significance). The mean number of attended iMBCR
courses was 3.6 (SD 0.7; adherence rate=3.6/4, 90%). The mean
number of days of mindfulness home practice was 19.6 (SD
4.6; adherence rate=19.6/28, 70%).

Figure 1. CONSORT (Consolidated Standards of Reporting Trials) flow diagram.
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Effect on Outcomes

Symptom Burden
Statistically significant group×time effects were observed for
MDASI total score (F2,100=9.86; P<.001) and the
symptom-severity subscale (F2,100=11.73; P<.001) between the
iMBCR group and control group, indicating that the MDASI
total score and symptom-severity scores in both groups had
different trends over the 3 time points (Table 3). Compared with
the participants in the control group, those in the iMBCR group
had significantly larger decreases in the MDASI total score
(mean difference –11.67, 95% CI –16.99 to –6.36, Cohen
d=–0.65) and symptom-severity scores (mean difference –8.87,
95% CI –12.54 to –5.21, Cohen d=–0.69) at T1, and the
difference remained significant at T2 (mean difference –11.83,
95% CI –18.19 to –5.46, Cohen d=–0.98 and mean difference

–9.51, 95% CI –14.19 to –4.82, Cohen d=–0.96, respectively).
Table 4 shows the details of mean symptom-severity scores.
Sleep disturbance, fatigue, and pain were the 3 most severe
physical symptoms in both groups at the baseline. Regarding
the between-group comparisons, fatigue was significantly
decreased in the iMBCR group at T1 and T2 (none of the P
values met the threshold for statistical significance), and sleep
disturbance only significantly decreased at T1 (P=.02). The
most severe psychological symptoms were sadness and distress,
and only distress had significantly decreased at T1 (P=.01) in
the iMBCR group compared with the control group.

The group×time interaction for the symptom-interference
subscale was not significant (P=.26). Reductions were also
observed in symptom-interference scores at T1 and T2, but the
difference did not reach statistical significance.
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Table 3. Comparison of symptom burden and health-related quality of life in the experimental and control groups.

Linear mixed model statistical testsCohen dControl group,
mean (SD)

iMBCRa group,
mean (SD)

Scale

Group×timeTime effectGroup effectDifference in mean
change from baseline

between groupsb

P valueF test (df)P valueF test (df)P valueF test (df)P valueScore
(95% Cl)

<.0019.86
(2,100)

<.00165.31
(2,100)

.025.55
(1,95)

MDASIc total score

N/AN/AN/Ae61.44 (19.58)63.12 (20.37)T0d

<.001–11.67
(–16.99 to
–6.36)

–0.6554.78 (16.46)45.11 (13.30)T1f

<.001–11.83
(–18.19 to
–5.46)

–0.9849.13 (10.43)39.14 (9.95)T2g

<.00111.73
(2,100)

<.00169.61
(2,100)

.034.91
(1,102)

MDASI symptom-severity score

N/AN/AN/A43.35 (14.74)45.43 (13.79)T0

<.001–8.87
(–12.54 to
–5.21)

–0.6938.53 (10.43)31.87 (8.85)T1

<.001–9.51
(–14.19 to
–4.82)

–0.9634.27 (7.79)26.92 (7.49)T2

.261.37
(2,121)

<.00120.81
(2,121)

.034.56
(1,161)

MDASI symptom-interference score

N/AN/AN/A18.10 (7.24)17.69 (9.78)T0

.13–2.67
(–6.14 to
0.79)

–0.4416.24 (7.30)13.23 (6.41)T1

.11–2.30
(–5.14 to
0.54)

–0.6714.86 (3.68)12.22 (4.20)T2

<.00114.82
(2,100)

<.00136.49
(2,100)

.016.55
(1,96)

FACT-Bh total score

N/AN/AN/A82.86 (16.27)82.64 (15.74)T0

<.0016.66 (3.43
to 9.90)

0.4884.04 (11.52)90.07 (13.74)T1

<.00111.94 (7.56
to 16.32)

1.2386.52 (10.88)98.00 (7.51)T2

.0075.18
(2,99)

<.00120.48
(2,99)

.171.88
(1,101)

Physical well-being

N/AN/AN/A19.63 (5.41)19.41 (4.23)T0

.0091.50 (0.38
to 2.62)

0.2820.20 (4.66)21.38 (3.60)T1

.0022.31 (0.87
to 3.76)

0.5520.86 (4.76)22.88 (2.02)T2

.122.20
(2,96)

<.00125.42
(2,96)

.530.41
(1,101)

Emotional well-being

N/AN/AN/A15.35 (4.34)15.20 (4.81)T0
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Linear mixed model statistical testsCohen dControl group,
mean (SD)

iMBCRa group,
mean (SD)

Scale

Group×timeTime effectGroup effectDifference in mean
change from baseline

between groupsb

P valueF test (df)P valueF test (df)P valueF test (df)P valueScore
(95% Cl)

.500.35 (–0.66
to 1.36)

0.0416.32 (3.97)16.46 (3.58)T1

.061.38 (–0.05
to 2.81)

0.4217.26 (3.59)18.46 (1.95)T2

.014.89
(2,90)

.0075.25
(2,90)

.083.22
(1,102)

Functional well-being

N/AN/AN/A11.66 (4.77)11.73 (4.74)T0

.031.31 (0.14
to 2.48)

0.4910.10 (4.36)12.36 (4.78)T1

.0032.52 (0.90
to 4.15)

0.7211.48 (4.32)14.06 (2.68)T2

.231.51
(2,96)

.142.02
(2,96)

.132.33
(1,101)

Social well-being

N/AN/AN/A16.86 (5.21)17.19 (5.31)T0

.111.03 (–0.23
to 2.29)

0.3016.58 (3.70)17.87 (4.84)T1

.121.41 (–0.38
to 3.21)

0.5216.98 (3.58)18.69 (3.03)T2

<.00129.33
(2,196)

<.00146.72
(2,196)

<.00133.41
(1,99)

Breast cancer–specific subscale for additional concerns

N/AN/AN/A19.37 (2.39)19.12 (2.42)T0

<.0012.36 (1.26
to 3.47)

0.8819.94 (2.33)22.00 (2.37)T1

<.0014.28 (3.18
to 5.39)

1.7019.94 (2.48)23.92 (2.16)T2

aiMBCR: internet-delivered mindfulness-based cancer recovery.
bDifference in mean change from baseline to end point between the groups.
cMDASI: MD Anderson Symptom Inventory.
dT0: baseline.
eN/A: not applicable.
fT1: after the intervention.
gT2: 1-month follow-up.
hFACT-B: Functional Assessment of Cancer Therapy-Breast.
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Table 4. Details of changes in symptom severity.

Difference in mean change between groupsaSymptom severitySeverity
rank

Symptom

T0-T2T0-T1Control group, mean (SD)iMBCRb group, mean (SD)

P valueScore (95% Cl)P valueScore (95% Cl)T2T1T0T2eT1dT0c

.08–0.71 (–1.52 to
0.09)

.02–0.81 (–1.46 to
–0.16)

3.6 (1.2)4.3 (1.9)4.7 (2.5)3.0 (1.0)3.6 (1.4)4.8 (2.1)1Sleep distur-
bance

.08–0.68 (–1.46 to
0.09)

.06–0.87 (–1.76 to
0.019)

2.8 (1.1)3.5 (1.8)4.2 (2.2)2.6 (0.9)3.1 (1.3)4.6 (2.2)2Sadness

.17–0.52 (–1.26 to
0.22)

.01–0.72 (–1.29 to
–0.16)

3.3 (1.2)3.8 (1.7)4.3 (2.1)2.8 (1.0)3.0 (1.2)4.3 (2.1)3Distress

.04–0.69 (–1.36 to
–0.02)

.01–0.92 (–1.62 to
–0.21)

2.8 (1.1)3.3 (1.5)3.8 (1.9)2.6 (1.1)2.9 (1.3)4.2 (1.9)4Fatigue

.18–0.58 (–1.43 to
0.27)

.40–0.28 (–0.92 to
0.37)

3.1 (1.0)3.2 (1.5)3.9 (2.3)2.2 (1.1)2.6 (1.3)3.6 (2.4)5Pain

<.001–1.10 (–1.76 to
–0.44)

.009–0.95 (–1.66 to
–0.25)

2.8 (1.1)3.0 (1.4)3.4 (1.6)1.9 (0.9)2.5 (1.4)3.9 (2.3)6Drowsiness

.006–1.18 (–2.01 to
–0.35)

<.001–1.07 (–1.71 to
–0.43)

2.4 (1.0)3.0 (1.4)3.3 (2.1)1.6 (0.7)2.3 (1.3)3.6 (2.3)7Lack of ap-
petite

.003–1.07 (–1.76 to
–0.37)

.02–0.68 (–1.25 to
–0.12)

3.1 (1.1)3.4 (1.4)3.3 (1.9)2.5 (1.1)3.0 (1.6)3.4 (1.8)8Dry mouth

.048–0.81 (–1.61 to
–0.01)

.02–0.65 (–1.18 to
–0.09)

2.8 (1.4)3.2 (1.8)3.4 (2.2)1.9 (1.1)2.4 (1.6)3.2 (2.4)9Difficulty re-
membering

.04–0.02 (–0.71 to
0.67)

.14–0.34 (–1.11 to
0.44)

2.2 (1.1)2.7 (1.6)3.2 (1.9)1.9 (0.8)2.1 (1.2)2.9 (1.8)10Numbness

.03–0.85(–1.62 to
–0.08)

.005–0.76 (–1.28 to
–0.24)

2.3 (0.9)2.4 (1.6)2.6 (1.9)1.6 (0.9)1.8 (1.3)2.7 (2.1)11Nausea

.96–0.74 (–1.43 to
–0.05)

.39–0.58 (–1.36 to
0.19)

1.7 (0.8)1.8 (1.4)2.1 (1.5)1.1 (0.5)1.4 (0.8)2.3 (2.1)12Vomiting

.04–0.57 (–1.11 to
–0.03)

.23–0.24 (–0.64 to
0.15)

1.2 (0.7)0.9 (1.1)1.3 (1.4)1.2 (0.6)1.2 (0.9)1.8 (1.3)13Shortness of
breath

aDifference in mean change from baseline to end point between the groups.
biMBCR: internet-delivered mindfulness-based cancer recovery.
cT0: baseline.
dT1: after the intervention.
eT2: 1-month follow-up.

HRQoL Assessment
The results indicated a significant group×time interaction for
the FACT-B total score (F2,100=14.82; P<.001), physical
well-being (F2,99=5.18; P=.007), functional well-being
(F2,90=4.89; P=.01), and the breast cancer–specific subscale
(F2,196=29.33; P<.001). Participants in the iMBCR group had
larger improvements in the FACT-B total score at T1 and T2
than the control group (mean difference 6.66, 95% CI 3.43-9.90,
Cohen d=0.48 and mean difference 11.94, 95% CI 7.56-16.32,
Cohen d=1.23, respectively). Statistical improvements were
also observed in physical well-being, functional well-being,
and the breast cancer–specific subscale at T1 and T2. Emotional
well-being exhibited only a time-based effect (F2,96=25.42;
P<.001), and the difference in mean change between groups
was not significant for T1 and T2. For social well-being, we
found no significant group, time, or group×time interaction

effects, indicating that the effect of the iMBCR program on
patients’ social well-being was not significant.

Discussion

Principal Findings
To our knowledge, this study is the first randomized controlled
trial to investigate the effect of an iMBCR program in Chinese
women diagnosed with breast cancer and adds to the few
available studies on short-term MBIs. We found that the
outcomes of symptom burden and HRQoL were improved
immediately after the intervention, and the effect was maintained
at the 1-month follow-up. This finding demonstrated that the
4-week iMBCR program is effective for women with breast
cancer. Moreover, our intervention demonstrated good
adherence and intervention completion rates.
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Our study found that the MDASI total score in the iMBCR
group had significantly decreased after the intervention and at
1-month follow-up compared with the control group. The
findings supported our first hypothesis that the 4-week iMBCR
program can relieve the symptom burden of women diagnosed
with breast cancer. The results of reduced symptom burden after
the intervention were consistent with a previous face-to-face
6-week group MBSR study in patients with breast cancer [35],
which may indicate that the web-based mindfulness intervention
may have an effect on symptoms that is similar to the effect of
face-to-face interventions. The symptom-severity scores in the
iMBCR group significantly decreased after the intervention.
However, the effect was stronger at 1-month follow-up. The
reasons may be that the severity of symptoms decreased over
time and that the 4-week iMBCR intervention activated the
patients’ mindfulness behavior in daily life. Techniques taught
in iMBCR courses, such as mindful breathing, body scan
meditation, mindful stretching, and sitting meditation, had been
internalized by the patients and could be useful when they
experience symptoms or stressful events in daily life.

Consistent with existing symptom research on patients with
breast cancer, we found that the top 3 severe physical symptoms
at baseline were fatigue, sleep disturbance, and pain [36].
Current systematic reviews have concluded that standard 8-week
MBIs could improve fatigue and quality of sleep in short-term
(end of intervention) to medium-term (up to 6 months after
baseline) effects for women diagnosed with breast cancer
[15,37]. Regarding fatigue, our study found that the 4-week
iMBCR intervention achieved results that were similar to those
of previous studies. However, we did not find significant
reductions in sleep disturbance during follow-up, which may
be due to the fact that the 4-week iMBCR program was not
intended to treat sleep problems and that sleep disturbance was
assessed only by a single item instead of a standard sleep scale.
Similar to previous study results [38,39], we did not find any
significant effects of the iMBCR intervention on pain in patients
with breast cancer.

As expected, the FACT-B total scores and most domain scores
(physical well-being, function well-being, and breast
cancer–specific additional concerns) significantly increased
among the iMBCR group compared with the control group after
the intervention and at 1-month follow-up, indicating that the
4-week iMBCR program could improve patients’ HRQoL. The
postintervention effect sizes for HRQoL found in our study
(Cohen d=0.48) were within the same range as that in a previous
study on a face-to-face standard 8-week group MBSR
intervention for women diagnosed with stages 0 to III breast
cancer (Cohen d=0.60) [40]. This finding suggests that the
4-week iMBCR intervention could achieve an effect on HRQoL
that is similar to that achieved by standard 8-week MBIs. These
results may be caused by multiple reasons. First, the iMBCR
program in this study developed the patients’ capacity for the
intentional self-regulation of attention as well as the attitude
and practice of acceptance, which has been proven to be
effective in reducing negative reactivity and improving
stress-related health outcomes [41]. Meanwhile, the
improvement in the patients’ symptom burden positively
affected the HRQoL [42]. Besides, the group intervention format

provided a path of communication and emotional support for
patients with breast cancer. Social support reportedly predicted
better adjustment to cancer and better quality of life [43].

Unlike previous studies, we found no intervention effect on
emotional well-being [39], which was also reflected in the
results of symptom severity (no intervention effect on sadness,
and distress significantly reduced only during the intervention).
The results of another 4-week MBCR program study also
showed no positive intervention effects on psychological
outcomes (depression and perceived stress) [21]. It seemed that
a short-term mindfulness intervention was more effective for
physical well-being than for emotional well-being, and the
improvement in psychological outcomes required a longer
mindfulness intervention period. Nevertheless, given the relative
scarcity of studies on short-term mindfulness interventions, we
were limited in our ability to draw any conclusion in this regard.

In this study, the attrition rate among the participants in the
iMBCR group (dropout rate=1/51, 2%) was relatively low, and
it was lower than that reported in the standard 8-week MBIs
(typically 20%-30%) [44]. Furthermore, the adherence rate was
high in both iMBCR courses and mindfulness home practice.
These findings confirmed our second hypothesis. Our results
demonstrated that the 4-week mindfulness intervention is
acceptable for patients with breast cancer.

Limitations
This study includes several limitations. First, the completion of
mindfulness home practice relied on the self-reporting of
participants and was calculated by days and not specific practice
minutes. This setup may affect the accuracy of intervention
adherence data because self-reporting is subjective. In a future
study, we will consider using more advanced technology to
record user log-ins or the time spent on the web to measure
intervention completion and adherence rates. Second, the
heterogeneity of the sample with regard to cancer stage and
treatment type may affect symptom burden and HRQoL.
However, the differences in the cancer stages and treatment
types that existed between the 2 groups at baseline were not
statistically significant, which could have reduced the bias to
some extent. Third, the patients in this study were followed up
for only 1 month. We were unable to determine the medium-
or long-term effects of the 4-week iMBCR program on symptom
burden and HRQoL. As such, future research should incorporate
longer follow-up periods to examine the durability of the effects
of an iMBCR program. Fourth, our participants were aged <70
years, and it is unclear whether the program is feasible for, or
would benefit, patients aged >70 years. Finally, because the
study was conducted on the web, patients who did not own
technological devices may have lost the opportunity to
participate in the study.

Research Implications
Our study used a relatively abbreviated intervention and a novel
technology that made the MBCR program more acceptable for
patients with breast cancer. The results were encouraging for
implementing this 4-week web-based mindfulness intervention
to reduce symptom burden and improve HRQoL of patients
with cancer. However, because of the short follow-up period in
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this study, a long-term follow-up study is required to confirm
the results more precisely. Our findings also provided evidence
for eHealth services for patients with breast cancer and the effect
of short-term MBIs. Future research is warranted to continue
the investigation on the mechanisms of change in short-term
web-based MBCR interventions. Researchers should examine
the efficacy of the components of mindfulness and emphasize
not only the techniques but also to what extent they are effective.
They should also determine how much exposure to the
intervention is needed to efficiently develop a feasible and
effective program that increases its accessibility for a larger
number of clinical populations.

Conclusions
Our study explored the effect of a 4-week iMBCR program in
patients with breast cancer. The 4-week iMBCR program
showed positive effects for symptom burden and HRQoL
immediately after the intervention and at 1-month follow-up,
and our intervention also demonstrated good adherence and
completion rates. This low-cost web-based intervention can be
more acceptable for patients and be easily translated into clinical
practice to reach numerous patients. Further studies are
warranted to explore the long-term effects of, and mechanisms
of change in, short-term web-based MBCR interventions.
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Abstract

Background: Neonatal hyperbilirubinemia is one of the leading causes of neonatal readmission—especially severe
hyperbilirubinemia and its complications—and it influences disease burden as well as neonatal and maternal health. Smartphones
have been shown to have satisfactory accuracy in screening neonatal bilirubin levels, but the impact of this technology on neonatal
health care service and maternal health outcomes is still unknown.

Objective: The aim of this study was to evaluate the impact of a smartphone-based out-of-hospital neonatal jaundice screening
program on neonatal readmission rates for jaundice and related maternal anxiety.

Methods: This was a 2-arm, unblinded, randomized controlled trial with 30 days of intervention and follow-up periods. From
August 2019 to August 2020, healthy mother-infant dyads were recruited on-site from 3 public hospitals in Hainan, China.
Intervention group mothers used the smartphone app to routinely monitor neonatal jaundice at home under the web-based guidance
of pediatricians. Control group participants received routine care. The primary study outcome was the neonatal readmission rate
due to jaundice within 30 days of the first hospital discharge. The secondary outcome was the maternal anxiety score associated
with neonatal jaundice. The data were collected through a self-assessed questionnaire. All participants were included in the
analysis (intention-to-treat).

Results: In this study, 1424 mother-infant dyads were recruited, comprising 1424 mothers and 1424 newborns. The median age
of the mothers was 29 (IQR 26-32) years, and there were 714 (50.1%) male neonates. These mother-infant dyads were randomly
assigned to the intervention group and the control group, with 712 dyads in each group; only 1187 of these dyads completed the
follow-up. We found that the adjusted 30-day neonatal readmission rate due to jaundice reduced by 10.5% (71/605, 11.7% vs
141/582, 24.2%; 95% CI 5%-15.9%; odds ratio 0.4, 95% CI 0.3-0.5; P<.001) and the relevant maternal anxiety mean score
decreased by 3.6 (95% CI –4.4 to –2.8; β=–3.6, 95% CI –4.5 to –2.8; P<.001) in the intervention group compared to those in the
routine care group.

Conclusions: Our study shows that the smartphone-based out-of-hospital screening method for neonatal hyperbilirubinemia
decreased the neonatal readmission rate within 30 days from the first discharge and improved maternal mental health to some
degree, thus demonstrating the usefulness of this screening app for follow-up in pediatric care.
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Trial Registration: China Clinical Trial Registration Center, ChiCTR2100049567;
http://www.chictr.org.cn/showproj.aspx?proj=64245

(J Med Internet Res 2022;24(11):e37843)   doi:10.2196/37843
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Introduction

Neonatal hyperbilirubinemia (or neonatal jaundice) is a clinical
condition in which the skin, sclera, and mucous membranes
become yellowish as a result of elevated serum bilirubin levels
caused by abnormalities in bilirubin metabolism [1]. It is a
common condition in the neonatal period, particularly in the
first 2 weeks of birth, and influences approximately 60%-80%
of newborns globally [2]. About 8%-9% of infants are diagnosed
with severe hyperbilirubinemia in the first week of life, which
affects about 1.1 million newborns annually [3,4]. Some cases
may develop into acute bilirubin encephalopathy or nuclear
jaundice, causing irreversible neurological damage, and even
threatening the life of the child [5,6]. Neonatal
hyperbilirubinemia is one of the leading causes of neonatal
readmission [7]. In most cases, neonatal jaundice is
physiological and always subsides spontaneously [8], but
patients with severe hyperbilirubinemia and its complications
should be hospitalized [9]. In addition, neonatal jaundice not
only increases neonatal pain but also raises the stress levels of
the parents, especially the mother [7]. Coupled with their lack
of knowledge about this disease and the nursing methods, this
disease may have a great impact on infant rehospitalization
[10,11].

Early identification of high-risk neonates, appropriate
follow-ups, and timely intervention contribute to preventing the
deterioration of neonatal hyperbilirubinemia [12], thereby
reducing neonatal readmission to hospitals and the consumption
of health care resources [13]. Although hyperbilirubinemia
screening recommendations should be based on risk factors
according to the American Academy of Pediatrics [14], they do
not obviate the need for universal evaluation of jaundice in the
neonatal period [15]. The increasingly short postpartum length
of hospital stay of newborns make follow-up monitoring after
discharge to home extremely important [16]. The gold standard
for the diagnosis of neonatal jaundice is total serum bilirubin
(TSB) levels, but it requires specialized testing equipment in
the hospital, as invasive procedures increase infant pain [17].
Transcutaneous bilirubinometry (TcB) measurement has been
proven to be feasible and noninvasive, but the high cost of TcB
meters limit its wide application, particularly in out-of-hospital
settings [18,19]. Therefore, it is usually difficult to perform
TSB and TcB measurements for most families. Concurrently,
the serious underfunding of the health workforce in most
low-income countries [20] and the global shortage of health
resources, especially pediatricians, have made postpartum
follow-up carried out by health care professionals challenging.
Therefore, it is necessary to investigate a convenient way to
screen neonatal jaundice that does not entirely rely on medical

professionals but can be performed by parents at home at any
time.

Mobile communication devices have been widely used in the
health care sector [21]. Such emerging information technologies
may help overcome the barriers existing in the routine
monitoring of neonatal jaundice. Several clinical trials have
found that smartphone-based jaundice testing is accurate and
cost-effective in identifying neonates with high levels of TSB
[7,22-25]. However, mobile technology has not yet been
formally used in jaundice screening practices. So far, there is
no high-quality evidence to confirm the actual effectiveness of
out-of-hospital jaundice screening by using smartphone apps,
such as the effects on neonatal health care services and maternal
health outcomes. On the basis of routine care, we have
established a smartphone-based, family-physician collaborative
mechanism for an out-of-hospital jaundice screening program.
We performed a randomized controlled trial (RCT) to evaluate
whether this smartphone-based intervention could reduce the
30-day neonatal readmission rates and maternal anxiety
compared with the routine care.

Methods

Study Design
This study was an unblinded, parallel-assignment RCT
conducted at 3 public hospitals in Hainan, China from August
2019 to September 2020. Participants were randomly assigned
to either the smartphone-based intervention group or the routine
care control group and were followed up for 30 days
(Multimedia Appendix 1).

Ethics Approval
The ethics committee of the Hainan Women and Children’s
Medical Center in Hainan approved the trial protocol
(institutional review board approval HNWCMC201605), and
all participants provided written informed consent. The trial
registration number is ChiCTR2100049567 in the China Clinical
Trial Registration Center database.

Study Participants
Neonates born in Hainan Women and Children’s Medical
Center, Wanning People’s Hospital, and Chengmai People’s
Hospital and their mothers were recruited as participants. All
mother-infant dyads met the hospital discharge criteria as judged
by the bedside doctor, and they were about to be discharged
home. The eligible mother was at least 16 years old with clear
understanding and communication skills, owned a smartphone,
and was able to use it. Exclusion criteria included multiple births
(eg, twins); neonates with congenital disease, perinatal asphyxia,
neonatal infection, hemolytic disease (positive Coombs test),
or other serious organ damage; or family not living in Hainan
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within the study period. Qualified mother-infant dyads were
identified and screened face-to-face by trained obstetric nurses
prior to discharge from the hospital. All enrolled persons were
aware of the trial objective and process, and written informed
consent was obtained from mothers at study entry.

Randomization and Masking
After baseline information was collected, the trained obstetric
nurses carried out simple randomization (draw of lots) and
allocated each mother-infant dyad to the intervention and control
groups. Because of the nature of the intervention, it was not
possible to blind participants or the pediatric nurses who were
responsible for participant recruitment and follow-up.

Comparison Condition
Participants randomized to the control group received routine
care. Under the National Basic Public Health Service Program
in China [26], the primary health care institutions conduct
newborn home visits (within 1 week of hospital discharge) and
full-term health management for newborns (28-30 days after
birth). Neonates with high risk factors such as low birth weight
and prematurity are visited more frequently according to the
actual situation.

Intervention
Participants randomized to the intervention group received
routine care and the smartphone-based, family-physician
collaborative neonatal jaundice screening program, that is, under
the remote guidance of a pediatrician, mothers routinely
monitored neonatal jaundice at home by using a smartphone
app. The jaundice mobile monitoring app used in this study is
a publicly available, free downloadable software in China that
allows remote, noninvasive, and self-service jaundice monitoring
and early warnings. It is used in combination with a jaundice
colorimetric card, which is required to be placed on the chest
of the child. After judging the image quality, light environment,
and skin area, the app will automatically scan and take photos
to obtain a clear image of the newborn skin. Once the cloud
server receives the image data, the jaundice value will be
automatically calculated and displayed (automated image-based
bilirubin test), along with an indication of the risk level of
neonatal jaundice (low risk, 2.6-10.1 mg/L; medium risk,
10.2-17.1 mg/L; high risk: ≥17.2 mg/L). A clinical trial
conducted to evaluate the screening accuracy of this app found
strong concordance between automated image-based bilirubin
test and TSB levels (r=0.97) [22].

Intervention group mothers received free appropriative jaundice
colorimetric cards and installed the jaundice mobile monitoring
app on their smartphones at hospital discharge. They were
instructed by trained obstetric nurses about the data uploading
method. They were required to detect neonatal bilirubin values
by using the app, when needed, after returning home. We
assigned each mother a pediatrician from the hospital where the
delivery took place and bound the mother’s and the doctor’s
versions of the jaundice mobile monitoring app together; both
parties could use the app platform for communication and
consultation. Pediatricians would be able to access the dynamic
changes and risk prompts of neonatal bilirubin values
synchronously, so as to judge the infants’ situation and guide

the mother to take the correct preventive measures. If neonatal
bilirubin level was considered to be at a high-risk level or the
condition was quite severe, the pediatrician would alert the
mother to bring the child to the hospital for further examination
and specialist treatment. In addition, pediatricians would
supervise and remind mothers to measure newborn infants’
jaundice level every day through the app.

Outcome Measures
On the 31st day after the mother-infant dyad was discharged
from the hospital, the maternal and neonatal outcomes were
collected by trained obstetric nurses through telephone
follow-up, and the last questionnaire survey was completed in
September 2020. The primary outcome was the neonatal
readmission rate due to jaundice, which was defined as the ratio
of the number of neonates readmitted to hospitals for jaundice
within 30 days of the first discharge to the total number of
neonates in each group. Mothers were asked to answer, “Has
your baby gone to the hospital again because of jaundice in the
past 30 days?” and the corresponding options were yes or no.
The secondary outcome was the maternal anxiety score
associated with neonatal jaundice, which was measured by a
self-designed scale (Multimedia Appendix 2). The scale
consisted of 10 items with a 4-level scoring method and from
“never happened” to “always happened;” the scores were coded
with 1 to 4 points, respectively. The higher the total score (range
10-40 points), the more serious was the anxiety. It has good
internal consistency, with Cronbach α=.91. Questions were
answered by mothers whose neonates developed jaundice after
discharge to home. In addition, the intervention group mothers
were also asked to rate the jaundice mobile monitoring app in
5 aspects (ie, convenience, trustworthiness, recommendation,
generalizability, and satisfaction) to assess the acceptability of
the app. At recruitment, maternal and neonatal basic
demographic characteristics were collected through a
self-assessed questionnaire. Maternal anxiety score associated
with neonatal jaundice was also included, and the assessment
tool was the same as that used for the secondary outcome.
Mothers whose neonates developed jaundice at baseline could
respond to that scale.

Sample Size
A sample size calculation was performed based on the primary
outcome. Based on previous studies [27,28] and our hypothesis
that the 30-day neonatal readmission rate due to jaundice would
relatively reduce by 50% in this trial as well as considering
about 10% attrition rate, we estimated that about 600 neonates
were needed for each group to ensure that the difference could
be detected at 80% power (α=.05, 2-sided), that is, there was a
total requirement of 1200 mother-infant dyads at least.

Statistical Analysis
All analyses followed the intention-to-treat principle, including
all the randomly assigned mother-infant dyads. We examined
the distributions of the baseline characteristics by using
descriptive statistics and Pearson chi-square test; 2-sided Student
t test and Wilcoxon rank sum test were applied to compare the
difference between the 2 groups. We conducted analyses using
a binary logistic regression model for primary outcomes and a
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multiple linear regression model for secondary outcomes and
reported the odds ratio (OR), regression coefficient (β), and
95% CIs. We adjusted all the models for observed baseline
maternal and neonatal characteristics (ie, maternal age,
nationality, education level, employment status, medical
insurance, residence, convenience of access to health care,
economic status and neonatal gender, gestational age, birth
weight, feeding patterns, parity, status of jaundice before
discharge, and delivery method). We added some post hoc
analyses. First, based on least squares regression and identity
link function, the generalized linear models were used to enable
estimation of the adjusted risk difference for binary outcomes
and adjusted mean difference for continuous outcomes. Besides,
we fitted a linear mixed-effects repeated measures model to
maternal anxiety scores at baseline and follow-up, thus capturing
whether the improvement in the smartphone-based intervention
group was greater than that in the control group. Sensitivity
analyses were performed to assess the robustness of the primary
and secondary outcome analysis. We performed multivariate

imputation by using chained equations to impute all missing
data, including outcomes that were not followed up. All
statistical analyses were conducted using SAS version 9.4 (SAS
Institute) and R version 4.0.3 (R Development Core Team), and
all hypothesis tests were 2-sided with a significance level of
.05.

Results

Overview
From August 2019 to August 2020, we screened 5635
mother-infant dyads in 3 public hospitals and 1424 dyads were
eligible (Figure 1). Among them, 712 were randomly classified
into the smartphone-based intervention group and 712 into the
routine-care control group. On the 31st day of the intervention,
605 intervention group and 582 control group mother-infant
dyads were followed up, as they were available for the analysis;
others were lost because of refusal to follow-up, dropouts, etc,
with a total retention rate of 83.4% (1187/1424).

Figure 1. Consolidated Standards of Reporting Trials (CONSORT) diagram for this study.

Baseline Data
The median age of the mothers was 29 (IQR 26-32) years;
32.3% (460/1424) of the mothers lived in the rural areas, and
the mean maternal anxiety score associated with neonatal
jaundice was 19.6 (SD 6.3) (Table 1). Of the 1424 neonates,
714 (50.1%) were males, 899 (63.1%) were born through natural

delivery, and 1062 (74.6%) were breastfed (Table 2). The
baseline characteristics were well-balanced between the control
and the intervention groups. Moreover, similar demographic
characteristics were observed between those who completed
this trial and those who did not complete this trial (Multimedia
Appendix 3).
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Table 1. Baseline characteristics of the mothers.a

Control group
(n=712)

Intervention group
(n=712）

Overall (N=1424)Variables

29 (26-32)29 (26-32)29 (26-32)Age (years), median (IQR)

Nationalityb, n (%)

668 (93.8)670 (94.4)1338 (94.1)Han nationality

44 (6.2)40 (5.6)84 (5.9)Minority

Education level, n (%)

186 (26.1)190 (26.7)376 (26.4)Junior high school or below

165 (23.2)167 (23.5)332 (23.3)High school or technical secondary school

168 (23.6)170 (23.9)338 (23.7)Junior college

193 (27.1)185 (26)378 (26.5)Undergraduate or above

Employment statusc, n (%)

319 (44.8)315 (44.3)634 (44.6)Formally employed

44 (6.2)33 (4.6)77 (5.4)Temporary employed

349 (49.1)363 (51.1)712 (50)Unemployed

Medical insuranced, n (%)

633 (88.9)621 (87.5)1254 (88.2)Yes

79 (11.1)89 (12.5)168 (11.8)No

Residence, n (%)

485 (68.1)479 (67.3)964 (67.7)Urban

227 (31.9)233 (32.7)460 (32.3)Rural

Convenience of access to health caree, n (%)

630 (88.5)616 (86.8)1246 (87.6)Yes

82 (11.5)94 (13.2)176 (12.4)No

Economic statusf, n (%)

68 (9.6)25 (3.5)51 (3.6)High income

618 (86.8)612 (86.1)1230 (86.5)Middle income

26 (3.7)74 (10.4)142 (10)Low income

19.42 (6.3)19.79 (6.3)19.61 (6.3)Maternal anxiety scoreg, mean (SD)

aP values were obtained using 2-sided Student t test or Wilcoxon rank sum test for continuous and χ2 test for categorical variables; all P>.05.
bNationality was unknown for 2 intervention group mothers.
cEmployment status was unknown for 1 intervention group mother.
dMedical insurance was unknown for 2 intervention group mothers.
eConvenience of access to health care represents self-assessed convenience of access to health care facilities from residence by mothers; this was
unknown for 2 intervention group mothers.
fEconomic status was unknown for 1 intervention group mother.
gIncluding mothers whose children developed jaundice at baseline (604 in the intervention group, 608 in the control group, as shown in Table 2).
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Table 2. Baseline characteristics of the neonates.a

Control group (n=712)Intervention group (n=712）Overall (N=1424)Variables

Gender, n (%)

352 (49.4)362 (50.8)714 (50.1)Male

360 (50.6)350 (49.2)710 (49.9)Female

39.1 (38.6-40.0)39.1 (38.43-39.86)39.1 (38.57-39.9)Gestational ageb (weeks), median (IQR)

3200 (2900-3450)3150 (2950-3450)3200 (2900-3450)Birth weightc (grams), median (IQR)

Feeding patternsd, n (%)

539 (75.8)523 (73.5)1062 (74.6)Breastfeeding

15 (2.1)13 (1.8)28 (2)Nonbreastfeeding

157 (22.1)176 (24.7)333 (23.4)Mixed feeding

Parity, n (%)

313 (44)317 (44.5)630 (44.2)First child

339 (47.6)338 (47.5)677 (47.5)Second child

60 (8.4)57 (8)117 (8.2)Third child or later

Status of jaundice before dischargee, n (%)

103 (14.5)108 (15.2)211 (14.8)Not present

608 (85.5)604 (84.8)1212 (85.2)Present

Delivery method, n (%)

482 (67.7)476 (66.9)899 (63.1)Natural delivery

230 (32.3)236 (33.2)466 (32.7)Cesarean section

aP values were obtained using 2-sided Student t test or Wilcoxon rank sum test for continuous and χ2 test for categorical variables; all P>.05.
bGestational age was unknown for 1 intervention group neonate and 1 control group neonate.
cBirth weight was unknown for 2 intervention group neonates and 2 control group neonates.
dFeeding pattern was unknown for 1 control group neonate.
eStatus of jaundice before discharge represents if the neonate developed jaundice at baseline; this was unknown for 1 control group neonate.

Primary Outcome
Within 30 days of the first hospital discharge, 68.1% (412/605)
and 70.1% (408/582) of the neonates in the intervention and
control groups, respectively, who were successfully followed
up showed jaundice symptoms, with no statistical difference
between the 2 groups. In comparison with the control group,
the smartphone-based intervention group was significantly

associated with a decrease (141/582, 24.2% vs 71/605, 11.7%,
respectively; risk difference=12.5%, 95% CI 8.2%-16.8%) in
the neonatal readmission rate due to jaundice (OR 0.4, 95% CI
0.3-0.6). After adjusting the model, our intervention remained
observably effective in reducing the risk of readmission (OR
0.4, 95% CI 0.3-0.5), although the degree of reduction was
smaller than before (risk difference=10.5%, 95% CI 5%-15.9%)
(Table 3).
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Table 3. Differences in the primary and secondary outcomes between the 2 groups.

AdjustedUnadjustedControl
group
(n=582)

Intervention
group
(n=605)

Outcomes

Differencea (95% CI)Odds ratio (95% CI) or
β (95% CI)

Differencea (95% CI)Odds ratio (95% CI) or
β (95% CI)

10.5% (5% to 15.9%)0.4 (0.3 to 0.5)b12.5% (8.2% to 16.8%)0.4 (0.3 to 0.6)b141 (24.2)71 (11.7)Primary out-
come, n (%)

–3.6 (–4.4 to –2.8)–3.6 (–4.5 to –2.8)b–3.7 (–4.6 to –2.9)–3.7 (–4.6 to –2.9)b20.5 (7.4)16.8 (4.2)Secondary out-

comec, mean
(SD)

aDifference represents risk difference for primary outcome and mean difference for secondary outcome. Risk difference represents the absolute value
of the difference in the neonatal readmission rates between the 2 groups. Mean difference represents the difference in the mean maternal anxiety scores
between the 2 groups.
bP<.001 P values were from the odds ratio of the binary logistic regression model and β values were of the multiple linear regression model, with the
control group as reference. The primary outcome was neonatal readmission. The secondary outcome was maternal anxiety score due to neonatal jaundice.
cIncluding mothers whose children developed jaundice symptoms after hospital discharge (intervention group, n=412; control group, n=408).

Secondary Outcome
Maternal anxiety scores associated with neonatal jaundice in
the smartphone-based intervention group were apparently lower
than those in the control group (mean difference=–3.7, 95% CI
–4.6 to –2.9). The adjusted model showed a similar intervention
effect (mean difference=–3.6, 95% CI –4.5 to –2.8) (Table 3).
We performed a post hoc analysis to examine whether
improvement in maternal anxiety could be explained by
underlying temporal trends. There were 347 neonates in the
intervention group and 348 in the control group who developed

jaundice both at baseline and during the intervention period
follow-up. For these participants, maternal anxiety is shown in
Figure 2. From baseline to the 31st day of follow-up, the mean
maternal anxiety score in the intervention group reduced by 4.1
(95% CI –4.9 to 3.4); however, that in the control group slightly
increased by 1.4 (95% CI 0.5-2.4). After follow-up, the maternal
anxiety score in the intervention group was significantly lower
than that in the control group (adjusted difference=–4.2, 95%
CI –5.1 to –3.3). The results in the sensitivity analysis were
similar to the above main results (Multimedia Appendix 4).

Figure 2. Changes in the adjusted mean maternal anxiety score from baseline to the 31st day of follow-up (n=695). Points and error bars show the least
squares mean and 95% CIs, respectively, that were derived from the adjusted linear mixed-effects repeated measures model.

Evaluation of the Jaundice Mobile Monitoring App
More than half of intervention group mothers rated the jaundice
mobile monitoring app as relatively or very convenient (331/580,
57.1%) and relatively or very credible (295/597, 51%) in
measuring their child’s jaundice. Approximately 87.1%
(504/579) of the mothers were willing to recommend this app
to people in need, and 87.7% (508/579) held a positive attitude
toward the necessity of promoting this app on a wide scale. In

terms of satisfaction, only 11.1% (64/579) of the mothers
showed dissatisfaction with the app (Multimedia Appendix 5).

Discussion

Principal Findings
In this smartphone-based RCT, we found that the intervention
had a significant impact on reducing the neonatal readmission
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for jaundice within 30 days of the initial discharge, wherein the
readmission rate in the intervention group was 10.5% (95% CI
5%-15.9%) lower than that in the control group. In contrast with
those in the control group, maternal anxiety symptoms induced
by neonatal jaundice were also less severe in mothers who had
installed and used the jaundice mobile monitoring app.
Following-up monitoring of neonatal bilirubin levels is
conducive to improving the outcome of neonatal
hyperbilirubinemia, including reducing readmission rates
[13,29,30]. One RCT implemented in China suggested that the
neonatal readmission rate for hyperbilirubinemia was lower
when neonatal TcB was regularly monitored by neonatologists
compared with the control group wherein regular monitoring
was absent (1.3% vs 3.3%, respectively) [31]. Another
Australian study used TcB screening and visual assessment to
detect the bilirubin levels of apparently healthy newborns before
discharge and found that the former was capable of controlling
neonatal readmission risk for hyperbilirubinemia (risk ratio
0.25, 95% CI 0.14-0.46) [27]. These studies were mostly based
on TcB measurements, wherein parents and infants were asked
to head to the follow-up clinic of the hospital or primary health
care center on a specified date. The smartphone-based
intervention in this trial emphasized more on the screening for
neonatal jaundice at home, which may decrease the physical
fatigue in mothers caused by repeated visits to the hospital. Our
finding was consistent with the above studies basically [27,31],
with positive effects in lessening neonatal readmission.

According to some surveys, the shorter the average length of
postpartum hospital stay, the higher was the risk of 30-day
neonatal readmission [32-34]. One possible reason for this is
that both the time spent on neonatal health monitoring and the
time parents received guidance from health care professionals
are shortened due to the reduced length of postpartum hospital
stay, with the consequence that parents may not have sufficient
knowledge and confidence to cope with child's various health
problems and thus increasing the corresponding health
investment, such as hospital readmission [33]. Neonatal bilirubin
levels usually peak at 96 hours of life when most infants have
returned home, and jaundice symptoms may appear again after
subsiding [35]. Nearly 70% of the newborns in our study
developed jaundice after hospital discharge. Therefore,
subsequent screening of neonatal jaundice is extremely
necessary for mother and child. The smartphone-based
intervention allowed mothers to observe the child’s bilirubin
levels at home at any time and acquire professional web-based
guidance from pediatricians, which played an essential role in
boosting parental confidence and thus avoiding some
unnecessary hospital admissions.

Our intervention has proved to be effective in maintaining
maternal mental health. Other studies have shown that
family-centered parent-involved daily neonatal health care is
positively associated with clinical benefits for infants (decreased
readmission rate) and improved parental outcomes (decreased
anxiety, depression, and stress) [36,37]. In addition, reducing
neonatal readmission rate prevents separation of the mother and
infant, thereby relieving the maternal emotional stress associated
with it [13]. The mother’s psychological status, in turn, affects
the risk of infant rehospitalization. A previous study has shown

that mothers with high anxiety traits were nearly 3 times more
likely to take their babies to the hospital than their counterparts
[11]. Thus, psychosocial support for mothers could reduce the
readmission rates of healthy newborns [38]. The intervention
in this study eased maternal negative emotions in the face of
neonatal jaundice, which might control newborn readmission
indirectly and allow them to experience less pain. It should be
noted that mothers who did not receive the intervention had
significantly higher anxiety scores after hospital discharge
compared to baseline, which possibly, in part, could be because
they were away from their health care providers and not able
to keep track of the child’s health accurately. This indicates that
we should enhance the maternal awareness of neonatal jaundice
and provide them with adequate psychological comfort in the
future management of neonatal hyperbilirubinemia.

The application of the smartphone app in the monitoring of
neonatal jaundice fits in with the widespread use of mobile
technology currently; the global internet usage rate has reached
65.6% as of March 31, 2021 [39]. The previous cost-benefit
analysis found that for every ¥1 invested in the
smartphone-based out-of-hospital screening program for
neonatal jaundice, ¥18.76 was saved in the treatment cost of
postdischarge neonatal jaundice (the average conversion rate
at the time of the study in 2021 was US $1=¥6.4515) [40]. The
low cost and high accessibility of the jaundice mobile
monitoring app make this technology feasible for patients with
medical conditions and lack of access to treatment in
resource-poor regions. Moreover, this family-centered jaundice
monitoring app may contribute to alleviating the shortage of
pediatric specialists, thereby promoting the implementation of
a basic public health service program.

Although this jaundice mobile monitoring app can be regarded
as a good auxiliary screening tool for neonatal jaundice in some
cases, there is greater scope for improving its acceptability,
because the proportion of mothers who explicitly expressed
satisfaction with the app was less than 50%. The potential reason
for this low satisfaction rate may be that the app was developed
by a non–health care provider, leading to some concerns about
the accuracy and credibility of its information. In this regard,
we suggest that on the premise of ensuring the quality of
jaundice screening technology, telemedicine guidance from
health care professionals should be facilitated and related units
should optimize their publicity and promotion strategies.

Strengths and Limitations
This study, to our knowledge, is the first RCT to analyze the
effects of a smartphone app on neonatal health resource
utilization and maternal mental health. Another strength of this
study is the inclusion of large samples and enough statistical
power to test the effects of the intervention.

Although our research results have important clinical
implications, several limitations should be recognized. First, as
we did not restrict the hospitals to which participants were
readmitted, it was not possible to obtain and check all neonates’
visit records in the 3 study hospitals; therefore, self-reported
data were uniformly used in all outcomes. Although some recall
bias was inevitable, the short follow-up period (only 30 days)
and the fact that parents usually attach importance to neonatal
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health and remember relatively well whether their child visited
a doctor again minimized the recall bias. Second, due to the
unavailability of the return visit records, we could not assess
whether our intervention increased the readmission rates related
to worsening neonatal hyperbilirubinemia, despite a significant
drop in the overall rate. However, our intervention approaches
are unlikely to delay admission to hospital for serious jaundice
under the guidance of pediatricians. Finally, the trial was limited
by the study site in comparison to that in other reports
[27,28,31]. The 30-day neonatal readmission rate due to jaundice
was higher in our study compared to that reported in previous
studies [13,27,28,41]. This is partly due to inconsistent
postdischarge follow-up periods across studies and due to the
high prevalence of neonatal hyperbilirubinemia in Hainan,
China—a region with a population with severe erythrocyte
glucose-6-phosphate dehydrogenase deficiency [42,43]. This

factor may affect the applicability of our findings to other
populations. Therefore, it is necessary to validate the
effectiveness of this intervention in a larger sample or in a
cross-cultural context.

Conclusion
Our study showed that a smartphone-based jaundice screening
app was effective for decreasing the risk of neonatal readmission
due to jaundice within 30 days of discharge from hospital and
the related maternal anxiety. Smartphones are becoming
increasingly used around the world widely, as they are highly
accessible and can act as low-cost, self-service testing tools for
measuring neonatal bilirubin levels. More studies are needed
to analyze the effectiveness of this intervention and to ensure
large-scale implementation in other settings, subject to adequate
resources.

 

Acknowledgments
This work was supported by the National Natural Science Foundation of China (grant 71663016), Hainan Province Clinical
Medical Center, and the Excellent Talent Team of Hainan Province (QRCBT202121). The funder had no role in the design and
conduct of the study; collection, management, analysis, and interpretation of the data; preparation, review, or approval of the
manuscript; and the decision to submit the manuscript for publication. We appreciate all the medical staff in the Hainan Women
and Children’s Medical Center, Wanning People’s Hospital, and Chengmai People’s Hospital for their active cooperation in this
study.

Authors' Contributions
QY, YG, and QL contributed equally. LF and YG are joint corresponding authors. LF, XY, YG, QL, and QY conceptualized and
designed the study. QL, HW, JF, KX, YH, CH, and LF collected the data, which were supervised by LF and YG. QY, QL, and
YG analyzed and interpreted the data. QY, QL drafted the paper, QY, YG mainly completed the paper revision. All authors
involved in revising the manuscript for important intellectual content and approved the final paper.

Conflicts of Interest
None declared.

Multimedia Appendix 1
CONSORT-eHEALTH checklist (V 1.6.1).
[PDF File (Adobe PDF File), 802 KB - jmir_v24i11e37843_app1.pdf ]

Multimedia Appendix 2
Items of the self-designed maternal anxiety due to neonatal jaundice scale.
[PDF File (Adobe PDF File), 55 KB - jmir_v24i11e37843_app2.pdf ]

Multimedia Appendix 3
Differences in the demographic characteristics between participants who completed and did not complete the trial.
[PDF File (Adobe PDF File), 63 KB - jmir_v24i11e37843_app3.pdf ]

Multimedia Appendix 4
Sensitivity analyses.
[PDF File (Adobe PDF File), 69 KB - jmir_v24i11e37843_app4.pdf ]

Multimedia Appendix 5
Evaluation of the jaundice mobile monitoring app.
[PDF File (Adobe PDF File), 68 KB - jmir_v24i11e37843_app5.pdf ]

References

J Med Internet Res 2022 | vol. 24 | iss. 11 | e37843 | p.341https://www.jmir.org/2022/11/e37843
(page number not for citation purposes)

Yan et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

jmir_v24i11e37843_app1.pdf
jmir_v24i11e37843_app1.pdf
jmir_v24i11e37843_app2.pdf
jmir_v24i11e37843_app2.pdf
jmir_v24i11e37843_app3.pdf
jmir_v24i11e37843_app3.pdf
jmir_v24i11e37843_app4.pdf
jmir_v24i11e37843_app4.pdf
jmir_v24i11e37843_app5.pdf
jmir_v24i11e37843_app5.pdf
http://www.w3.org/Style/XSL
http://www.renderx.com/


1. Olusanya BO, Kaplan M, Hansen TWR. Neonatal hyperbilirubinaemia: a global perspective. The Lancet Child & Adolescent
Health 2018 Aug;2(8):610-620. [doi: 10.1016/s2352-4642(18)30139-1]

2. Mitra S, Rennie J. Neonatal jaundice: aetiology, diagnosis and treatment. Br J Hosp Med (Lond) 2017 Dec 02;78(12):699-704.
[doi: 10.12968/hmed.2017.78.12.699] [Medline: 29240507]

3. Bhutani VK, Zipursky A, Blencowe H, Khanna R, Sgro M, Ebbesen F, et al. Neonatal hyperbilirubinemia and Rhesus
disease of the newborn: incidence and impairment estimates for 2010 at regional and global levels. Pediatr Res 2013 Dec;74
Suppl 1:86-100 [FREE Full text] [doi: 10.1038/pr.2013.208] [Medline: 24366465]

4. Smitherman H, Stark AR, Bhutani VK. Early recognition of neonatal hyperbilirubinemia and its emergent management.
Semin Fetal Neonatal Med 2006 Jun;11(3):214-224. [doi: 10.1016/j.siny.2006.02.002] [Medline: 16603425]

5. Fakhri M, Farhadi R, Mousavinasab N, Hosseinimehr SJ, Yousefi SS, Davoodi A, et al. Preventive effect of purgative
manna on neonatal jaundice: A double blind randomized controlled clinical trial. J Ethnopharmacol 2019 May 23;236:240-249.
[doi: 10.1016/j.jep.2019.03.009] [Medline: 30853647]

6. Wang J, Yin J, Xue M, Lyu J, Wan Y. Roles of UGT1A1 Gly71Arg and TATA promoter polymorphisms in neonatal
hyperbilirubinemia: A meta-analysis. Gene 2020 Apr 30;736:144409. [doi: 10.1016/j.gene.2020.144409] [Medline:
32007587]

7. Munkholm SB, Krøgholt T, Ebbesen F, Szecsi PB, Kristensen SR. The smartphone camera as a potential method for
transcutaneous bilirubin measurement. PLoS One 2018;13(6):e0197938 [FREE Full text] [doi: 10.1371/journal.pone.0197938]
[Medline: 29856793]

8. Moreno MA. Common questions about neonatal jaundice. JAMA Pediatr 2015 Mar;169(3):296. [doi:
10.1001/jamapediatrics.2014.2116] [Medline: 25730694]

9. Hameed NN, Na' Ma AM, Vilms R, Bhutani VK. Severe neonatal hyperbilirubinemia and adverse short-term consequences
in Baghdad, Iraq. Neonatology 2011;100(1):57-63. [doi: 10.1159/000321990] [Medline: 21212697]

10. Batu ED, Yeni S, Teksam O. The factors affecting neonatal presentations to the pediatric emergency department. J Emerg
Med 2015 May;48(5):542-547. [doi: 10.1016/j.jemermed.2014.12.031] [Medline: 25648054]

11. Vonderheid SC, Rankin K, Norr K, Vasa R, Hill S, White-Traut R. Health Care Use Outcomes of an Integrated
Hospital-to-Home Mother-Preterm Infant Intervention. J Obstet Gynecol Neonatal Nurs 2016;45(5):625-638. [doi:
10.1016/j.jogn.2016.05.007] [Medline: 27505467]

12. Thanomsingh P. Clinical predictive score of predischarge screening for severe hyperbilirubinemia in late preterm and term
infants. Pediatr Neonatol 2020 Aug;61(4):378-384 [FREE Full text] [doi: 10.1016/j.pedneo.2020.02.003] [Medline:
32156481]

13. Alkalay AL, Bresee CJ, Simmons CF. Decreased neonatal jaundice readmission rate after implementing hyperbilirubinemia
guidelines and universal screening for bilirubin. Clin Pediatr (Phila) 2010 Sep;49(9):830-833. [doi:
10.1177/0009922810363728] [Medline: 20693521]

14. Muchowski KE. Evaluation and treatment of neonatal hyperbilirubinemia. Am Fam Physician 2014 Jun 01;89(11):873-878
[FREE Full text] [Medline: 25077393]

15. Wainer S, Parmar S, Allegro D, Rabi Y, Lyon M. Impact of a transcutaneous bilirubinometry program on resource utilization
and severe hyperbilirubinemia. Pediatrics 2012 Jan;129(1):77-86. [doi: 10.1542/peds.2011-0599] [Medline: 22184646]

16. Campbell OMR, Cegolon L, Macleod D, Benova L. Length of Stay After Childbirth in 92 Countries and Associated Factors
in 30 Low- and Middle-Income Countries: Compilation of Reported Data and a Cross-sectional Analysis from Nationally
Representative Surveys. PLoS Med 2016 Mar;13(3):e1001972 [FREE Full text] [doi: 10.1371/journal.pmed.1001972]
[Medline: 26954561]

17. Halder A, Pal SK, Banerjee M, Singh S, Adhikari A, Sarkar PK, et al. A Novel Whole Spectrum-Based Non-Invasive
Screening Device for Neonatal Hyperbilirubinemia. IEEE J. Biomed. Health Inform 2019 Nov;23(6):2347-2353 [FREE
Full text] [doi: 10.1109/jbhi.2019.2892946]

18. Neonatal jaundice. National Collaborating Centre for Women's and Children's Health (UK). London: Royal College of
Obstetricians and Gynaecologists; 2010. [Medline: 22132434]

19. Maisels M, Bhutani V, Bogen D, Newman T, Stark A, Watchko J. Hyperbilirubinemia in the newborn infant > or =35
weeks' gestation: an update with clarifications. Pediatrics 2009;124(4):1193-1198. [doi: 10.1542/peds.2009-0329] [Medline:
19786452]

20. Hernandez-Peña P, Poullier JP, Van Mosseveld CJM, Van de Maele N, Cherilova V, Indikadahena C, et al. Health worker
remuneration in WHO Member States. Bull World Health Organ 2013 Nov 01;91(11):808-815 [FREE Full text] [doi:
10.2471/BLT.13.120840] [Medline: 24347704]

21. Manning ML, Davis J, Sparnon E, Ballard RM. iPads, droids, and bugs: Infection prevention for mobile handheld devices
at the point of care. Am J Infect Control 2013 Nov;41(11):1073-1076. [doi: 10.1016/j.ajic.2013.03.304] [Medline: 23816356]

22. Han M, Zhu S, Tong S, Qiu S, Gong L, Gao X. Analysis of monitoring neonatal jaundice detected by smartphone image-based
bilirubin. Chinese Journal of Child Health Care 2021;29(05):550-554 [FREE Full text]

23. Outlaw F, Nixon M, Odeyemi O, MacDonald LW, Meek J, Leung TS. Smartphone screening for neonatal jaundice via
ambient-subtracted sclera chromaticity. PLoS One 2020;15(3):e0216970 [FREE Full text] [doi:
10.1371/journal.pone.0216970] [Medline: 32119664]

J Med Internet Res 2022 | vol. 24 | iss. 11 | e37843 | p.342https://www.jmir.org/2022/11/e37843
(page number not for citation purposes)

Yan et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1016/s2352-4642(18)30139-1
http://dx.doi.org/10.12968/hmed.2017.78.12.699
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29240507&dopt=Abstract
https://europepmc.org/abstract/MED/24366465
http://dx.doi.org/10.1038/pr.2013.208
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24366465&dopt=Abstract
http://dx.doi.org/10.1016/j.siny.2006.02.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16603425&dopt=Abstract
http://dx.doi.org/10.1016/j.jep.2019.03.009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30853647&dopt=Abstract
http://dx.doi.org/10.1016/j.gene.2020.144409
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32007587&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0197938
http://dx.doi.org/10.1371/journal.pone.0197938
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29856793&dopt=Abstract
http://dx.doi.org/10.1001/jamapediatrics.2014.2116
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25730694&dopt=Abstract
http://dx.doi.org/10.1159/000321990
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21212697&dopt=Abstract
http://dx.doi.org/10.1016/j.jemermed.2014.12.031
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25648054&dopt=Abstract
http://dx.doi.org/10.1016/j.jogn.2016.05.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27505467&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1875-9572(20)30021-8
http://dx.doi.org/10.1016/j.pedneo.2020.02.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32156481&dopt=Abstract
http://dx.doi.org/10.1177/0009922810363728
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20693521&dopt=Abstract
https://www.aafp.org/link_out?pmid=25077393
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25077393&dopt=Abstract
http://dx.doi.org/10.1542/peds.2011-0599
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22184646&dopt=Abstract
https://dx.plos.org/10.1371/journal.pmed.1001972
http://dx.doi.org/10.1371/journal.pmed.1001972
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26954561&dopt=Abstract
https://doi.org/10.1109/jbhi.2019.2892946
https://doi.org/10.1109/jbhi.2019.2892946
http://dx.doi.org/10.1109/jbhi.2019.2892946
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22132434&dopt=Abstract
http://dx.doi.org/10.1542/peds.2009-0329
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19786452&dopt=Abstract
https://europepmc.org/abstract/MED/24347704
http://dx.doi.org/10.2471/BLT.13.120840
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24347704&dopt=Abstract
http://dx.doi.org/10.1016/j.ajic.2013.03.304
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23816356&dopt=Abstract
https://www.webofscience.com/wos/alldb/full-record/CSCD:6978473
https://dx.plos.org/10.1371/journal.pone.0216970
http://dx.doi.org/10.1371/journal.pone.0216970
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32119664&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


24. Tabatabaee RS, Golmohammadi H, Ahmadi SH. Easy Diagnosis of Jaundice: A Smartphone-Based Nanosensor Bioplatform
Using Photoluminescent Bacterial Nanopaper for Point-of-Care Diagnosis of Hyperbilirubinemia. ACS Sens 2019 Apr
26;4(4):1063-1071. [doi: 10.1021/acssensors.9b00275] [Medline: 30896150]

25. Taylor JA, Stout JW, de Greef L, Goel M, Patel S, Chung EK, et al. Use of a Smartphone App to Assess Neonatal Jaundice.
Pediatrics 2017 Sep;140(3):e20170312 [FREE Full text] [doi: 10.1542/peds.2017-0312] [Medline: 28842403]

26. National basic public health service specification. National Health and Family Planning Commission of the People's Republic
of China. URL: http://www.nhc.gov.cn/cms-search/xxgk/getManuscriptXxgk.htm?id=d20c37e23e1f4c7db7b8e25f34473e1b
[accessed 2022-03-05]

27. Okwundu C, Bhutani VK, Smith J, Esterhuizen TM, Wiysonge C. Predischarge transcutaneous bilirubin screening reduces
readmission rate for hyperbilirubinaemia in diverse South African newborns: A randomised controlled trial. S Afr Med J
2020 Feb 26;110(3):249-254 [FREE Full text] [doi: 10.7196/samj.2020.v110i3.14186] [Medline: 32657704]

28. VanderWal B, Kyle CL. Decreasing Newborn Readmissions for Hyperbilirubinemia. Journal of Obstetric, Gynecologic &
Neonatal Nursing 2015 Jun;44:S25-S25. [doi: 10.1111/1552-6909.12698]

29. Bhutani VK, Johnson LH, Schwoebel A, Gennaro S. A systems approach for neonatal hyperbilirubinemia in term and
near-term newborns. J Obstet Gynecol Neonatal Nurs 2006;35(4):444-455. [doi: 10.1111/j.1552-6909.2006.00044.x]
[Medline: 16881988]

30. Petersen J, Okorodudu A, Mohammad A, Fernando A, Shattuck K. Association of transcutaneous bilirubin testing in hospital
with decreased readmission rate for hyperbilirubinemia. Clin Chem 2005 Mar 2005;51(3):540-544. [doi:
10.1373/clinchem.2004.037804]

31. Wang Q, Xing Y, Piao M, Liu H, Liu Y, Liu H. Close monitoring of transcutaneous bilirubin ensures better outcome in
neonates with hyperbilirubinemia. Chin J Perinat Med 2016;19(11):808-812 [FREE Full text]

32. Harron K, Gilbert R, Cromwell D, Oddie S, van der Meulen J. Newborn Length of Stay and Risk of Readmission. Paediatr
Perinat Epidemiol 2017 May;31(3):221-232 [FREE Full text] [doi: 10.1111/ppe.12359] [Medline: 28418622]

33. Sievertsen HH, Wüst M. Discharge on the day of birth, parental response and health and schooling outcomes. J Health
Econ 2017 Sep;55:121-138. [doi: 10.1016/j.jhealeco.2017.06.012] [Medline: 28743535]

34. Jones E, Taylor B, MacArthur C, Bradshaw S, Hope L, Cummins C. Early Postnatal Discharge for Infants: A Meta-analysis.
Pediatrics 2020 Aug 21;146(3):e20193365 [FREE Full text] [doi: 10.1542/peds.2019-3365] [Medline: 32826340]

35. Fouzas S, Mantagou L, Skylogianni E, Mantagos S, Varvarigou A. Transcutaneous bilirubin levels for the first 120 postnatal
hours in healthy neonates. Pediatrics 2010;125(1):e52-e57 [FREE Full text] [doi: 10.1542/peds.2009-0403] [Medline:
20008429]

36. Ding X, Zhu L, Zhang R, Wang L, Wang T, Latour JM. Effects of family-centred care interventions on preterm infants and
parents in neonatal intensive care units: A systematic review and meta-analysis of randomised controlled trials. Aust Crit
Care 2019 Jan;32(1):63-75. [doi: 10.1016/j.aucc.2018.10.007] [Medline: 30554939]

37. O'Brien K, Bracht M, Robson K, Ye XY, Mirea L, Cruz M, et al. Evaluation of the Family Integrated Care model of neonatal
intensive care: a cluster randomized controlled trial in Canada and Australia. BMC Pediatr 2015 Dec 15;15:210 [FREE
Full text] [doi: 10.1186/s12887-015-0527-0] [Medline: 26671340]

38. Barilla D, Marshak H, Anderson S, Hopp J. Postpartum follow-up: can psychosocial support reduce newborn readmissions?
MCN Am J Matern Child Nurs 2010;35(1):33-39 [FREE Full text] [doi: 10.1097/01.nmc.0000366808.75079.cc] [Medline:
20032758]

39. World internet usage and population statistics 2021 year-Q1 estimates. Internet World Stats. 2021. URL: https://internetworld
stats.com/stats.htm [accessed 2021-08-24]

40. Luo Q, Dong C, Wu W, Fan L. Cost-benefit analysis of screening for neonatal hyperbilirubinemia using mobile phone
application in different modes. Chinese Journal of Social Medicine. 2021 Dec 26. URL: https://tinyurl.com/5edcsk6z
[accessed 2022-11-03]

41. De Luca D, Carnielli VP, Paolillo P. Neonatal hyperbilirubinemia and early discharge from the maternity ward. Eur J
Pediatr 2009 Sep;168(9):1025-1030. [doi: 10.1007/s00431-009-0969-1] [Medline: 19277705]

42. Lin F, Lou Z, Xing S, Zhang L, Yang L. The gene spectrum of glucose-6-phosphate dehydrogenase (G6PD) deficiency in
Guangdong province, China. Gene 2018 Dec 15;678:312-317. [doi: 10.1016/j.gene.2018.07.068] [Medline: 30077011]

43. Yu MW, Hsiao KJ, Wuu KD, Chen CJ. Association between glucose-6-phosphate dehydrogenase deficiency and neonatal
jaundice: interaction with multiple risk factors. Int J Epidemiol 1992 Oct;21(5):947-952. [doi: 10.1093/ije/21.5.947]
[Medline: 1468858]

Abbreviations
OR: odds ratio
RCT: randomized controlled trial
TcB: transcutaneous bilirubinometry
TSB: total serum bilirubin

J Med Internet Res 2022 | vol. 24 | iss. 11 | e37843 | p.343https://www.jmir.org/2022/11/e37843
(page number not for citation purposes)

Yan et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1021/acssensors.9b00275
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30896150&dopt=Abstract
https://europepmc.org/abstract/MED/28842403
http://dx.doi.org/10.1542/peds.2017-0312
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28842403&dopt=Abstract
http://www.nhc.gov.cn/cms-search/xxgk/getManuscriptXxgk.htm?id=d20c37e23e1f4c7db7b8e25f34473e1b
https://doi.org/10.7196/SAMJ.2020.v110i3.14186
http://dx.doi.org/10.7196/samj.2020.v110i3.14186
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32657704&dopt=Abstract
http://dx.doi.org/10.1111/1552-6909.12698
http://dx.doi.org/10.1111/j.1552-6909.2006.00044.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16881988&dopt=Abstract
http://dx.doi.org/10.1373/clinchem.2004.037804
https://www.webofscience.com/wos/alldb/full-record/CSCD:5868789
https://europepmc.org/abstract/MED/28418622
http://dx.doi.org/10.1111/ppe.12359
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28418622&dopt=Abstract
http://dx.doi.org/10.1016/j.jhealeco.2017.06.012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28743535&dopt=Abstract
https://doi.org/10.1542/peds.2019-3365
http://dx.doi.org/10.1542/peds.2019-3365
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32826340&dopt=Abstract
https://pubmed.ncbi.nlm.nih.gov/20008429/
http://dx.doi.org/10.1542/peds.2009-0403
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20008429&dopt=Abstract
http://dx.doi.org/10.1016/j.aucc.2018.10.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30554939&dopt=Abstract
https://bmcpediatr.biomedcentral.com/articles/10.1186/s12887-015-0527-0
https://bmcpediatr.biomedcentral.com/articles/10.1186/s12887-015-0527-0
http://dx.doi.org/10.1186/s12887-015-0527-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26671340&dopt=Abstract
https://pubmed.ncbi.nlm.nih.gov/20032758/
http://dx.doi.org/10.1097/01.nmc.0000366808.75079.cc
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20032758&dopt=Abstract
https://internetworldstats.com/stats.htm
https://internetworldstats.com/stats.htm
https://kns.cnki.net/kcms/detail/detail.aspx?dbcode=CJFD&dbname=CJFDLAST2022&filename=GWSY202106027&uniplatform=NZKPT&v=3qfJNctI_ahURiadh3C2zcjmQfjDonB0y3fzxguoqF7SZQf2FT8GauljmGLrW3bg
http://dx.doi.org/10.1007/s00431-009-0969-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19277705&dopt=Abstract
http://dx.doi.org/10.1016/j.gene.2018.07.068
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30077011&dopt=Abstract
http://dx.doi.org/10.1093/ije/21.5.947
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=1468858&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Edited by R Kukafka; submitted 12.03.22; peer-reviewed by UH Mohamad, H Mehdizadeh; comments to author 14.07.22; revised
version received 16.08.22; accepted 06.09.22; published 23.11.22.

Please cite as:
Yan Q, Gong Y, Luo Q, Yin X, Yang L, Wang H, Feng J, Xing K, Huang Y, Huang C, Fan L
Effects of a Smartphone-Based Out-of-Hospital Screening App for Neonatal Hyperbilirubinemia on Neonatal Readmission Rates and
Maternal Anxiety: Randomized Controlled Trial
J Med Internet Res 2022;24(11):e37843
URL: https://www.jmir.org/2022/11/e37843 
doi:10.2196/37843
PMID:36416882

©Qin Yan, Yanhong Gong, Qing Luo, Xiaoxv Yin, Ling Yang, Honglin Wang, Juan Feng, Kaihui Xing, Yan Huang, Chuican
Huang, Lichun Fan. Originally published in the Journal of Medical Internet Research (https://www.jmir.org), 23.11.2022. This
is an open-access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in the Journal of Medical Internet Research, is properly cited. The complete bibliographic
information, a link to the original publication on https://www.jmir.org/, as well as this copyright and license information must
be included.

J Med Internet Res 2022 | vol. 24 | iss. 11 | e37843 | p.344https://www.jmir.org/2022/11/e37843
(page number not for citation purposes)

Yan et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://www.jmir.org/2022/11/e37843
http://dx.doi.org/10.2196/37843
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36416882&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Original Paper

The Use of Smartphone Keystroke Dynamics to Passively Monitor
Upper Limb and Cognitive Function in Multiple Sclerosis:
Longitudinal Analysis

Ka-Hoo Lam1, MD, MSc; James Twose2, MSc; Birgit Lissenberg-Witte3, PhD; Giovanni Licitra2, PhD; Kim Meijer2,

PhD; Bernard Uitdehaag1, MD, PhD; Vincent De Groot4, MD, PhD; Joep Killestein1, MD, PhD
1Department of Neurology, Amsterdam University Medical Centers (VU University Medical Center location), Amsterdam, Netherlands
2Neurocast BV, Amsterdam, Netherlands
3Department of Epidemiology and Data Science, Amsterdam University Medical Centers (VU University Medical Center location), Amsterdam,
Netherlands
4Department of Rehabilitation Medicine, Amsterdam University Medical Centers (VU University Medical Center location), Amsterdam, Netherlands

Corresponding Author:
Ka-Hoo Lam, MD, MSc
Department of Neurology
Amsterdam University Medical Centers (VU University Medical Center location)
De Boelelaan 1117
Amsterdam, 1081HV
Netherlands
Phone: 31 204440717
Fax: 31 204440715
Email: k.lam1@amsterdamumc.nl

Abstract

Background: Typing on smartphones, which has become a near daily activity, requires both upper limb and cognitive function.
Analysis of keyboard interactions during regular typing, that is, keystroke dynamics, could therefore potentially be utilized for
passive and continuous monitoring of function in patients with multiple sclerosis.

Objective: To determine whether passively acquired smartphone keystroke dynamics correspond to multiple sclerosis outcomes,
we investigated the association between keystroke dynamics and clinical outcomes (upper limb and cognitive function). This
association was investigated longitudinally in order to study within-patient changes independently of between-patient differences.

Methods: During a 1-year follow-up, arm function and information processing speed were assessed every 3 months in 102
patients with multiple sclerosis with the Nine-Hole Peg Test and Symbol Digit Modalities Test, respectively. Keystroke-dynamics
data were continuously obtained from regular typing on the participants’ own smartphones. Press-and-release latency of the
alphanumeric keys constituted the fine motor score cluster, while latency of the punctuation and backspace keys constituted the
cognition score cluster. The association over time between keystroke clusters and the corresponding clinical outcomes was
assessed with linear mixed models with subjects as random intercepts. By centering around the mean and calculating deviation
scores within subjects, between-subject and within-subject effects were distinguished.

Results: Mean (SD) scores for the fine motor score cluster and cognition score cluster were 0.43 (0.16) and 0.94 (0.41) seconds,
respectively. The fine motor score cluster was significantly associated with the Nine-Hole Peg Test: between-subject β was 15.9
(95% CI 12.2-19.6) and within-subject β was 6.9 (95% CI 2.0-11.9). The cognition score cluster was significantly associated
with the Symbol Digit Modalities Test between subjects (between-subject β –11.2, 95% CI –17.3 to –5.2) but not within subjects
(within-subject β –0.4, 95% CI –5.6 to 4.9).

Conclusions: Smartphone keystroke dynamics were longitudinally associated with multiple sclerosis outcomes. Worse arm
function corresponded with longer latency in typing both across and within patients. Worse processing speed corresponded with
higher latency in using punctuation and backspace keys across subjects. Hence, keystroke dynamics are a potential digital biomarker
for remote monitoring and predicting clinical outcomes in patients with multiple sclerosis.

Trial Registration: Netherlands Trial Register NTR7268; https://trialsearch.who.int/Trial2.aspx?TrialID=NTR7268
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Introduction

In multiple sclerosis (MS), a vast number of disease-modifying
therapies targeting disease activity are available, and therapies
preventing (and potentially counteracting) disease progression
are emerging [1-3]. Additional treatment modalities include
nonpharmacological therapies, such as rehabilitative and
cognitive therapies [4,5]. This wide array of expanding treatment
options will increasingly lead to patient-centered disease
management. The personalized treatment of MS would strongly
benefit from early and improved recognition of disability
progression or symptom onset. However, disease progression
(ie, deterioration of neurological function independent of
relapses) and newly occurring symptoms are often subtle in MS
[6]. Additionally, the currently most widely used clinical
measure in MS, the Expanded Disability Status Scale (EDSS)
[7], assesses neurological function over a period spanning a
year or almost a year and may need reassessment over time to
confirm deterioration [6]. The Multiple Sclerosis Functional
Composite (MSFC) consists of brief objective measurements
in 3 important domains in MS: ambulatory, upper limb, and
cognitive function. It was designed to complement the EDSS
and improve sensitivity in capturing disease status [8].
Compared to the extensive implementation of the MSFC in
clinical trials, it has been poorly incorporated into clinical
practice, as clinical evaluations are too sporadic for the measure
to be sensitive or provide meaningful temporal information for
monitoring patients on the individual level [9].

The advent of digital devices allows for more continuous and
more fine-grained measurements of biometrics that could be
related to functioning in patients with MS. With the
digitalization of society, smartphones have become widespread
and part of everyday living. Consequently, keystroke dynamics
(KD) from typing on smartphones has been investigated for
quantifying disability in MS. KD encompasses quantitative
metrics of keyboard interactions during regular typing. In our
previous work, KD was found to be correlated with upper limb
and cognitive function, and, to a lesser extent, overall disability,
as measured with the EDSS [10]. Across a wide range of KD
features and aggregation methods, KD was also found to reach
adequate responsiveness to meaningful change in radiological
disease activity, ambulatory function, and upper limb function
over a period of 3 months [11]. Additionally, analysis of KD
data using a nonlinear time-series approach identified potential
indicators of clinical change [12]. Based on these previous
findings, 2 keystroke clusters were derived, one specific to upper
limb function and the other to cognition, since these 2 domains
are most directly related to typing. In order to translate this new
biomarker into clinical practice for monitoring upper limb
function and cognition in MS, the association with clinical
measures over time and within individual patients needs
investigation.

Our objective was to investigate the longitudinal associations
between KD features, passively derived from regular typing on
a smartphone, and upper limb function and cognition in patients
with MS. Additionally, we sought to differentiate these
longitudinal associations for both between-subject differences
and within-subject changes in order to enable disease monitoring
on the individual-patient level.

Methods

Study Design and Participants
This was a prospective cohort study at the MS Center of the
Amsterdam University Medical Centers (VU University Medical
Center location). The study design and interim analyses have
been reported previously [10,11]. In brief, after a baseline
assessment (M0), we followed the patients for 1 year, with
clinical visits every 3 months (M3, M6, M9, and M12). During
the study, participants used the Neurokeys keyboard app on
their own smartphones [13]. Participants were patients with MS
and were consecutively included in the study between August
2018 and December 2019 until a cohort size of 100 participants
was reached. Patients were eligible if they were aged between
18 and 65 years, had a definite diagnosis of MS, had an EDSS
score below 7.5, had access to a smartphone with the Android
(5.0 or higher) or iOS (10 or higher) operating systems, had no
visual or upper extremity deficits affecting regular smartphone
use, and had no mood or sleep disorders impacting daily living
(based on medical history-taking by a screening physician).

Ethical Considerations
The study received ethical approval from the Medisch Ethische
Toetsingscommissie Vrije Universiteit medisch centrum
(reference 2017.576) and conformed to legislation regarding
data privacy and medical devices (Dutch Health and Youth Care
Inspectorate; reference VGR2006948). All patients gave written
informed consent. The study was registered as trial number
NTR7268 at the Netherlands Trial Register.

Clinical Outcomes
Clinical outcomes for important aspects of MS were assessed,
including clinically reported relapses, conventional magnetic
resonance imaging (MRI) for disease activity, the EDSS, the
MSFC, patient-reported outcomes, quantitative MRI, and optical
coherence tomography for evaluation of domain-specific and
overall disease severity and disease progression over time. As
KD is most directly related to upper limb function and cognition,
the current analysis focuses on the clinical assessments made
every 3 months with the Nine-Hole Peg Test (NHPT) and
Symbol Digit Modalities Test (SDMT). The NHPT is a measure
of upper limb function that records the time needed to place,
with a single hand, 9 pegs into 9 holes and then remove them
[14]. The task is performed twice for each hand, and the 4 trials
are averaged into a single score, with a higher score reflecting
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worse performance. The SDMT is a measure of information
processing speed, the cognitive domain that is most commonly
affected in MS and indicates overall cognitive functioning [15].
Using a key with 9 symbol-digit pairings, the number of correct
digits corresponding to symbols during a 90-second trial is
recorded as the total score [16]. A higher score reflects better
performance.

KD and Keystroke Features
During the 1-year follow-up period, patients used the Neurokeys
app (Neurocast BV) on their own smartphones [13]. The
Neurokeys app replaces the native keyboard with a
similar-looking keyboard (Figure 1A) that passively and

continuously collects data on press-and-release typing events
during everyday typing. From these keyboard interactions,
keystroke features are derived based on key type (Figure 1B).
For alphanumeric keys, the features include the latency between
presses (press-press latency) and releases (release-release
latency), the keypress time (hold time), and the time between
keys (flight time). For the backspace key, derived features
include latency prior to the use of the key (precorrection
slowing), during use (correction duration) and after use
(postcorrection slowing). Lastly, the time after a punctuation
key was used was also derived (after-punctuation pause). A
keystroke event count threshold of 50 events was used to remove
days with insufficient data.

Figure 1. Overview of the Neurokeys keyboard (A) and a schematic representation of the keystroke dynamics features and clusters (B). APP:
after-punctuation pause; CD: correction duration; FT: flight time; HT: hold time; post-CS: postcorrection slowing; PPL: press-press latency; pre-CS:
precorrection slowing; RRL: release-release latency.

Construction of Keystroke Clusters
To compare the continuously collected keystroke data with
clinical outcomes, the keystroke features were aggregated and
clustered. First, the keystroke features were aggregated per day
by the mean and median values, as both statistical measures
summarize the data well and remain on the same unit scale (ie,
seconds) to retain interpretability. Since mean and median values
of the keystroke features were highly correlated, rather than
discarding one, both summary values were averaged to reduce
potential multicollinearity. Second, the fine motor score cluster
(FMSC) and cognition score cluster (CSC) were derived based
on the hypothesis that timing-related features (press-press
latency, release-release latency, hold time, and flight time) are
more related to fine motor skills, while error-related
(precorrection slowing, correction duration, and postcorrection
slowing) and paralinguistic (after-punctuation pause) features
are more specific to events reflecting cognitive function. This

concept-based clustering was then analyzed with principal
component analysis and correlation analysis (Multimedia
Appendices 1 - 3). Only features that contributed equally in the
component analysis and were highly correlated (r>0.50) were
included in the final cluster [17]. Finally, near the time of each
clinical visit, 28-day (the 14 days before and after the clinical
visit) and 14-day (the 7 days before and after the clinical visit)
aggregation periods for the keystroke clusters was chosen for
FMSC and CSC, respectively, since fine motor function can be
considered more stable over time than cognitive function. The
28-day and 14-day periods for the keystroke clusters were
aggregated by the mean value. Using these criteria, FMSC
included press-press latency, release-release latency, and flight
time, whereas CSC included precorrection slowing,
postcorrection slowing, and after-punctuation pause.
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Statistical Analysis
Analysis was performed with SPSS (version 26; IBM Corp)
and R (version 4.0.3; R Foundation for Statistical Computing).
Categorical data were summarized as the frequency and
percentage. Numerical data were summarized as the mean and
SD (or median and IQR or range if normally distributed). A
linear mixed model analysis was used to determine the
longitudinal association between KD clusters and clinical
outcomes, so as to take into account clustering of repeated
measurements within subjects [18]. Separate intercepts were
estimated for each subject, over which a normal distribution
was drawn. Then, the variance was estimated from that normal
distribution and added to the model as a random intercept (ε),
to adjust for repeated measurements within subjects, as follows:
Y = β0 + β1X + ε. For upper limb function, the dependent
variable was the NHPT score, the independent variable was
FMSC, and the covariates were age and sex. For information
processing speed, the dependent variable was the SDMT score,
the independent variable was CSC, and the covariates were age,
sex, and level of education. Since there was a significant
relationship between time and SDMT performance, most likely
due to practice effects, an additional random intercept for time
(in days) was added to the cognition model. This allowed
varying intercepts based on time in order to account for practice
effects and imbalances in time intervals between clinical visits
across subjects [19].

Importantly, given that the effect estimates of a linear mixed
model analysis in a cohort with repeated measures are overall
effects (ie, effect estimates entangle both differences across
subjects and changes within subjects over time), a “hybrid”
linear mixed model analysis was performed to disentangle the
between-subject and within-subject effects of the longitudinal

association [20]. This was done by centering around the mean
and calculating deviation scores at each clinical visit for each
subject. The mixed model analysis was then performed with
both the centered values and the deviation score of this centered

value for each individual, as follows: , where βbetween is the
between-subject effect and βwithin is the within-subject effect
[18].

The output of all linear mixed models included effect estimates,
95% CIs, P values, and percentage explained variance.
Covariates were considered relevant if the effect estimate
between the dependent and independent variables changed by
10% or more after including the covariates into the model [21].

Results

A total of 102 patients with MS were included, of whom 91
completed the follow-up at M12; 6 patients dropped out at M3,
1 at M6, 1 at M9, and 3 at M12. The demographic and clinical
characteristics at baseline are summarized in Table 1. The
patients had a mean age of 46.4 years, most were female
(75/102, 73.5%), and most had the relapsing-remitting MS
subtype (61/102, 59.8%). The median disease duration since
diagnosis was 5.7 years and the median EDSS score was 3.5.
The mean follow-up duration was 376.9 (SD 109.4) days. At
M12, the retention rate of patients with active keyboard use was
83.3% (85/102). Figure 2 shows the monthly retention rate and
the average number of keystroke events per day. The clinical
outcomes per visit and keystroke cluster data corresponding
with each clinical visit are summarized in Table 2 and
Multimedia Appendices 4 and 5. Part of the study follow-up
coincided with the COVID-19 pandemic, which resulted in
missing clinical visits, most prominently at M6 and M9.

Table 1. Baseline patient demographic and clinical characteristics.

Patients with multiple sclerosis (N=102)Characteristics

46.4 (10.4)Age (years), mean (SD)

Sex, n (%)

75 (73.5)Female

27 (26.5)Male

Education levela, n (%)

3 (2.9)Low

34 (33.3)Middle

65 (63.7)High

Multiple sclerosis type, n (%)

11 (10.8)Primary progressive

30 (29.4)Secondary progressive

61 (59.8)Relapsing remitting

5.7 (3.0-13.1)Disease duration since diagnosis (years), median (IQR)

3.5 (1.5-7.0)Expanded Disability Status Scale score, median (range)

aEducation levels were defined according to Rijnen et al [22].
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Figure 2. Bar graph depicting the retention rate (left y-axis, “user percentage”) of patients per month with superimposed box plots of the number of
daily keystroke events (right y-axis, “event count”). The values above the bars show the retention rates as percentages.

Table 2. Clinical outcomes and keystroke dynamics clusters for each clinical visit.

M12M9M6M3M0Outcomes

Nine-Hole Peg Testa

89587693102Subjects, n

20.3 (18.7-23.0)20.2 (18.5-22.0)20.5 (18.8-22.5)21.0 (18.7-24.0)21.2 (19.4-25.0)Time (seconds), median (IQR)

Symbol Digit Modalities Test

90587693102Subjects, n

60.3 (12.9)61.3 (12.8)57.9 (12.0)56.8 (10.4)54.4 (10.3)Mean score (SD)

Fine motor score cluster

7155728896Subjects, n

0.42 (0.17)0.39 (0.15)0.44 (0.17)0.44 (0.16)0.45 (0.16)Time (seconds), mean (SD)

15.5 (5.5)25.5 (5.4)26.2 (4.8)26.4 (4.8)14.3 (2.4)Daysb (n), mean (SD)

Cognition score cluster

72557089101Subjects, n

0.90 (0.44)0.86 (0.38)0.92 (0.40)0.95 (0.40)1.01 (0.42)Time (seconds), mean (SD)

8.4 (2.7)13.1 (2.1)13.3 (2.2)13.7 (1.0)7.8 (1.0)Daysb (n), mean (SD)

aFor the Nine-Hole Peg Test, an average outlier threshold of 40 seconds was implemented, excluding 14 of 387 samples (3.6%).
bOnly days with ≥50 keystroke events.

Upper Limb Function
For the association between the NHPT and FMSC, 98 patients
with MS were included in the mixed model analysis with an
average of 3.9 observations per patient. Overall, the mean (SD)
for FMSC was 0.43 (0.16) seconds and the median (IQR) for
the NHPT was 20.6 (18.8-23.3) seconds. The results of the
mixed model analysis are shown in Table 3 and depicted visually

in Figure 3. In the overall model, FMSC was significantly
associated with the NHPT and explained 42% of the variance
in the NHPT results. Age and sex were not found to be relevant
confounders in this association. In the hybrid model, a one-SD
(0.16-second) increase in FMSC was significantly associated
with an increase in NHPT of 2.5 seconds between patients and
1.1 seconds within patients.
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Table 3. Results of linear mixed model analyses of Nine-Hole Peg Test results over time with a random intercept on subject level.

Explained variance, %Random effect variance, %P valueβ (95% CI)

N/Aa13.7Intercept only

428<.00112.62 (9.61-15.63)Fine motor score cluster

43.97.7<.00112.56 (8.96-16.16)Fine motor score cluster and covariatesb

43.77.7Hybrid model

N/AN/A<.00115.91 (12.18-19.63)Between subjects

N/AN/A<.0016.94 (2.00-11.87)Within subjects

aN/A: not applicable.
bCovariates included age and sex.

Figure 3. Scatter plots and linear mixed model fit for the Nine-Hole Peg Test and fine motor score cluster by covariates (sex and age), with random
intercepts on subject level, and the number of days that constituted the keystroke cluster data points. FMSC: fine motor score cluster; NHPT: Nine-Hole
Peg Test.

Information Processing Speed
All 102 patients with MS were included in the analysis of the
association between information processing speed and the
cognition keystroke cluster. The patients had an average of 3.8
repeated observations. The overall mean (SD) was 0.94 (0.41)
seconds for CSC and 58.9 (12.1) points for SDMT. The output
of the mixed model analyses is summarized in Table 4 and

shown visually in Figure 4. In the overall model, CSC was
significantly associated with SDMT and, together with age, sex,
and level of education, explained 30.4% of the variance in
SDMT. In the hybrid model, an increase of 1 SD (0.41 seconds)
in CSC was significantly associated with a decrease of –4.6 in
SDMT between patients. The within-subject association between
CSC and SDMT, however, was not statistically significant.
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Table 4. Results of linear mixed model analyses of the Symbol Digit Modalities Test results over time with random intercepts on subject level and
time (in days).

Explained variance, %Random effect variance, %P valueβ (95% CI)

N/Aa110.9Intercept only

25.482.7<.001–8.57 (–12.02 to –5.12)Cognition score cluster

30.477.1.02–5.02 (–9.02 to –1.02)Cognition score cluster and covariatesb

32.974.4Hybrid model (including covariatesa)

N/AN/A<.001–11.25 (–17.28 to –5.21)Between subjects

N/AN/A.9–0.35 (–5.60 to 4.89)Within subjects

aN/A: not applicable.
bCovariates included age, sex, and level of education.

Figure 4. Scatter plots and linear mixed model fit for Symbol Digit Modalities Test and cognition score cluster by covariates (level of education, age,
and sex) and random intercepts on subject level. SDMT: symbol digit modalities test; CSC: cognition score cluster.

Discussion

Principal Findings
This study investigated the longitudinal association between
smartphone KD and commonly used clinical measures for upper
limb function and information processing speed in patients with
MS. In the overall model, the fine motor keystroke cluster was
significantly associated with the NHPT (β=12.6, 95% CI
9.6-15.6); higher latency for presses and releases of
alphanumeric keys during typing was related to a worse
performance on the NHPT. When splitting the model for
between-subject and within-subject effects, the association
remained significant for both (β=15.9, 95% CI 12.2-19.6, and
β=6.9, 95% CI 2.0-11.9, respectively). For the association
between the cognitive keystroke cluster and SDMT, the time

in days was included to account for practice effects on the
SDMT and the imbalance in intervals between visits across
subjects. CSC was found to be significantly negatively
associated with SDMT; higher latency for backspace and
punctuation mark keypresses was related to a worse SDMT
score. This association had a β of –5.0 (95% CI –9.0 to –1.0)
after adjusting for age, sex, and level of education. In the hybrid
model for the cognitive keystroke cluster, the between-subject
effect increased to β=–11.2 (95% CI –17.3 to –5.2), whereas
the within-subject effect decreased to β=–0.4 (95% CI –5.6 to
4.9). To improve the interpretability of these associations, rather
than considering 1-unit changes in keystroke clusters, the effect
sizes can be recalculated to represent a change of 1 SD in
keystroke clusters. In this distribution-based approach, a 1-SD
change in FMSC corresponded with a change in NHPT of 1.1
seconds within patients or a 2.5-second difference between
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patients. Likewise, a 1-SD change in CSC corresponded with
a change in SDMT of –0.14 points (although this was not
significant) within patients or a –4.6-point difference between
patients. Therefore, in our current cohort, a 2-SD change in
FMSC and a 1-SD change in CSC would correspond to clinically
relevant changes, as a 20% change in NHPT and a 4-point
change in SDMT are considered clinically relevant based on
group studies [14,16].

Comparison With Prior Work
Measurements of task or activity performance are an integral
part of assessing and monitoring chronic neurological disorders
such as MS. Typing on a smartphone is a near-daily activity
from which biometric information pertaining to physical or
mental functions can be derived. Despite this, the use of KD in
the assessment of diseases is relatively underutilized, especially
considering that touchscreen typing has existed for over a
decade. Hence, our objective was to validate the use of passive
KD, measured with the Neurokeys app, to improve disease
management in MS. To this end, earlier investigations by our
research group reported on the clinimetric properties of
reliability, validity, and 3-month responsiveness of KD in MS
[10,11]. To the best of our knowledge, other applications of KD
analysis in diseases are limited to the detection of early-stage
Parkinson disease [23-28], upper limb dysfunction in
amyotrophic lateral sclerosis [29], and severity in mood
disorders [30,31]. The objective of the studies of Parkinson
disease was to differentiate subjects with disease or early disease
from those without, making the study endpoints not directly
comparable to ours. Nevertheless, the study on amyotrophic
lateral sclerosis found worse typing to be associated with
progression of the disease, which is similar to our current
findings. Last, the 2 studies on mood disorders found significant
regression effects between severity of depressive symptoms and
smartphone keyboard activity. This is in line with our findings,
in which worse typing parameters corresponded to worse
performance on the clinical tests. In addition, concurrent to our
findings, these studies showed that KD can be utilized and can
even outperform clinical standards in the detection and
assessment of disease status through capitalizing on motor
anomalies and, to some extent, cognitive dynamics that affect
typing behavior.

Of note is that, besides our 3-month responsiveness interim
analysis, there are currently no studies investigating KD in a
longitudinal setting in patients with MS. While research
investigating differences between subjects is of great
importance, especially in early validation research, differences
across subjects cannot directly be extrapolated to changes that
occur within individuals over time. Therefore, analyzing change
over time within patients is essential for monitoring or predictive
modeling in MS. Splitting our model to separately determine
between-subject and within-subject effects showed that the latter
were stronger than the former. This suggests that in our sample,
differences in upper limb function and information processing
speed tended to be greater across patients than within patients,
as shown by the SD of the outcomes across patients being much
larger than the average change over time. This is not surprising,
given that research in outcome measures in MS often struggles
to achieve adequate sensitivity to change over time compared

to correlations across patients [32]. For upper limb function,
our model that separated the between-subject and within-subject
effects still showed a strong, significant within-subject effect
estimate, indicating that the fine motor keystroke cluster is
sensitive to change within individuals.

For information processing speed, prior to adjustment for time,
we also found a significant within-subject effect estimate for
the cognitive keystroke cluster (data not shown). However,
accounting for practice effects by adding the time point as a
random effect to the model resulted in a lower, statistically
nonsignificant within-subject effect. This suggests that the
association between SDMT and the cognitive keystroke cluster
in our current cohort was affected more strongly by the effect
of learning than by changes in the keystroke cluster within
patients. This explanation is supported by the results of modeling
the effect of time as a fixed term instead of a random effect. In
this model, the effect of time was stronger than the
within-subject effect of the cognition keystroke cluster. In
addition, when time as a fixed term was modeled categorically
(such as M0, M3, or M6), instead of being linear, the effect of
time on the association between SDMT and cognition keystroke
cluster was larger at later time points than earlier time points.
As the amount of learning differs between patients, patients
who are less severely affected by MS tend to have stronger
practice effects than patients with more severe disability [33],
and the larger positive slopes at later time points can be
explained by practice effects causing a larger spread in SDMT
data over time while the cognition keystroke cluster stays more
or less stable.

Despite practice effects most likely diluting our findings on the
within-subject association, the strong between-subject effect
demonstrates the promise of the use of KD as a biomarker of
information processing speed. Therefore, monitoring of
cognition using KD needs further investigation with clinical
cognitive outcomes that are more sensitive or less affected by
practice effects and with a study population that allows a closer
focus on cognitive function (ie, by including the presence of
cognitive deficits as a selection criterion or using a longer
follow-up duration) to demonstrate effects larger than
measurement variability or learning effects. Similarly, a
smartphone-based cognition test in the same cohort was found
to be valid on the cross-sectional level, but lacked
responsiveness when looking at change longitudinally, as
changes within subjects are subtler than differences across
subjects and measurements can be variable [34]. Additionally,
more advanced analysis methods, such as nonlinear models,
may increase sensitivity and allow higher frequency keystroke
data and further investigation [12,35].

Limitations
A few limitations should be considered. First, despite modeling
time in the analyses to take into account score changes over
time, practice effects were not adjusted for, such by having
healthy controls throughout the study. In addition, practice
effects may have been exacerbated in the current cohort by their
weekly performance of a smartphone variant of the SDMT
concurrently with the digital biomarkers. Second, we
investigated 2 commonly affected domains in MS that are
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directly involved with typing on the smartphone: upper limb
function and information processing speed. In reality, MS entails
a much broader array of functional spheres and relevant
treatment outcomes. We collected a broad scope of clinical
outcomes in our current cohort, and these data should be
examined in future work in order to incorporate KD as a
complete tool for monitoring MS. Lastly, a significant number
of patients had missing clinical data, most prominently at M6

and M9, due to the COVID-19 pandemic. This also created a
bias, as patients with secondary or primary progressive MS
missed their clinical visits more often than patients with
relapsing-remitting MS.

Conclusions
Keystroke clusters constructed from passively acquired
smartphone KD data were shown to reflect function in patients
with MS in a longitudinal setting, as measured with commonly
used clinical outcome measures of upper limb function and
cognitive functioning. In the longitudinal repeated measures

analysis, the fine motor keystroke cluster was found to be
associated with upper limb function across and within patients.
This attests to the use of KD for monitoring and predictive
purposes in MS. Monitoring cognitive function with KD needs
further investigation, as a significant association was found in
the overall model, but this relied mostly on differences between
patients rather than changes within patients, likely exacerbated
by practice effects related to the clinical measures. Altogether,
KD during typing provided detailed data on the temporal and
granular level on everyday upper limb and cognitive function.
Our current findings are the first to demonstrate associations
between clinical outcomes in MS and smartphone typing
performance. With the ongoing expansion of therapeutic
interventions, KD as a remote passive biomarker may improve
clinical assessment and patient-centered disease management
in MS. Important steps for future research are investigating
other highly relevant MS outcomes, such as disease activity,
and the external validity of the current results by monitoring
function in clinical practice on the individual-patient level.
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Abstract

Background: Meditation apps have surged in popularity in recent years, with an increasing number of individuals turning to
these apps to cope with stress, including during the COVID-19 pandemic. Meditation apps are the most commonly used mental
health apps for depression and anxiety. However, little is known about who is well suited to these apps.

Objective: This study aimed to develop and test a data-driven algorithm to predict which individuals are most likely to benefit
from app-based meditation training.

Methods: Using randomized controlled trial data comparing a 4-week meditation app (Healthy Minds Program [HMP]) with
an assessment-only control condition in school system employees (n=662), we developed an algorithm to predict who is most
likely to benefit from HMP. Baseline clinical and demographic characteristics were submitted to a machine learning model to
develop a “Personalized Advantage Index” (PAI) reflecting an individual’s expected reduction in distress (primary outcome)
from HMP versus control.

Results: A significant group × PAI interaction emerged (t658=3.30; P=.001), indicating that PAI scores moderated group
differences in outcomes. A regression model that included repetitive negative thinking as the sole baseline predictor performed
comparably well. Finally, we demonstrate the translation of a predictive model into personalized recommendations of expected
benefit.

Conclusions: Overall, the results revealed the potential of a data-driven algorithm to inform which individuals are most likely
to benefit from a meditation app. Such an algorithm could be used to objectively communicate expected benefits to individuals,
allowing them to make more informed decisions about whether a meditation app is appropriate for them.

Trial Registration: ClinicalTrials.gov NCT04426318; https://clinicaltrials.gov/ct2/show/NCT04426318

(J Med Internet Res 2022;24(11):e41566)   doi:10.2196/41566
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Introduction

Background
Precision medicine, which involves the use of individual
variability to guide prevention and treatment, has gained
momentum in the health sciences over the past several years
[1]. This approach aims to improve outcomes by matching
patients with interventions most likely to yield success. In some
medical specialties, precision medicine has led to impressive
advances in personalized care. For example, research in
oncology (eg, lung and breast cancer) has effectively matched
patients to targeted cancer treatments based on the unique
genetic characteristics of their tumors, which has been shown
to improve outcomes [2-4].

Psychiatry and clinical psychology have long hoped to better
match patients with interventions. Numerous studies have
examined patient-level factors (eg, demographic, clinical, and
neurobiological characteristics) as predictors of treatment
response [5,6]. However, with many potential predictors and
inconsistencies across studies in the presence, direction, and
strength of associations with outcomes, empirically supported
guidelines for optimal treatment matching remain elusive.

Machine learning has emerged as a promising analytical
approach well suited for handling and integrating large numbers
of predictor variables, including correlated predictors, that may
individually only modestly predict outcomes of interest but can
collectively predict significant variance in patient outcomes
[7,8]. Specific machine learning approaches such as decision
tree–based algorithms (eg, random forest) also effectively model
nonlinear and higher-order interactions that may underlie
predictive relationships [9]. In contrast to traditional statistical
approaches that emphasize evaluating a specific hypothesis (ie,
null hypothesis significance testing), machine learning models
typically emphasize optimizing predictive performance, and
evaluating the generalizability of models to new individuals
(eg, via cross-validation [CV], hold-out samples, or external
validation) [10]. Machine learning approaches are increasingly
being applied with some success in psychiatry and clinical
psychology, with a growing number of studies demonstrating
their ability to predict response to various psychiatric treatments
[10-12].

In pursuit of precision mental health, researchers have leveraged
machine learning approaches to optimize treatment
recommendations [13-15]. For example, DeRubeis et al [16]
developed the Personalized Advantage Index (PAI) as an
algorithm for guiding treatment recommendations based on
pretreatment patient characteristics. These models attempt to
predict the benefit that a specific patient would derive from
treatment A versus treatment B. The PAI has been successfully
used to predict response to cognitive behavioral therapy (CBT)
versus an antidepressant medication [16], CBT versus
interpersonal therapy [17], CBT versus psychodynamic therapy
[18], and an antidepressant medication versus placebo [19].

Prior research using the PAI and related approaches [12]
provides promising initial evidence that data-driven algorithms
may improve patient outcomes by matching individuals to the

most therapeutically beneficial treatment, as opposed to the
current suboptimal trial and error approach to treatment
selection, which results in protracted psychiatric illness until
an effective treatment is found. However, the fact remains that
a substantial proportion of individuals with psychiatric disorders
go untreated [20,21]. Digital health technologies, such as
internet-based CBT [22] and smartphone-delivered mental health
apps [23], have the potential to substantially increase access to
evidence-based treatments [24]. However, the availability of
thousands of mental health apps leaves potential consumers
faced with a dizzying number of choices, with essentially no
way of knowing which specific app may best suit their needs
[25]. Data-driven treatment recommendation algorithms, such
as the PAI, offer promising tools for informing optimal
patient-treatment fit. Such approaches may also be valuable for
addressing the persistent limitations of mobile health (mHealth)
approaches, including notoriously high and rapid disengagement
[26,27]. Moreover, the scalability of mHealth makes it possible
to collect adequately powered sample sizes for robust modeling
[28].

A recent analysis of available mental health apps revealed that
meditation and mindfulness training (along with journaling and
mood tracking) are the most common features offered across
apps [29]. The two most widely used meditation apps
(Headspace and Calm, with 5 million and 9 million monthly
active users, respectively) account for 96% of daily active users
in a recent evaluation of the top 27 apps for depression and
anxiety [30]. Despite the soaring popularity of meditation apps,
a critical question remains unanswered: For whom is app-based
meditation training well suited?

This Study
This study involved a secondary analysis of a large-scale
randomized controlled trial (RCT) comparing a meditation-based
smartphone app, the Healthy Minds Program (HMP), with an
assessment-only control condition [31]. The RCT was conducted
on a sample of school district employees (n=662) in the state
of Wisconsin during the COVID-19 pandemic. Relative to
prepandemic levels, the rates of emotional distress and
depressive symptoms increased substantially during the
COVID-19 pandemic [32]. Available evidence suggests that
the emotional well-being of teachers also decreased during the
pandemic [33,34], as they coped with COVID-19–related
stressors, uncertainty, and risks with the return to in-person
instruction. Using data from the above RCT, the overarching
goal of this study was to develop and evaluate a data-driven
(PAI) approach to inform personalized meditation app
recommendations for school employees. Using readily gathered
self-reported baseline demographic and clinical characteristics,
we developed and tested a machine learning algorithm to
identify which individuals are most likely to benefit from the
HMP app.

Methods

Participants and Procedure
Wisconsin school district employees were recruited via email
and other electronic media between mid-June 2020 and late
August 2020 (for a full description of study procedures, refer
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to the study by Hirshberg et al [31]). Eligible participants were
adults (aged ≥18 years) currently employed by a Wisconsin
school who owned a smartphone capable of downloading the
HMP, were fluent in English, had limited exposure to meditation
or the HMP app, and had depressive symptoms below the severe
range (t score<70 on Patient-Reported Outcomes Information
System [PROMIS] Depression [35]). The t scores are population
normed at 50, with an SD of 10. On completing the pretest
measures, 666 participants were randomly assigned to use the
4-week HMP or an assessment-only control condition (4
participants were removed for failing multiple attention checks;
refer to Figure S2 in Multimedia Appendix 1 [31,35-49] for the
CONSORT [Consolidated Standards of Reporting Trials] flow
diagram). Participants completed weekly questionnaires during
the intervention period (ie, weeks 1, 2, and 3) along with a
posttreatment assessment (week 4) and follow-up assessment
(3 months after the end of the intervention period). These
measures were administered via the web-based REDCap
(Research Electronic Data Capture) survey system.

The trial was preregistered at ClinicalTrials.gov (NCT04426318)
and through the Open Science Framework [50]. However, the
current prediction analyses were not planned a priori and were
not included in the preregistered data analysis plan. All code
(implemented in the R statistical software [51]) used to
reproduce the analyses in the manuscript have been posted on
Open Science Framework [52].

The HMP includes contemplative practices designed to build
skills supportive of 4 pillars of well-being: awareness,
connection, insight, and purpose [36,37]. Participants were
encouraged to engage with content from each of the 4 modules
for approximately 1 week (ie, 4 weeks total). The content
included didactic instruction and guided meditation practices.
For the guided practices, participants could select the length of
practice from 5 to 30 minutes. The HMP app was used for a
mean of 10.9 (SD 9) days during the 4-week trial. For additional
trial and sample details, refer to the study by Hirshberg et al
[31].

Ethics Approval
The study procedures were approved by the University of
Wisconsin—Madison Institutional Review Board (number
2020-0533).

Measures

Demographic Characteristics
The participants reported their age, gender identity, race and
ethnicity, marital status, and income at baseline.

Primary Outcome
The prespecified primary outcome in the parent RCT was
psychological distress, which was a composite of the
computer-adaptive versions of the PROMIS Anxiety and
PROMIS Depression measures [35] and the 10-item Perceived
Stress Scale [38]. All 3 are widely used measures with
established reliability and validity [39,40]. Refer to Multimedia
Appendix 1 for details. Consistent with the prespecified data
analytic plan, multilevel models estimated changes in distress
over the 4-week intervention period. Random slopes

(representing individual changes in distress over the intervention
period) were calculated for each participant and served as the
primary outcome in our machine learning prediction models.

Predictors
Several additional self-report questionnaires assessed secondary
outcomes and candidate mediators that were theoretically linked
to the pillars of well-being trained within the HMP. The 15-item
Perseverative Thinking Questionnaire (PTQ) [53] assessed
worry and rumination (Cronbach α=.95). The 5-item World
Health Organization [54] assessed global well-being (α=.85).
The 8-item Act with Awareness subscale of the Five Facet
Mindfulness Questionnaire [55] assessed mindful attention in
daily life (α=.91). The 5-item National Institutes of Health
Toolbox Loneliness Questionnaire [56] assessed perceived
social disconnection (α=.90). The 12-item Self-Compassion
Scale Short Form [57] assessed feelings of kindness toward
oneself (α=0.86). The 10-item Drexel Defusion Scale [58]
assessed the ability to experientially distance from internal
experiences (α=.84). The 10-item Meaning in Life Questionnaire
(MLQ [59]) assessed the presence and search for meaning
(Cronbach α=.91 and Cronbach α=.93, respectively).

Analytic Strategy
Predictor variables included preintervention distress (composite
measure), anxiety (PROMIS), depression (PROMIS), stress
(Perceived Stress Scale), repetitive negative thinking (PTQ),
the mindfulness facet of acting with awareness (Five Facet
Mindfulness Questionnaire), loneliness (National Institutes of
Health Toolbox Loneliness), defusion (Drexel Defusion Scale),
presence (MLQ), search for meaning (MLQ), self-compassion
(Self-Compassion Scale Short Form), well-being (5-item World
Health Organization), age, gender, race, marital status, and
income.

Missing Value Imputation
Missing data were imputed using a random forest–based
imputation (MissForest package in R [60]). To avoid
contamination between the predictor and outcome scores, which
may optimistically bias predictive performance, the outcome
variable (slope of change in distress) was excluded from the
imputation procedure. The rate of missing data was very low,
with no variable missing more than 6 values. Refer to
Multimedia Appendix 1 for additional details.

Generating Predicted Outcomes
To predict outcomes, 2 prognostic models (using elastic net
regularized regression [ENR]; glmnet package in R) were
developed: one for participants who received HMP and one for
those who received the assessment-only control condition. To
minimize overfitting, which can occur with traditional k-fold
CV, a nested CV procedure was used for each of these
prognostic models (ie, incorporating an outer and inner CV loop
[41-44]). Refer to Multimedia Appendix 1 for details of the
nested CV procedure.

The steps mentioned earlier generated predicted HMP outcomes
for HMP participants and predicted control condition outcomes
for the control participants. To generate predicted outcomes for
the counterfactual condition (ie, the treatment condition one did
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not receive), an ENR model was developed for one group (ie,
full HMP or control sample) and used to predict outcomes for
participants in the other group.

Evaluation of Recommendations
As a final product of the prediction models mentioned earlier,
every participant had 2 predicted outcome scores: one for HMP
and one for the control condition. Consistent with previous
similar studies [18,19,61], we computed a PAI score by
subtracting these 2 predicted outcomes (ie, the predicted slope
of change in distress for HMP minus control) for each individual.
Thus, a negative PAI score indicates that a given participant is
predicted to experience greater reductions (ie, a more negative
slope) in distress in HMP relative to the assessment-only control
condition (and vice versa for positive PAI scores). The PAI can
be interpreted as a continuous indicator reflecting the expected
magnitude of the advantage of one treatment condition relative
to the other (eg, a large negative PAI value indicates that the
model predicts a relatively large between-group difference in
outcome favoring HMP). We tested whether PAI scores
moderated treatment group differences in outcome (ie, slope of
change in distress) via a group (ie, intervention condition) ×
PAI interaction. The latter test allowed us to answer the
following question: Are more negative PAI scores (reflecting
relatively greater predicted benefit from HMP relative to the
control condition) in fact associated with larger observed
differences in outcomes favoring HMP?

Comparison Model
We compared the abovementioned multivariable machine
learning (ENR) model with a simple linear regression with
baseline repetitive negative thinking (PTQ) scores as the sole
predictor (ie, repeating the above steps to generate a PAI score
for every participant) implemented via 10-fold CV (repeated
100 times to generate stable estimates). Repetitive negative
thinking was selected as a predictor in this comparison model
based on prior research, indicating that it predicts response to

mindfulness apps [43,45]. Refer to Multimedia Appendix 1 for
additional analyses with baseline distress as the sole predictor.
Finally, we used the parameter estimates from the final models
to demonstrate the translation of the predicted outcomes to
personalized recommendations for app-based mindfulness
training.

All analyses were conducted using R software (version 4.0.2)
[62]. The sample size was originally determined for the purpose
of the parent trial to detect between-group differences in the
primary outcome (change in distress [50]). To estimate whether
the current sample size was adequately powered for the analyses
proposed in this study, a Monte Carlo simulation approach
(InteractionPoweR package in R) was used. Informed by the
effect sizes from a prior mindfulness app RCT [45] that tested
similar group × PAI interactions, simulations revealed that a
sample size of at least 153 was needed for group × PAI
interaction tests (with Cronbach α=.05; power=80%; refer to
Figure S1, including figure note, in Multimedia Appendix 1 for
additional power analysis details).

Results

Sample Demographics
The majority (523/662, 79%) of the participants reported
depression or anxiety symptoms at baseline that were above the
clinical cutoff on the PROMIS Depression and PROMIS
Anxiety measures (t score>55), and more than half of the sample
(343/662, 51.8%) reported moderate or greater anxiety or
depressive symptoms at baseline (t score>60).

The groups did not differ at baseline in terms of the demographic
or clinical variables (Table 1). Of those assigned to HMP, 95.6%
(329/344) downloaded the app and 78.8% (271/344) used the
app for ≥1 day. The mean number of days of use was 10.88 (SD
9.08). The mean number of minutes of practice was 127.93 (SD
130.63).
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Table 1. Descriptive statistics for Healthy Minds Program and assessment-only control at baseline.

Pa valueControlHealthy Minds ProgramVariable

Value, mean
(SD)

Value, n (%)Value, NValue, mean
(SD)

Value, n (%)Value, N

.7842.70 (10.23)—31842.47 (11.06)—344Age (years)

.75—279 (87.7)318—299 (86.9)344Gender (female)

.13—268 (84.3)318—304 (88.4)344Non-Hispanic White

.45—216 (67.9)318—243 (70.6)344Married

.72—281 (88.9)316—308 (89.8)343College education

Income (US $)

.73—55 (17.3)318—56 (16.3)344≤50,000

.91—129 (40.6)318—141 (41.0)34450,000-100,000

.99—96 (30.2)318—104 (30.2)344100,000-150,000

.99—37 (11.6)318—40 (11.6)344≥150,000

PROMISb

.8555.47 (6.43)—31555.37 (6.20)—342Depression

.7560.00 (7.11)—31559.83 (6.95)—342Anxiety

.692.87 (0.60)—3152.89 (0.56)—342Perceived Stress Scale

.970.00 (0.91)—3150.00 (0.88)—342Distressc (composite)

.7629.62 (11.29)—31529.89 (10.43)—342Perseverative Thinking Questionnaire

.6224.56 (6.12)—31524.80 (5.93)—342Five Facet Mindfulness Questionnaire—Act-
ing with Awareness Subscale

.452.58 (0.77)—3152.53 (0.77)—342National Institutes of Health Toolbox
Loneliness

.6024.50 (8.16)—31524.83 (7.89)—342Drexel Defusion Scale

MLQd

.3625.81 (5.46)—31526.20 (5.44)—342Presence

.3822.09 (6.79)—31521.63 (6.61)—342Search for meaning

.4212.47 (4.33)—31512.76 (4.71)—341World Health Organization well-being

.372.93 (0.70)—3152.98 (0.69)—342Self-Compassion Scale

aP value from independent samples t test comparing groups at baseline.
bPROMIS: Patient-Reported Outcomes Information System.
cDistress: composite of PROMIS Depression, PROMIS Anxiety, and Perceived Stress Scale.
dMLQ: Meaning in Life Questionnaire.

Outcome Prediction
Higher baseline levels of distress, depression, and stress
predicted better outcomes (ie, greater reductions in distress) in
HMP (Table 2). The zero-order correlations between outcome
and these 3 predictors were r=−0.30 (for distress), r=−0.30
(depression), and r=−0.26 (stress). Predicted HMP outcomes
were significantly correlated with observed outcomes for the
HMP group (r=0.27; P<.001; root mean square error
[RMSE]=0.10) but not with the control condition outcomes

(r=0.07; P=.21; RMSE=0.12). Conversely, predicted control
condition outcomes were significantly correlated with observed
outcomes for the control group (r=0.19; P<.001; RMSE=0.10)
but not with HMP outcomes (r=0.10; P=.06; RMSE=0.12).
Higher baseline scores for the following variables predicted
better outcomes in the control condition: distress, anxiety,
depression, stress, loneliness, defusion, and presence. In
addition, lower levels of repetitive negative thinking, higher
self-compassion, and being married were associated with better
control condition outcomes (Table 2).
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Table 2. Baseline variables retained in elastic net models predicting outcomes for each conditiona.

Control model, coefficientHealthy Minds Program model, coefficientPredictors

——bAge (years)

——Gender

——Race

−0.006—Marital status

——Income

PROMISc

−0.005−0.012Depression

−0.007—Anxiety

−0.006−0.003Perceived Stress Scale

−0.008−0.011Distressd (composite)

0.012—Perseverative Thinking Questionnaire

——Five Facet Mindfulness Questionnaire—Acting with Awareness Subscale

−0.002—National Institutes of Health Toolbox Loneliness

−0.011—Drexel Defusion Scale

MLQe

−0.008—Presence

——Search for meaning

——World Health Organization well-being

−0.002—Self-Compassion Scale

aThe larger set of baseline predictors retained in the elastic net regularized regression model applied to the control participants relative to the Healthy
Minds Program (HMP) group was because the best-fitting model in the former group had a lower α value (ie, closer to ridge than lasso regression)
relative to the HMP group. Negative parameter estimates indicate that higher scores on the predictor variable are associated with better outcomes (ie,
reductions in distress).
bVariables that were not retained in the elastic net model.
cPROMIS: Patient-Reported Outcomes Information System.
dDistress: composite of PROMIS Depression, PROMIS Anxiety, and Perceived Stress Scale.
eMLQ: Meaning in Life Questionnaire.

Meditation App Recommendations
The mean PAI score was −0.07 (SD 0.03; range −0.17 to 0.03),
indicating that the model predicted greater average symptom
improvement for the HMP meditation app than for the
assessment-only control condition. The model recommended
HMP (PAI<0) for all participants except 5 (657/662, 99.2%).

Evaluation of Recommendations
A significant group × PAI interaction emerged in predicting

outcome (t658=3.30; P=.001; adjusted r2=0.10), indicating that
PAI scores moderated group differences in outcome. As
displayed in Figure 1, as PAI scores decrease (ie, reflecting
relatively stronger HMP recommendations), group differences
in observed outcome increase, favoring HMP.
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Figure 1. Group × Personalized Advantage Index (PAI) interaction. As PAI scores decrease (ie, reflecting relatively stronger recommendations for the
Healthy Minds Program [HMP] app) group differences in observed outcome increase, favoring HMP.

Comparison Model
In the linear regression comparison model applied to the HMP
group, higher levels of repetitive negative thinking were
significantly associated with a greater reduction in distress from
the mindfulness app (B=−0.02; t342=−3.37; P<.001). The
correlation between predicted HMP outcomes and observed
outcomes was r=0.16 (P=.003; RMSE=0.10) for participants
who received HMP and r=−0.14 (P=.02; RMSE=0.12) for the
control group. In contrast to the pattern of findings for the HMP
group, the linear regression model applied to the control sample
revealed that higher levels of repetitive negative thinking were
significantly associated with poorer outcomes than in the control
condition (B=0.01; t316=2.44; P=.02).

The correlation between predicted control condition outcomes
and observed outcomes was r=0.11 (P=.049; RMSE=0.11) for
the control group and r=−0.18 (P<.001; RMSE=0.12) for the
HMP group.

A significant group × PAI interaction emerged in predicting

changes in distress (t658=3.81; P<.001; adjusted r2=0.11),
indicating that PAI scores moderated group differences in
outcomes (Figure 2). Specifically, as PAI scores decreased
(reflecting increasing repetitive negative thinking scores), group
differences favoring the HMP condition also increased. Given
the association between repetitive negative thinking and
depressive symptoms [46,47], we also conducted additional
sensitivity analyses controlling for baseline levels of depressive
symptoms (as well as considering the number of days the app
was used), which yielded the same pattern of findings
(Multimedia Appendix 1). In summary, these results indicate
that a simple linear regression including repetitive negative
thinking as the sole predictor yields equivalent performance
relative to a more complex multivariable ENR model (ie,

adjusted r2=0.11 vs r2=0.10, respectively, for the group × PAI
interaction).
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Figure 2. Group × Personalized Advantage Index (PAI) interaction for the comparison model (ie, linear regression with baseline repetitive negative
thinking [PTQ] scores as the sole predictor). As PAI scores decrease (ie, reflecting relatively stronger recommendations for the Healthy Minds Program
[HMP] app) group differences in observed outcome increase, favoring HMP.

Translating a Predictive Model to Personalized
Meditation App Recommendations
To demonstrate the translation of a predictive model to
personalized recommendations, we used the parameter estimates
from the above regression models to estimate predicted changes
in distress in HMP versus the assessment-only condition for a
new individual based on their preintervention repetitive negative
thinking score. Given that the simpler regression model
performed similarly to the more complex multivariable ENR
models, we used the former model for this demonstration.

First, as shown in Figure 3, we plotted the relationship between
PAI scores and outcomes for HMP (blue line) and the
assessment-only control condition (red line). The dashed vertical
gray line represents the point at which the 2 regression lines
intersect. An individual with a PAI score to the left of this line
was predicted to have a better outcome in HMP relative to the
assessment-only control condition (and vice versa for individuals
with PAI scores to the right of this line). The area to the left of
this line is colored yellow, reflecting a “cautious
recommendation” for app-based meditation training. Second,
we computed a 95% CI via bootstrap resampling (Boot package
in R) [63]. Specifically, we drew 1000 samples with replacement
and recomputed the 2 regression lines and their intersection
points in each of these samples. The dashed vertical red line
represents the left margin of the 95% CI for this intersection
point. In other words, if an individual’s PAI score falls to the
left of this line, our confidence in the predicted benefit of HMP

relative to the assessment-only condition increases. Third, we
also implemented the Johnson-Neyman technique [64]
(Interactions package in R) to probe the group × PAI interaction
and to estimate the value of the moderator (PAI) at which group
differences in outcomes become statistically significant. This
occurred at PAI<−0.02 (solid vertical gray line in Figure 3,
immediately adjacent to the dashed red line). If a participant’s
PAI score falls to the left of both the 95% CI (dashed red line)
and the Johnson-Neyman threshold (solid gray line), the plot
area is colored green to reflect a more confident recommendation
to use HMP.

To illustrate with a concrete example, an individual with a
repetitive negative thinking (PTQ) score of 1 SD above the
mean (ie, 41) would have a PAI score of −0.10 (within the
“green zone” of Figure 3) and a predicted slope of change in
distress of −0.049 (ie, expected reduction in distress) in HMP
and 0.047 (ie, expected increase in distress) in the
assessment-only condition over 4 weeks. Assuming that this
individual had a preintervention level of distress at the 50th
percentile, they would be predicted to be at the 41st percentile
(relative to preintervention distress scores) following the 4-week
mindfulness app course and at the 58th percentile if they only
completed symptom assessments (ie, control condition). In
summary, based on a brief assessment of perseverative negative
thinking, our algorithm can provide individual users with useful
information regarding their expected benefit before they decide
to enroll in a multiweek course of app-based meditation training.
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Figure 3. Plot of the relationship between Personalized Advantage Index (PAI) scores and outcome for each condition to inform personalized
recommendations. The dashed vertical gray line indicates the point at which the 2 regression lines intersect (left margin of a bootstrapped 95% CI is
shown with a dashed vertical red line). The solid vertical gray line (adjacent to the red line) is derived from the Johnson-Neyman technique and represents
the value of the moderator (PAI) at which between-group differences in outcome become statistically significant. Refer to the detailed description in
text, with an example for personalized Healthy Minds Program [HMP] recommendation.

Discussion

Principal Findings
An increasing number of individuals are turning to meditation
apps to alleviate their emotional distress. Meditation apps
represent the most commonly used mental health apps for
depression and anxiety [30]. Despite their growing popularity,
little is known about the benefits of these apps. In this study,
we developed an algorithm to predict the benefit that an
individual would be expected to experience from a
smartphone-based meditation intervention (HMP) relative to
an assessment-only control condition. We found evidence that
a data-driven model can successfully predict differential
response to a meditation app versus an assessment-only control
condition using self-reported baseline demographic and clinical
characteristics. Specifically, PAI scores significantly moderated
group differences in outcomes. Individuals with more negative
PAI scores, reflecting relatively stronger meditation app (ie,
HMP) recommendations, had better outcomes if randomly
assigned to the meditation app relative to the control condition.
As expected, given overall group (ie, HMP > control) differences
in outcome [31], the models typically predicted greater benefits
from HMP versus the control condition. However, the predicted
benefits of HMP were not always large, and in some cases, the
PAI model predicted either relatively small between-group
differences in outcome (“yellow zone” in Figure 3) or even
better outcomes in the control condition (“red zone”). The

former cases could be interpreted as instances in which the costs
of engaging in a multiweek meditation app course (eg, time
investment, delay in engaging with other, more helpful
interventions) may not be worth the potential benefits.

Critically, a comparison linear regression model that only
included information about baseline levels of repetitive negative
thinking performed comparably well to a multivariable machine
learning model (in contrast, refer to the studies by Webb et al
[65] and Buckman et al [66]). Repetitive negative thinking
moderated the outcome of app-based meditation training relative
to the assessment-only control condition. Importantly, these
findings reveal that higher repetitive negative thinking is not
simply a general “prognostic” indicator of one’s likelihood of
experiencing reductions in distress (eg, due to regression to the
mean or the passage of time). In other words, greater repetitive
negative thinking did not predict greater reductions in distress
in both the meditation app and control conditions. Instead, and
similar to prior research focused on a different mindfulness app
and sample (adolescents with elevated rumination) [43,45],
individuals with higher baseline levels of repetitive negative
thinking derived greater relative benefit from a meditation app.
One question is whether these findings are specific to repetitive
negative thinking or instead may be driven by correlated clinical
characteristics, in particular, depressive symptoms or distress.
Sensitivity analyses revealed that repetitive negative thinking
significantly moderated group differences in outcomes even
when controlling for depressive symptom severity or distress
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(Multimedia Appendix 1). In summary, these findings indicate
that a brief self-report assessment of repetitive negative thinking
can inform which individuals are most likely to benefit from
app-based meditation training.

As illustrated in Figure 3, our predictive model can be readily
applied for personalized meditation app recommendations for
new individuals. First, the model provides a binary prediction
of whether an individual is expected to experience greater
reductions in distress from the meditation app relative to
symptom assessment only (ie, based on whether PAI scores fall
to the left or right of the intersection point [vertical dashed gray
line]). Second, the model provides an estimate of the magnitude
of the expected difference in outcomes between the meditation
app and the control condition. Finally, the model also
distinguishes between the strengths of recommendations to use
the meditation app, demarcated by the green (confident
recommendation) and yellow (cautious recommendations) zones
of the figure (with boundaries defined by a bootstrapped CI and
Johnson-Neyman interval). Collectively, this information can
be used to provide individuals with objective metrics about
expected outcomes to inform their decision on whether to enroll
in a meditation app course. Such information could readily be
implemented within mHealth interventions such as the HMP.
Participants could first complete a brief self-report assessment
of repetitive negative thinking and receive feedback on their
predicted outcomes before deciding to use the app.

Although potentially useful in terms of encouraging the optimal
use of users’ time and attention, informing some individuals
that engagement with a meditation app may not be beneficial
to them is unlikely to be embraced by many intervention
developers. However, these models can be readily extended to
instances in which one or more mHealth interventions are being
compared. Given the thousands of available mental health apps
[25], which should be compared? One approach is to focus on
the most popular (eg, most frequently downloaded) mental
health apps, which include mindfulness, journaling, CBT, and
mood tracking apps [29,30]. For example, future studies could
develop algorithms for predicting response to various popular
mental health apps, which differ substantially in intervention
focus (eg, meditation apps vs CBT-based apps vs mood tracking)
[29,67], or even compare a mental health app with conventional
(in-person) psychotherapy or pharmacotherapy. Such studies
could determine, for example, whether we can predict which
individuals with depressive symptoms require conventional,
face-to-face CBT (or an antidepressant prescription) versus
those who would experience symptom remission from a brief
app-based meditation or CBT course. In addition, future studies
could compare different versions of a single app. For example,
individuals may differ in the extent to which they benefit from
different types of meditation (eg, cultivating focused attention
on breath, open monitoring, or loving-kindness meditations) or
different lengths or frequencies of guided meditation sessions.

In addition to informing consumer choice, the ability to predict
who is most likely to benefit from a particular intervention could
inform health care policy and decision-making. In contrast to
a stepped care model in which treatment intensity is escalated
based on the response to interventions, predictive models could
be used to initially assign patients to the treatment expected to

yield the best outcomes for that individual based on their
baseline characteristics (ie, stratified care) [68]. In theory, the
latter approach could minimize the delay in receiving an
effective intervention.

Another important avenue for future research is to test the extent
to which these findings can be generalized to other meditation
apps (eg, Headspace and Calm). In many ways, HMP is similar
to other meditation apps. It includes training in mindfulness and
connection (eg, loving-kindness, compassion) practices that are
also available in popular mindfulness apps such as Headspace
and Calm. One difference is that HMP includes practices
designed specifically to cultivate a healthy sense of self (Insight
module) as well as purposes and meaning in life (Purpose
module). The inclusion of these practices is derived from a
neuroscience-based model of well-being on which HMP is based
[36]. Thus, it is more accurate to view HMP as a meditation
app that intentionally moves beyond mindfulness to place equal
emphasis on other domains of well-being and contemplative
practices designed to support these additional domains.
Ultimately, additional research is needed to test whether the
pattern of findings presented in this study generalize to other
meditation and mindfulness apps.

Finally, given the lack of prior research predicting mental health
app outcomes, further research is needed to test the impact of
presenting predicted mindfulness app prognosis on patient
outcomes. For example, before using a mindfulness app, patients
could be randomly assigned to receive their predicted outcomes
or not receive this information. Several relevant outcomes could
be examined, including (1) between-group differences in
symptom change, (2) the extent to which receiving these
predictions influences expectancies of therapeutic benefit, (3)
the relationship between expectancies and app outcome, and
(4) the extent to which individuals use the
algorithm-recommended intervention or disregard the
recommendation.

Limitations
This study has several important limitations. First, although
basing models exclusively on self-reported data is attractive
from an implementation perspective, we may have excluded
other patient characteristics that provide important additional
predictive information to inform optimal treatment
recommendations (eg, biomarkers and cognitive tasks) [12]. In
addition, repetitive negative thinking, which emerged as a
predictor of differential response, may be more validly assessed
via methods other than conventional retrospective self-report
questionnaires (eg, repeated, daily ecological momentary
assessment [43,69]). Other relevant variables (eg, app use data,
motivational variables, and involvement in other activities linked
to better mental health) could be assessed in future studies.
Second, our results emerged within a specific sample (school
district employees), which did not have adequate representation
of males, Black, Indigenous, and people of color, or individuals
with low income. The sample is representative of Wisconsin in
terms of race (83% of Wisconsinites are White) but includes a
higher proportion of females. However, the gender difference
in our sample is not surprising, given that females are more
likely than males to (1) be employed as teachers [70] and (2)
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experience and seek treatment for depressive and anxiety
symptoms [71]. Third, we were unable to conduct external
validation by evaluating model prediction performance in an
entirely new sample (eg, from another RCT). Fourth, as is
common in digital therapies [48], a sizable subset of participants
used the app for relatively few days. However, the results
remained significant when restricting our analyses to subsets
of participants who used the app for a longer period (Multimedia
Appendix 1). Fifth, we did not include an active comparison
condition. Our assessment-only control condition was not
designed to control for placebo-related processes [72]. The
methods demonstrated here may ultimately be most relevant in
helping patients and clinicians decide between competing
interventions that are intended to be therapeutic.

Conclusions and Future Directions
This study demonstrated the potential utility of data-driven
approaches for informing personalized meditation app
recommendations. A natural extension of this study is to conduct
a prospective test of our algorithm using a doubly randomized
design. For example, participants could be randomized to either
(1) random treatment assignment (ie, treatment A or treatment
B) or (2) be assigned to their algorithm-indicated treatment. To
the extent that patient outcomes are significantly (and clinically
meaningfully) better in the latter condition, the results would
support the clinical benefits of algorithm-informed treatment
recommendations (for a recent example of a similar design

testing predictive matching of patients to therapists, refer to the
study by Constantino et al [73]). In addition to comparing
treatment packages, this design could be readily used to evaluate
other customizable elements of HMP or other mHealth
interventions. This may include assignment to receive various
components or ordering of components within HMP, assignment
to HMP or an alternative commonly used mHealth intervention
(eg, CBT, behavioral activation, journaling, or mood tracking
apps), or assignment to varying treatment intensities (eg,
meditation practice frequency).

Other potentially fruitful future directions include evaluating a
broader set of patient characteristics previously shown or
hypothesized to predict the likelihood of responding to different
interventions [5]. In addition, prediction models could be
developed using data drawn from large naturalistic data sets
evaluating mHealth interventions, as has been done for in-person
psychotherapy and pharmacotherapy [65,74-76]. In addition to
testing the utility of these models in “real-world” settings,
naturalistic settings often provide large data sets relative to
RCTs and thus can increase statistical power [28]. Ultimately,
these approaches may gradually help supplement our reliance
on trial and error for treatment selection with empirically
supported, data-driven algorithms to objectively communicate
expected benefits to individuals, allowing them to make
well-informed decisions about which interventions are best for
their needs.
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Abstract

Background: An increasing number of people are becoming addicted to the internet as a result of overuse. The Internet Addiction
Test (IAT) is a popular tool for evaluating internet use behaviors. The interaction between different symptoms and the relationship
between IAT and clinical diagnostic criteria are not well understood.

Objective: This study aimed to explore the core symptoms of internet addiction (IA) and the correlation between different
symptoms of the IA symptom network. Network analysis was also conducted to explore the association between the IAT scale
and the Diagnostic and Statistical Manual of Mental Disorders–5th edition (DSM-5) criteria for IA.

Methods: We recruited 4480 internet users (aged 14-24 years), and they completed the IAT. The final analysis included 63.50%
(2845/4480) of the participants after screening the submitted questionnaires. Participants were classified into IA group and non-IA
(NIA) group. By using partial correlation with Lasso regularization networks, we identified the core symptoms of IA in each
group and compared the group differences in network properties (strength, closeness, and betweenness). Then, we analyzed the
symptom networks of the DSM-5 diagnostic criteria and IAT scale for IA.

Results: A total of 12.47% (355/2845) of the patients were in the IA group and 87.52% (2490/2845) of the patients were in the
NIA group, and both groups were evaluated for the following nodes: IAT_06 (school work suffers; strength=0.511), IAT_08 (job
performance suffers; strength=0.531), IAT_15 (fantasize about being on the web; strength=0.474), IAT_17 (fail to stop being on
the web; strength=0.526), and IAT_12 (fear about boredom if offline; strength=0.502). The IA groups had a stronger edge between
IAT_09 (defensive or secretive about being on the web) and IAT_18 (hidden web time) than the NIA groups. The items in DSM-5
had a strong association with IAT_12 (weight=−0.066), IAT_15 (weight=−0.081), IAT_17 (weight=−0.106), IAT_09
(weight=−0.198), and IAT_18 (weight=−0.052).

Conclusions: The internet use symptom network of the IA group is significantly different from that of the NIA group. Nodes
IAT_06 (school work affected) and IAT_08 (work performance affected) are the resulting symptoms affected by other symptoms,
whereas nodes IAT_12 (fear about boredom if offline), IAT_17 (inability to stop being on the web), and IAT_15 (fantasize about
being on the web) are key symptoms that activate other symptoms of IA and are strongly linked to the inability to control the
intention to play games in the DSM-5.

(J Med Internet Res 2022;24(11):e38984)   doi:10.2196/38984
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Introduction

Background
Internet addiction (IA) refers to the inability of individuals to
control their internet behaviors, which can also lead to
dysfunction in their lives [1]. The prevalence of IA varies from
0.8% to 26.7% in different populations, with high prevalence
in adolescents and young adults [2]. IA leads to serious
dysfunction symptoms, which are often characterized by
irritability, quarrels with people, increased lying, academic
neglect, social withdrawal, and mental symptoms [3]. Currently,
there is no unified standard for the diagnosis of IA. The recently
proposed Assessment of Criteria for Specific Internet-use
Disorders mainly refers to International Classification of
Diseases 11th revision (ICD-11) [4]. The treatment of IA
remains in the mapping stage [5]. However, the diagnosis and
treatment of IA are complicated by the lack of clarity regarding
the core symptoms and their interactions.

Addiction is generally considered to have symptoms such as
abnormal craving desires, impaired inhibitory control,
compulsive addictive behaviors, and abnormalities in negative
emotion regulation [6]. By comparing ICD-11 and Diagnostic
and Statistical Manual of Mental Disorders–5th edition (DSM-5)
diagnostic criteria, we found 2 characteristics mentioned by
both. First, people not only spend a lot of time and energy in
playing games but, more importantly, they also ignore the
realities of life and can no longer undertake the social roles they
used to play and no longer participate in social life. Second,
they lose control of their actions and let the games control their
lives. The reason for both is that individuals cannot be satisfied
in the real world but show their spiritual world on the internet
to obtain a sense of achievement [7]. Such a perfect image,
which is different from that of the real world, is brought about
by the anonymity of the internet. Anonymity may amplify
negative symptoms, thereby influencing other symptoms of IA
[8]. The core symptoms are the most influential symptoms of
a disorder, and they can activate other symptoms and promote
the development of mental illness [9]. In general, identifying
the core symptoms helps to target clinical interventions. Core
symptoms are classified as key symptoms and outcome
symptoms based on their different properties. Key symptoms
are the core symptoms that have the greatest impact on other
symptoms in the network, and outcome symptoms are the most
affected by other symptoms [10].

In recent years, the emerging perspective of network analysis
has provided new view and tools for understanding
psychopathology [11]. In network analysis, which is different
from the previous perspective, the existing models conceptualize
psychiatric disease as a static structure based on underlying
models, suggesting that observable clinical symptoms and signs
are caused by underlying variables [12-16]. The symptom
network perspective considers symptoms as the integrated
component of mental disorders [9,17]. The network analysis
approach can identify the most influential symptoms (core

symptoms) in the symptom network, which are defined as the
symptoms with high centrality. These influential symptoms can
more actively affect other symptoms in the network, thus
promoting the development of mental illness [9]; therefore,
identifying the influential symptoms is helpful in identifying
targets for clinical intervention. Strength and edge are two
important indices in network analysis, and strength represents
the total weight of the connections from other nodes to specific
nodes. The association line (or edge) between the node is
represented. Edge is a line between nodes that represents a
regularization part. The wider the edge, the stronger the
association.

Clinical symptoms of IA are often measured using
questionnaires such as the Internet Addiction Test (IAT) [18,19].
The IAT is a widely used tool, and it shows adequate
psychometric features [20]. There is evidence that the IAT is a
valid and reliable scale for the screening of IA among Chinese
adolescents [21]. The IAT scale contains a total of 20 items and
can reflect IA from compulsive use behaviors, withdrawal
symptoms, tolerance, interpersonal health, time management,
and other aspects [21]. Although the total score of multiple
items can reflect the degree of the disease, there is still no
conclusion on how to treat the symptoms; one of the reasons is
that the relationship between symptoms is not clear. IA affects
adolescents’ daily life; for instance, learning is an important
part of life and is reflected in two items: IAT_06 (school work
suffers) and IAT_08 (job performance suffers). In addition,
IAT_09 (defensive or secretive about being on the web) and
IAT_18 (hidden web time) involve the concealment of
information related to internet access, which is related to internet
anonymity; therefore, there may be a certain connection between
them. Previous studies have explored the relationships between
different symptoms from several perspectives [22], but there
are only few conclusions [13]. A small sample of investigations
on autism have found defensive and secretive behaviors and the
concealment of internet use to be core symptoms [13], whereas
a small sample of studies on depression have found that the
most important bridge symptom is node IAT_11 (“Anticipation
for future online activities”), followed by IAT_12 (“Fear that
life is boring and empty without the internet”) and IAT_19
(“Spend more time online over going out with others”) [23].
However, studies of large samples of IA groups are still lacking.

Objectives
Therefore, the purpose of this study was to explore the core
symptoms of IA using network analysis and the associations
between different symptoms in the IA symptom network. We
additionally included symptom measure entries from the DSM-5,
similar to other 9-item Internet Gaming Disorder Scale–Short
Form (IGDS9-SF) questionnaires [24]. On the basis of previous
studies, we propose 2 hypotheses. Hypothesis 1 is that the
symptom network is different between IA and non-IA (NIA)
groups, and it is determined by comparing ICD-11 and DSM-5.
Hypothesis 2 is that craving for the internet, loss of control, and
negative emotional state are the main symptoms of IA [7].
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Methods

Participants
Approximately 5900 college students—all with internet
experience—from 2 universities in Jiangsu, China, were invited
via advertisement to participate in this study. This study was a
single-center sampling study. In September 2019, 15.18%
(896/5900) of the participants completed the questionnaires.
Then, in May 2020, 60.74% (3584/5900) of the participants
completed the questionnaires. After we sifted through the 2
batches of questionnaires submitted, 36.49% (1635/4480) of
the participants were excluded because they chose the same
answer for ≥7 consecutive questions in the questionnaire. This
was most likely because they did not fill in the questionnaire
carefully, which will lead to inaccurate completion of the
questionnaire and affect the accuracy of the final data analysis
results. Therefore, 63.50% (2845/4480) of the participants were
included in the final analysis. The first group of included
participants reported their internet use history and IAT scale on
a reliable, web-based data-collection survey platform in China
[25]. The second batch had 9 DSM-5 questions about IA in
addition to the original questionnaire. All available students
(4480/4480, 100%) were fully informed of the purpose of the
investigation and participated voluntarily.

Ethics Approval
This study was approved by the research ethics committee of
Jiangsu Vocational College of Medicine (2020002). All
participants in the survey and their parents and schools signed
the informed consent forms.

Measures
The participants’ demographic information, including gender,
age, and internet use history (participants’ common internet
access methods and activities and internet access frequency)
were collected using a homemade structured survey.

The IA severity of the participants was assessed using a
self-evaluated instrument: the IAT scale [26]. The score for
each item ranges from 1 (rarely) to 5 (always). The total score
of the IAT scale ranges from 20 to 100, and a high score is
indicative of severe IA. The IAT is a valid and reliable scale
with satisfactory internal consistency (Cronbach α=.84).
According to a previous study, IAT score ≥50 is indicative of
IA [13]. Those with IAT scale score <50 were allocated into
the NIA group. The abbreviations for the IAT scale are shown
in Table 1.

The criteria for DSM-5 were revised with reference to the
IGDS9-SF (which contains all 9 Internet Gaming Disorder
criteria proposed by the American Psychological Association
in the DSM-5) and were used to aid in the diagnosis of IA, along
with the IAT score. The 9 questions used in this study were
modified with reference to the IGDS9-SF, under the guidance
of clinicians. Internal consistency in the present sample was
good (Cronbach α=.74) [27]. IA diagnosis depends on nine
diagnostic criteria, of which at least five must be met to be
diagnosed with IA: (1) preoccupation with internet games, (2)
withdrawal symptoms when not playing, (3) tolerance, (4)
unsuccessful attempts to reduce or stop playing, (5) gives up
other activities to play, (6) continues playing despite problems
caused by it, (7) deceives or covers up playing, (8) plays to
escape adverse moods, and (9) risks or losses in relationships
or career opportunities because of excessive playing.
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Table 1. Node abbreviations for IATa scale.

AbbreviationItemNode

Stay on the web beyond scheduleHow often do you find that you stay online longer than you intended?IAT_01

Neglect household choresHow often do you neglect household chores to spend more time online?IAT_02

Internet trumps intimacyHow often do you prefer the excitement of the internet to intimacy with your partner?IAT_03

Make new connections via the webHow often do you form new relationships with fellow online users?IAT_04

Complained about being on the web for very longHow often do others in your life complain to you about the amount of time you spend
online?

IAT_05

School work suffersHow often do your grades or school work suffer because of the amount of time you
spend online?

IAT_06

Check email firstHow often do you check your email before something else that you need to do?IAT_07

Job performance suffersHow often does your job performance or productivity suffer because of the internet?IAT_08

Defensive or secretive about being on the webHow often do you become defensive or secretive when anyone asks you what you do
online?

IAT_09

Use the web to escape from emotionHow often do you block out disturbing thoughts about your life with soothing thoughts
of the internet?

IAT_10

Craving for next internet useHow often do you find yourself anticipating when you will go online again?IAT_11

Fear about boredom if offlineHow often do you fear that life without the internet would be boring, empty, and joyless?IAT_12

Annoyed at being interruptedHow often do you snap, yell, or act annoyed if someone bothers you while you are on-
line?

IAT_13

Lose sleepHow often do you lose sleep due to being online?IAT_14

Fantasize about being on the webHow often do you feel preoccupied with the internet when offline, or fantasize about
being online?

IAT_15

Reluctant to be offlineHow often do you find yourself saying “just a few more minutes” when online?IAT_16

Fail to stop being on the webHow often do you try to cut down the amount of time you spend online and fail?IAT_17

Hidden web timeHow often do you try to hide how long you have been online?IAT_18

Prefer using the web than going outHow often do you choose to spend more time online over going out with others?IAT_19

Web makes you feel betterHow often do you feel depressed, moody, or nervous when you are offline, which goes
away once you are back online?

IAT_20

aIAT: Internet Addiction Test.

Network Creation
The IAT symptom network model was constructed using all
2845 participants and analyzed with R software (version 3.6.1;
R Foundation for Statistical Computing) using the qgraph
package. In this study, the partial correlation network method
was used to estimate all symptom networks, including the IAT
network and DSM-5 internet-based symptom network. The edge
of the network can be understood as partly related quantities.
The estimation steps of each part of the related networks are as
follows: to estimate the symptom network illustrating the
relationship between IA and sleep disturbance symptoms, partial
correlation-based sparse Gaussian graphical models with Lasso
regularization were constructed. In this procedure, all edges in
the network and sets of small edges were shrunk exactly to 0
(the Lasso regularization) [13]. This process of regularization
was coupled with best-fit model selection by following an
extended Bayesian information criterion, leading to a sparse
network with explanatory power [13]. In the network, a circle
represents an individual symptom (1 item from IAT or DSM-5).
The association line (or edge) between the nodes is represented.

An edge is a line between nodes that represents a regularization
part. The existence of the edge indicates the dependence between
the nodes of the IAT network. There is no indication of variables
that cannot be independent (all other nodes in a given network).
The wider the edge, the stronger the association.

To explore the network correlation between the IAT scale and
participants’ DSM-5 items, we constructed the internet-based
symptom network of these 2 scales using the same methods.
For this internet-based symptom network, we further selected
data from the second batch of 79.38% (2845/3584) participants.

Network Properties
We used the three common centrality measures of strength,
closeness, and betweenness to quantify the features of the nodes
in the IAT symptom network and IAT and DSM-5 internet-based
symptom network [28]. Strength represents the total weight of
the connections from other nodes to specific nodes. For example,
in the Netherlands, a prospective longitudinal study of healthy
adults, Boschloo et al [29] found that high-intensity minds
lacking depressive symptoms (fatigue, depression, pleasure,
and attention concentration) reached threshold levels of the
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crowd; in the next 6 years, there was great risk of severe
depressive episodes. Closeness is defined as the inverse of the
sum of the shortest distances from a particular node to all other
nodes in the network. The shortest distance is the minimum
number of edges from one node to the next node. High internet
closure indicates that the average distance between the given
node and all other nodes in the network is short. In
epidemiology, patients with high closeness are more likely to
trigger the rapid development of an epidemic. Betweenness is
the number of times the shortest path between any 2 symptoms
passes through another symptom. Nodes with high betweenness
can be considered as bridges to other symptoms; that is, if you
remove a high node, the distance between the other nodes
generally increases. Expected influence is a measurement of
centrality that quantifies how strongly and directly a symptom
node is associated with all the other nodes in the network. The
results from a longitudinal study of older bereaved adults
showed that decreased symptom severity with high expected
influence predicted clinical improvements across the network
compared with complex grief symptoms with low expected
influence. Centrality is measured as the shortest path length of
any 2 symptoms, and a highly mediated symptom can be
considered as a bridge that connects other symptoms.

For network symptoms, nodes with symptoms with high strength
can be considered as core symptoms because symptoms of nodes
with high strength are more closely related to other symptoms.
According to the psychopathological network theory, when a
high-strength node is activated, the probability of its symptoms
being further activated is relatively high. Symptoms with low
node strength can be considered as marginal [28].

Network Stability Estimates
The accuracy of the edge and stability estimation of the network
were calculated using a bootstrapping process of 1000 iterations.
First, we estimated the accuracy of the edge of the 95% CI by

bootstrapping the edge weight. The overlap between these CIs
indicates less accuracy. Second, we tested the stability of the
node center through a subset of the bootstrapping process. We
estimated the central stability (CS) coefficient (CS factor) as a
reference indicator. A CS coefficient weight that equals 0.25
indicates acceptable stability.

Network Comparison
We compared the IAT symptom networks of IA and NIA
samples using the Network Comparison Test package in R to
explore possible differences in the overall connectivity between
IA and NIA. The comparison was based on a permutation
procedure, and the number of permutations was 5000.

Results

Participant Characteristics
We included 63.50% (2845/4480) of the participants after
screening, with 12.47% (355/2845) of the patients in the IA
group (mean score 57.32, SD 7.70; mean age 19.36, SD 1.07
years; 89/355, 25.1% men) and 87.52% (2490/2845) of the
patients in the NIA group (mean score 34.75, SD 7.87; mean
age 18.59, SD 1.69 years; 938/2490, 37.67% men). The present
sample was aged 14 to 24 years, and most of them (1203/2845,
42.28%) were aged 18 or 19 years. There were significant
differences in age and IAT scores between the IA and NIA
groups. There were also significant gender differences in IAT
scores.

A descriptive analysis of the internet use habits of 69.49%
(1977/2845) of the participants after the second screening (Table
2) indicated that mobile phones were the most dominant way
of accessing the internet. Most participants (882/1977, 44.61%)
spent an average of 3 to 6 hours a day on the web in the past
month.
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Table 2. Sample characteristics and internet use habits (n=1977a).

NIAc (n=1633, 82.59%)IAb (n=344, 17.40%)

19.7 (0.938)19.6 (0.852)Age in years, mean (SD)

Gender, n (%)

392 (24)113 (32.8)Men

1241 (75.99)231 (67.2)Women

Main internet access modes, n (%)

1598 (97.85)338 (98.3)Mobile phone

28 (1.71)4 (1.2)Computer

5 (0.31)2 (0.6)Tablet computer

2 (0.12)0 (0)Otherd

Time spent on the web every day in the last month (hours), n (%)

359 (21.98)36 (10.5)0-3

752 (46.05)130 (37.8)3-6

359 (21.98)91 (26.5)6-9

77 (4.72)43 (12.5)9-12

86 (5.27)44 (12.8)>12

aOf a total of 2845 participants included, 1977 (69.49%) completed self-reports of internet use.
bIA: internet addiction.
cNIA: non–internet addiction.
dIn addition to the 3 modes mentioned, the participants’ main mode of access to the internet.

Symptom Networks of IA
In Figure 1, the network diagram shows the conditional
associations among the 20 questions in the IAT scale for the IA
group. The network diagram shows the correlation (circles) and
predictability estimates (outer circles) for the 20 items in the
IAT scale in the IA group. Each circle in the figure represents
an item of the named nodes in the network. The edges represent
the strengths of the associations between the nodes. The outer
circles represent the level of predictability. The meaning of the
title represented by each node abbreviation is provided in Table
1. The most predictable node was IAT_06. Nodes IAT_06 and
IAT_08 had the strongest connections.

Centrality measures for the IA symptom network represent the
strength, closeness, betweenness, and expected influence value
of each node. Higher values indicate that the item is more central
in the network. Nodes IAT_06, IAT_08, IAT_17, IAT_12, and
IAT_15 were the highest in the strength centrality indices. This
indicates that the total weights of the connections from other
nodes to nodes IAT_06, IAT_08, IAT_17, IAT_12, and IAT_15
were the highest. Node IAT_15 had the highest closeness,
indicating that this cognitive symptom was influential in
connecting other symptoms that were otherwise unrelated in
the network. Nodes IAT_15 and IAT_17 were the highest in
the betweenness centrality indices. This indicates that these 2
highly mediating nodes can be regarded as a bridge to connect
other symptoms. Nodes IAT_06, IAT_08, IAT_17, IAT_12,
and IAT_15 were the highest in expected influence, indicating

that they had the strongest positive associations with other
nodes; however, not all other centrality indices were the highest.
The meaning of the title represented by each node abbreviation
is provided in Table 1.

Figure 1 shows the constructed symptom network of the IAT
scale for the addiction group. As illustrated in Figure 2, IAT_06
(school work suffers; strength=0.511; betweenness=48) and
IAT_08 (job performance suffers; strength=0.531;
betweenness=72) had high strength.

Moreover, IAT_12 (fear about boredom if offline;
strength=0.500; betweenness=50), IAT_17 (fail to stop being
on the web; strength=0.526; betweenness=112), and IAT_15
(fantasize about being on the web; strength=0.474;
betweenness=140) also had high strength on the IAT scale.
These 5 nodes were the 5 points with the highest strength. It is
worth noting that these nodes had the highest value on the
strength measures. These nodes were also significantly higher
than those for all other symptoms when comparing the expected
influence values.

Furthermore, we found that the values of the closeness of
IAT_03 (internet trumps intimacy) and IAT_04 (make new
connections via the web) were not shown. Closeness is defined
as the inverse of the sum of the shortest distances from a
particular node to all other nodes in the network. According to
Figure 1, there is no connection with the other nodes, except
for the connection between these 2 nodes; therefore, the total
value of both nodes is very extreme and not shown in the figure.
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Figure 1. Internet addiction symptom network and centrality measures of the internet addiction group. IAT: Internet Addiction Test.
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Figure 2. Edges exhibiting significant differences between internet addiction and non–internet addiction groups. IAT: Internet Addiction Test.

Comparison of Networks Between the IA and NIA
Groups
In Figure 2, the blue edges denote the increased correlations
between items in IA compared with those in the NIA group,
and the red edges denote the decreased correlations. Edges
exhibit significant differences between the IA group and NIA
group. The correlation between IAT_18 and IAT_09 in the IA
group was significantly stronger than that in the NIA group.

The correlation between IAT_10 and IAT_11 in the IA group
was significantly weaker than that in the NIA group. The
meaning of the title represented by each node abbreviation is
provided in Table 1.

We used a permutation-based method to compare edges
exhibiting significant differences between individuals with IA
and those without IA (NIA); significant positive and negative
correlations are shown in Figure 2. Compared with individuals
without IA (NIA), IAT_09 (defensive or secretive about being
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on the web) gained strong connections with IAT_18 (hidden
web time; mean difference=0.172; P=.01).

In contrast, the symptoms of IAT_11 (craving for next internet
use) showed decreased connection with IAT_10 (being on the
web to escape from emotion; mean difference=−0.174; P=.003).
Similarly, IAT_09 (defensive or secretive about being on the
web) had weak connection with IAT_15 (fantasize about being
on the web; mean difference=−0.073; P=.03).

Symptom Networks of IA and DSM-5
In Figure 3, the network graph shows associations and
predictability estimates of 20 items in IAT and 9 items in the
DSM-5 diagnostic criteria for IA. Each circle in the diagram
represents a term of the named node in the network. The outer
circle represents the predictable level. The most predictable
node was IAT_08. The edges represent the strengths of the
associations between the nodes. Nodes IAT_06 and IAT_08
had the strongest connections. The meaning of the title
represented by each node abbreviation is provided in Table 1.

Figure 3. Internet addiction test (IAT) and Diagnostic and Statistical Manual of Mental Disorders–5th edition (DSM-5) symptom network.

The estimated network included 29 nodes, 20 items in IAT, and
9 items in the DSM-5 diagnostic criteria for IA. The estimated
network yielded 406 edges (29×[29–1]/2), among which 199
edges had non-0 weights. The weight of the edge connecting
IAT_06 (school work suffers) and IAT_08 (job performance
suffers) was the strongest (0.479). Other strong associations
included those between IAT_03 (internet trumps intimacy) and
IAT_04 (make new connections via the web; 0.414) and between
IAT_11 (craving for next internet use) and IAT_12 (fear about
boredom if offline; 0.353).

Figure 3 shows that node DSM_1 in the DSM-5 diagnostic
criteria for the IA community had the strongest weight with
node IAT_15 (fantasize about being on the web) in the IAT
community (−0.081). Node DSM_2 had a strong weight with
node IAT_20 (being on the web makes you feel better; −0.125)
and node IAT_12 (fear about boredom if offline; −0.066). Node
DSM_4 had the strongest weight with node IAT_17 (failing to
stop being on the web; −0.106). Node DSM_7 had the strongest
weight with node IAT_09 (defensive or secretive about being

on the web; −0.198). Node DSM_9 had the strongest weight
with node IAT_18 (hidden web time; −0.052).

Discussion

Principal Findings
In this study, the core symptoms of IA were identified by
conducting a descriptive analysis of the network symptoms of
the IAT scale in the IA and NIA groups. In addition, the
difference between the 2 networks was determined by network
comparison. From this, we found 2 main results. First, the core
symptoms of the IA group were IAT_06 (school work suffers),
IAT_08 (job performance suffers), IAT_12 (fear about boredom
if offline), IAT_17 (fail to stop being on the web), and IAT_15
(fantasize about being on the web). Second, there were
differences in the network between the IA group and NIA group.
Together, these results partially support our hypotheses. The
results support hypothesis 1 and partially support hypothesis 2.
In hypothesis 2, craving the internet and loss of control are the
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core symptoms of IA, but the results show that a negative
emotional state is not the core symptom of IA. Interestingly,
the result showed that IAT_09 (defensive or secretive about
being on the web) had a strong connection with IAT_18 (hidden
web time). This result was also supported by the network
connection with DSM-5 symptoms; for example, anonymity
was associated with community. Thus, the anonymity of the
internet is a potential factor affecting the behavioral performance
of IA. The DSM-5 diagnostic criteria for IA have high
correlation with key symptoms and low correlation with
outcome symptoms.

Craving, losing control, and boredom appeared to play a key
role in the development of IA. Our study found that IAT_06
(school work suffers), IAT_08 (job performance suffers),
IAT_12 (fear about boredom if offline), IAT_17 (fail to stop
being on the web), and IAT_15 (fantasize about being on the
web) were the core symptoms of IA, which was consistent with
the results of previous studies that found that two items—“Life
is boring and empty without the internet” and “Anticipation for
future online activities”—were central to the IA network in both
groups [13]. Studying is an important part of college students’
lives. Excessive use of the internet has an impact on study and
life. This study showed that IAT_06 (school work suffers) and
IAT_08 (job performance suffers) nodes were closely related
to other symptoms, and other symptoms (eg, IAT_17—fail to
stop being on the web) lead to IAT_06 and IAT_08, which
affect daily learning and life. Therefore, the core symptoms,
IAT_06 and IAT_08, were the most affected by other symptoms.

Interestingly, the other nodes IAT_12 (fear about boredom if
offline), IAT_17 (fail to stop being on the web), and IAT_15
(fantasize about being on the web) were key symptoms that
activated other IA symptoms. Previous studies have found that
individuals with IA have low self-esteem, high feelings of
loneliness, and poor social skills [30]. The anonymity of the
internet makes it easy to socialize. Individuals with IA are more
eager to obtain social satisfaction in the web-based world
because their social needs cannot be met in real life. This also
causes individuals with IA to rely on the internet and ignore the
real world, which has a certain impact on people’s daily lives
[31]. After leaving the internet, their sense of estrangement in
the real world makes people miss the internet more [32], they
cannot control their web-based behavior, and they are dominated
and occupied by games. Therefore, for individuals with IA,
more attention should be given to building harmonious social
circles for them, teaching them certain social skills, and
enhancing their self-esteem. In addition, cognitive behavioral
therapy may be beneficial because the fear that life without
web-based activity will become boring and empty is a core
belief of individuals who have difficulty in controlling their
internet use. Previous studies have reported the efficacy of
cognitive behavioral therapy in reducing IA, reducing internet
use, and improving time management skills and emotional
stability [13].

Furthermore, connection analysis showed that IAT_09
(defensive or secretive about being on the web) gained strong
connections with IAT_18 (hidden web time) when comparing
individuals with IA and those without IA (NIA). Both nodes
involve the hiding of information related to internet access and

anonymity of the internet. Studies have shown that the special
nature of web-based communication (anonymity, lack of visual
indicators for social discomfort, lack of physical presence, etc)
can promote people’s self-disclosure [33,34]. In a web-based
environment, where there is no need to be seen, people can
change their identities on the web and act as if they are someone
else [35]. Therefore, they do not want to let the people around
them know, and they want to hide information about the
network. The anonymity of the internet is a potential factor
affecting the behavioral performance of individuals with IA.
This may be related to adolescents’ desire to avoid discipline
and stigma. It also suggests that we need to pay attention to the
reasons adolescents mask their IA time, especially because
Chinese adolescents are generally under academic pressure,
playing games is seen as bad behavior, and excessive game use
may also make them feel shame and fear about being blamed.
Parents and teachers should pay more attention to the balanced
development of adolescents and establish good communication
relationships with them so that mental health problems can be
identified earlier. In addition, for adolescents who are at high
risk for addiction, diagnostic assessments should focus on
reliable information provided by those around them, rather than
on just the individual’s representations, so that people addicted
to the internet can be identified more accurately and early [36].
The symptom network of IA and DSM-5 shows that the DSM-5
diagnostic criteria for IA are associated with key symptoms
(IAT_12, IAT_15, and IAT_17) and have low correlation with
outcome symptoms (IAT_06 and IAT_08). Our study results
have found that the symptom networks of IA and DSM-5 are
stable. Every criterion of the DSM-5 has a connection with a
node of the IAT. On the basis of the IAT scale, the analysis of
the core symptoms of IA shows that the diagnostic criteria of
DSM-5 have a strong connection with IAT_09 (defensive or
secretive about being on the web), IAT_12 (fear about boredom
if offline), IAT_15 (fantasize about being on the web), IAT_17
(fail to stop being on the web), and IAT_18 (hidden web time),
whereas the connections with IAT_06 (school work suffers)
and IAT_08 (job performance suffers) are weak. IAT_06 and
IAT_08 mainly emphasize the influence of IA on daily life and
learning, whereas the diagnostic criteria of IA in DSM-5 may
not lead to judgments of the direct influence of IA on daily
learning and life. In addition, the concealment of addictive
behavior is a common manifestation of the social stigma
associated with addiction in general [37], and in adolescents,
this concern can exacerbate other neuropsychiatric symptoms
[38]. These findings may provide a practical basis for the
diagnostic criteria of DSM-5 IA.

Limitations and Strengths
This study has several limitations. First, the sample size of the
IA group was significantly smaller than that of the NIA group.
Second, this study did not explore the effect of other intriguing
variables, such as emotion regulation ability, social function,
and personality traits. Third, as man and woman students may
have different web-based behaviors, future studies can include
gender as an independent variable to compare the differences
between genders in the IA symptom network. Several points of
strength should also be considered. To the best of our
knowledge, so far, few studies have used the network analysis
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model and IAT scale to analyze IA. Traditional game addiction
interventions often lack targeted goals. This study suggests that
there are core symptoms of game addiction that are closely
related to other symptoms. Intervention for these core symptoms
may lead to better efficacy. Previous studies have suggested
this, and a network analysis of the Sequenced Treatment
Alternatives to Relieve Depression study has revealed the
importance of sad mood and anhedonia in nonpsychotic
depressive disorder [39]. However, further studies are needed
to confirm this finding. In addition, we analyzed the network
differences between the IA samples and NIA samples to make
the study’s conclusions more reliable for the development of
new intervention measures.

Conclusions
In conclusion, the network is different between IA and NIA.
The influence on daily life and learning is the outcome symptom
of IA. Craving, losing control, and boredom are key symptoms
that activate other symptoms of IA. Withholding web-based
information is a key symptom of IA. The anonymity of the
internet is a potential factor affecting IA. The DSM-5 diagnostic
criteria for IA are associated with key symptoms and have low
correlation with outcome symptoms. Determining the core
symptoms of IA and the link between IAT and DSM-5
diagnostic criteria are helpful in improving the pertinence and
effectiveness of IA treatment.
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Abstract

Background: Although new approaches for data collection, such as mobile technology and teleresearch, have demonstrated
new opportunities for the conduct of more timely and less costly surveys in community-based studies, literature on the feasibility
of conducing cardiovascular disease research using mobile health (mHealth) platforms among middle-aged and older African
Americans has been limited.

Objective: The purpose of this study was to contribute to the knowledge regarding the penetrance of internet and mobile
technologies, such as cellphones or smartphones in existing large cohort studies of cardiovascular disease.

Methods: A digital connectedness survey was conducted in the Jackson Heart Study (JHS), a Mississippi-based African American
cohort study, as part of the annual follow-up calls with participants from July 2017 to February 2019.

Results: Of the 4024 participants contacted, 2564 (63.7%) completed the survey. Among survey respondents, 2262 (88.2%)
reported use of internet or cellphone, and 1593 (62.1%) had a smartphone. Compared to nonusers (n=302), internet or cellphone
users (n=2262) were younger (mean age 80.1, SD 8.0 vs 68.2, SD 11.3 years), more likely to be affluent (n=778, 40.1% vs n=39,
15.4%), and had greater than high school education (n=1636, 72.5% vs n=85, 28.1%). Internet or cellphone users were less likely
to have cardiovascular disease history compared to nonusers (136/2262, 6.6% vs 41/302, 15.8%). The prevalence of current
smoking and average BMI were similar between internet or cellphone users and nonusers. Among internet or cellphone users,
1316 (58.3%) reported use of email, 504 (22.3%) reported use of apps to track or manage health, and 1269 (56.1%) expressed
interest in using JHS-developed apps.

Conclusions: Our findings suggest that it is feasible to use mHealth technologies to collect survey data among African Americans
already enrolled in a longitudinal study. Our findings also highlight the need for more efforts to reduce the age and education
divide in access and use of internet and smartphones for tracking health and research in African American communities.

(J Med Internet Res 2022;24(11):e37501)   doi:10.2196/37501

KEYWORDS

teleresearch; mobile technology; cardiovascular disease; Jackson Heart Study; mobile phone

Introduction

Over decades, data collection in epidemiological longitudinal
research into cardiovascular disease (CVD) has relied in part
on costly and time-consuming surveys administered by phone
or in person [1-4]. However, with the recent rapid growth in the

use of digital or mobile technologies in the general population,
there is now an opportunity to adopt eHealth or mobile health
(mHealth) apps that are less expensive and more practical in
research settings. mHealth as a part of eHealth can be defined
as medical and public health practice supported by mobile
devices, such as mobile phones, patient monitoring devices,
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personal digital assistants, and other wireless devices [5]. Over
the past decades, mHealth app design and its role on the health
behavior change among study participants has been discussed
in several studies [6-8]. A qualitative study conducted on adults
with type 1 diabetes showed that a well-designed mHealth app
could serve to inform lifestyle choices, diabetes
self-management tasks, preemptive self-care actions, and
improved discussions with clinicians [9]. These evidences
suggest that well-designed mHealth app can assist individuals
especially older adults in independent living and
self-management of (chronic) illnesses. mHealth apps have the
prospect of participant convenience, collection of ‘real-world’
data, flexibility to pivot research agendas to focus on timely
health issues (such as disparities in CVD and the long-term
effects of COVID-19 pandemic), as well as the potential to be
conducted in large and diverse populations. Although there have
been recent efforts to examine mHealth apps for data collection
in community-based studies [10,11], the literature on the
feasibility of using mHealth applications in populations of
middle-aged and older African Americans is limited.

The purpose of our study was to contribute to the knowledge
regarding the penetrance of internet and mobile technologies,
such as cellphones or smartphones in existing large cohort
studies of CVD. Our study was modeled after a survey
conducted in the Framingham Heart Study (FHS). The FHS
cohort is a cohort of predominately White participants, largely
based in New England; as such the findings from FHS may not
be generalizable to other racial and ethnic groups or geographic
regions. In this study, we conducted a digital connectedness
survey in the Jackson Heart Study (JHS), a large cohort of
exclusively middle-aged and older African Americans. We also
examined the sociodemographic characteristics and CVD risk
factors associated with digital connectedness. We have
hypothesized that digitally connected individuals would be
relatively younger, have higher educational attainment, and
have an inverse association with CVD risk factor profiles
compared to their counterparts who are not digitally connected.

Methods

The JHS is a large prospective community-based observational
study designed to investigate risk factors for CVD in African
Americans. Details of the JHS study design, recruitment, and
data collection have been described previously [12,13]. Briefly,
5306 African American participants residing in the Jackson
metropolitan area in Mississippi were recruited for the study
between 2000 and 2004. Three research center visits were
conducted to date (visit 1 [baseline]: 2000-2004; visit 2:
2005-2008; and visit 3: 2009-2012). Additionally, the
participants were contacted once a year by telephone (annual
follow-up) to ascertain events and vital status as well as update
health data and contact information.

Ethical Considerations
All study participants provided written informed consent. The
JHS was approved by the institutional review boards (Protocol
1998-6004) of Jackson State University, Tougaloo College, the
Mississippi State Department of Health, and the University of
Mississippi Medical Center.

Digital Connectedness Survey
All living JHS participants contacted for the annual follow-up
calls between July 2017 and February 2019 were invited to
participate in a digital connectedness survey. The survey
collected data on the use of internet, cellphone, smartphone,
email, health apps, social media, and computer games.
Additionally, smartphone users were asked whether they had
any software apps that helped them track or manage health and
about the types of health apps they had. They were also asked
about any technology that was used to store health readings
digitally.

Sociodemographic Characteristics and CVD Risk
Factors
Sociodemographic characteristics examined in this study
included sex, age, smoking status, BMI, education, and income,
collected at the baseline (visit 1). CVD risk factors examined
included diabetes, hypertension, hyperlipidemia, CVD history,
collected at visit 3. Participants’ age was calculated at the time
of the survey. Age was grouped into the following 4 levels:
<65; ≥65 to < 75; ≥75 to <85; and ≥85 years. Education was
categorized as follows: “less than high school”; “high school
graduate or Graduate Education Development certificate”; and
“attended vocational school, trade school, or college.” Income
was categorized into 4 groups according to the US census
poverty levels based on household income and family size. The
categories were assigned as “poor,” representing income lower
than poverty level; “lower-middle,” representing income 1 to
1.5 times the poverty level; “upper-middle,” representing income
>1.5 but <3.5 times the poverty level; and “affluent,”
representing income ≥3.5 times the poverty level [14,15].
Diabetes was defined based on the following: fasting glucose
≥126 mg/dL; HbA1c ≥6.5%; use of diabetes medication; or
self-reported diabetes [16]. Hypertension was defined as blood
pressure ≥140/90 mm Hg (per the seventh report of the Joint
National Committee) or use of blood pressure lowering
medication [17]. Hyperlipidemia was defined as total fasting
cholesterol ≥200 mg/dL or taking any statin medication.

Classification of Digital Connectedness and Participant
Characteristics
For the purpose of this study, we defined digital connectedness
as use of internet and cellphone; specifically, respondents who
gave affirmative responses to the questions “Do you use the
internet at least occasionally?” or “Do you use a cell phone?”
were considered digitally connected. A negative response to
both questions classified the respondents as not digitally
connected. Instead of smartphone users, combining cellphone
users and the internet users would allow us to connect with a
larger cohort of African American population.

Statistical Analysis
All categorical data were reported as counts and relative
frequencies as percentages. Continuous data were presented as
mean (SD). We compared the characteristics between
respondents and nonrespondents of the digital connectedness
survey using logistic regression models adjusted for age and
sex. We compared the sociodemographic characteristics and
CVD risk factors between users and nonusers of internet or
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cellphone, using logistic regression models adjusted for age and
sex. The associations between CVD risk factors and internet
and cellphone use were reported as adjusted odds ratios (AORs)
and 95% CIs. A 2-sided P value <.05 was considered statistically
significant for all analyses. All statistical analyses were
performed using R statistical software (version 4.0.2; The R
Foundation for Statistical Computing).

Results

Of the 4024 JHS participants contacted, 2564 (63.7%) completed
the survey. The mean age of the respondents was 69.6 (SD 11.6)
years, and 64.1% (1644/2564) of them were female. Compared
to the nonrespondents, respondents were older (mean age 69.6,
SD11.6 years vs mean age 64.8, SD 12.3 years; P<.001); more
likely to have completed less than high school or attended
vocational school, trade school, or college (1721/2564, 67.3%
vs 972/1460, 66.8%; overall P<.001); more affluent (817/2194,
37.2% vs 324/1216, 26.6%; overall P<.001); and less likely to
be a current smoker (267/2545, 10.5% vs 207/1445, 14.3%;
P=.002; Table S1 in Multimedia Appendix 1). Among the 2564
respondents, 2262 (88.2%) were users of internet or cellphone
(internet users 1507, 58.9%; cellphone users 2230, 87.1%). Use
of a smartphone was reported in 1593 (62.1%) respondents.

Comparison of Sociodemographic Characteristics and
CVD Risk Factors Between Internet or Cellphone
Users and Nonusers
Compared to nonusers, internet and cellphone users were
younger (mean age 68.2, SD 11.3 years vs mean age 80.1, SD
8.0 years; P<.001); they were more likely to have attended
vocational school, trade school, or college (1636/2262, 72.5%
vs 85/302, 28.1%; overall P<.001); have higher income (affluent
778/2262, 40.1% vs 39/302, 15.4%; overall P<.001); and be
employed (716/2262, 31.7% vs 7/302, 2.3%; overall P<.001;
Table 1). Internet or cellphone users were less likely to have a
history of CVD (136/2262, 6.6% vs 41/302, 15.8%; AOR 0.58,
95% CI 0.39-0.89) and diabetes (624//2262, 30.3% vs 108/302,
41.7%; AOR 0.75; 95% CI 0.56-0.99) compared to nonusers
(Table 1; Figure 1). There was no difference in sex distributions
between users and nonusers of internet or cellphone. The
prevalence of current smoking, hypertension, hyperlipidemia,
and average BMI were similar in internet or cellphone users
and nonusers. Similar patterns were observed comparing users
and nonusers of internet, cellphone, and smartphone (Table S2
in Multimedia Appendix 1).
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Table 1. Sociodemographic characteristics and cardiovascular disease (CVD) risk factors by internet or cellphone use among digital connectedness
survey respondents.

Internet or cellphone use, n (%)Characteristics

P valueaUser, n=2262 (88.2)Nonuser, n=302 (11.8)

.11Sex, n (%)

1424 (63)220 (72.8)Female

838 (37)82 (27.2)Male

<.00168.2 (11.3)80.1 (8.0)Age (years)b, mean (SD)

<.001Age (years), n (%)

864 (38.2)13 (4.3)<65

666 (29.4)51 (16.9)≥65 to <75

601 (26.6)150 (49.7)≥75 to <85

131 (5.8)88 (29.1)≥85

<.001Education, n (%)

389 (17.2)88 (29.1)Less than high school

232 (10.3)129 (42.7)High school graduate or GEDc

1636 (72.5)85 (28.1)Attended vocational school or trade school

<.001Income, n (%)

175 (9)55 (21.7)Poor

357 (18.4)95 (37.5)Lower-middle

631 (32.5)64 (25.3)Upper-middle

778 (40.1)39 (15.4)Affluent

.05624 (30.3)108 (41.7)Diabetes, n (%)

.731504 (72.6)219 (84.6)Hypertension, n (%)

.221416 (68.3)207 (79.9)Hyperlipidemia, n (%)

.99236 (10.5)31 (10.3)Current smoker, n (%)

.4832.1 (6.7)31.2 (6.8)BMI (kg/m2), mean (SD)

.01136 (6.6)41 (15.8)Cardiovascular disease history, n (%)

<.001Employed, n (%)

716 (31.7)7 (2.3)Employed

7 (0.3)1 (0.3)Homemaking

1423 (63)285 (94.4)Retired

114 (5)9 (2.9)Unemployed

aP values are age- and sex-adjusted using logistic regression models.
bAge at the time of digital connectedness survey.
cGED: Graduate Education Development.
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Figure 1. Adjusted odds ratio (95% CI) of cardiovascular disease (CVD) risk factors by internet or cellphone users versus nonusers. Odd ratios are
age- and sex-adjusted using logistic regression models. Vertical line represents null effect.

Experience with the Use of Technologies (Apps) Among
Internet or Cellphone Users
Among the 2262 internet or cellphone users, 1316 (58.3%)
reported use of email; 504 (22.3%) reported use of software
applications to track or manage health; and 1565 (69.2%)
reported use of digital health technology, which stores health
readings digitally (Table 2). Using social media to keep in touch
with friends and family was reported among 830 (36.7%)

internet or cellphone users, and 797 (35.5%) internet or
cellphone users reported playing games on their devices.

When asked about whether they would be interested in using a
JHS-developed mobile phone app to respond to health questions,
1269/2262 (56.1%) internet or cellphone users expressed
interest, 353 (15.6%) expressed possible interest (by answering
“not sure” or “maybe”), and 640 (28.3%) expressed no interest.
Internet or cellphone users were significantly more inclined
toward using JHS-developed apps as compared to the nonusers
(1269/2262, 56.1% vs 14/302, 4.6%; P<.001).
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Table 2. Experiences with technology or apps use among internet or cellphone users (N=2262).

Values, n (%)Internet or cellphone users

Email, n=1316 (58.3)

1316 (58.3)Can read new email

981 (43.4)Can use the reply feature

1001 (44.3)Can send an email

842 (37.2)Can open a file attached to an email

Apps to track health or manage health, n=504 (22.3)

484 (21.4)Exercise, fitness, pedometer, or heart rate monitor

46 (2)Diet, food, calorie counter

16 (0.7)Blood pressure

23 (1)Weight

7 (0.3)Blood sugar or diabetes

7 (0.3)Medication management

4 (0.2)Sleep

7 (0.3)Mood

6 (0.3)Other

Digital health technology, n=1565 (69.2)

1387 (61.3)Digital blood pressure cuff

549 (24.3)Digital scale

418 (18.5)Digital glucometer

3 (0.1)Other

Interest in using the JHSa app in the future, n=2262 (100)

1269 (56.1)Yes

640 (28.3)No

353 (15.6)Not sure or maybe

Social media, n=830 (36.7)

784 (34.7)Facebook

94 (4.2)LinkedIn

46 (2.0)Google Plus

83 (3.7)Twitter

61 (2.7)Other

Playing games, n=797 (35.5)

270 (11.9)On computer

337 (14.9)On tablet

517 (22.9)On smartphone

37 (1.6)On video game console

5 (0.2)On other devices

aJHS: Jackson Health Study.

Discussion

Principal Findings
Overall, 63.7% of the JHS participants surveyed responded to
our digital connectedness survey. Compared to nonrespondents,

survey respondents were older, more affluent, less likely to be
current smokers, and less likely to have a history of CVD.
Among survey respondents, close to 90% were users of internet
and cellphone, and over half of them had a smartphone. Among
users of internet or cellphone, close to 60% reported use of
email, over 20% had used software apps to track or manage
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health and reported use of social media or played games on their
devices, and over 70% expressed interest or possible interest in
using an app to answer health questions. Participants interest
for using a JHS-developed app was encouraging. We can
integrate the app as an additional alternative tool for data
collection. This could lead us to lower the participants’ burden.
We can receive ratings and reviews within the app from the app
users to determine the success and possible places for
improvement.

Strengths and Limitations
An important strength of our survey is that it is based on a
community-based cohort of middle-aged and older African
American men and women residents of Jackson, Mississippi
who have been active participants in annual follow-up interviews
in a longitudinal research study (ie, the JHS). Another strength
is the high level of participation achieved, which probably
reflects a high level of trust and commitment of participants
with the JHS. Our survey also has some limitations. First, the
survey was conducted on middle-aged to older adult African
American residents of Jackson, Mississippi, and participants in
the JHS. As such, the generalizability of our survey findings to
other age groups, geographic regions, and race or ethnicities is
uncertain. Second, the study was completed in 2019; it may not
reflect the current prevalence of internet or cellphone use, which
may have increased over time and thus may limit generalizations
to more contemporary settings. Also, the sociodemographic
characteristics used from visit 1 may not necessarily represent
the characteristics of the participants in 2019. Third, although
most JHS participants reported access to internet or cellphone,
the extent to which they would use internet or cellphone to
respond to research surveys or for ongoing health surveillance
remains to be determined. Moreover, using cellphones for
research requires participants’contact information to be updated
regularly. In addition to that, the extent to which African
Americans enrolled in a new community-based research project
would participate in mHealth remains to be determined.

Lastly, there are potential risks to African American community
arising from the promotion of secondary (and often commercial)
uses of participant data; discriminatory profiling and inaccurate
health status notifications because of algorithmic issues may
undermine the trust in this new form of research [18,19].

Digital collection, monitoring, and transmission of data always
involve some challenges related to data security and privacy
that are often different from paper-based surveys. To avoid any
security risk, a rigorous encryption policy needs to be employed.
In JHS, the storage devices are bitLocker encrypted, with
advanced encryption standard 256 enabled. Secure Sockets
Layer (Transport Layer Security 1.2) certificate is installed and
enforced. A natural barrier to using mHealth technologies is
linked to physical limitation, which relates to the older age
groups and comorbidities among the participants. Any attempt
to design mHealth apps for older age groups needs to address
motivational and cognitive barriers to older adults [20]. More
research needs to be done to identify the reasons why certain
populations such as older age groups in African American
communities do not use mHealth technologies and if there are

any improvements on using mHealth technologies that lead to
ease of data collection and better CVD outcomes.

Comparisons With Prior Work
Although a high proportion of our survey participants reported
use of internet or cellphone, the proportion observed is
somewhat lower than national estimates. According to a 2021
survey conducted by the Pew Research Center [21], the vast
majority of Americans (97%) own a cellphone and 85% own a
smartphone, with no substantial differences among Black and
White populations. However, among Americans who are 65
years and older, these percentages were lower (92% reported
owning a cellphone and 61% owned a smartphone). Thus, one
possible explanation for a lower proportion of our survey
participants reporting use of internet and cell phone compared
to national estimates may be due to the older age of our survey
participants. Two other surveys conducted in 2019 by Pew
Research Center [22,23] found that the digital divide persisted
between rural and nonrural America, impacted by income levels
[22,23]; therefore, the lower proportion of our survey
participants reporting use of internet or cellphone may also
reflect some differences in employment and income levels. Use
of a smartphone may bridge this digital divide, as it offers a less
expensive yet diverse alternative to the in-home Wi-Fi
connection. It also provides more internet access to the
undeserved communities compared to in-home Wi-Fi connection
[24,25].

The digital health trend has the potential to transform health
care [26-30]. The eHealth and mHealth technologies have come
along as convenient and efficient ways to collect daily or
frequent health data from individual persons to inform clinical
care and research. For instance, several eHealth and mHealth
studies using digital technologies had been piloted and tested
in the FHS [31-36]. Nevertheless, the collection of mHealth
information is relatively new and remains less tested in
established population-based African American cohorts and
clinical research. Some of the challenges for collecting health
information remotely that need to be addressed include high
attrition rates and lack of representativeness of the target
populations [37]. Additionally, African Americans have not
been well represented in these clinical and research studies,
raising the question as to the feasibility of mHealth research in
African American communities. Our survey findings among
participants in the JHS suggest that it is feasible to conduct
CVD research using mHealth platforms in an African American
community in the southern part of the United States.

During the COVID-19 pandemic, in-person interviews in cohort
studies was difficult to conduct, and that highlighted the need
for more practical remote data collection methods. Although
our survey was completed well before the pandemic had started
(ie, February 2019), we were able to connect with a large group
of respondents among which almost 90% were digitally
connected. This experience suggests that JHS cohort participants
can be reached digitally in the future when a face-to-face
interview may not be possible. Use of cellphone and smartphone
technology may increase the efficiency of research studies, may
provide more frequent and ‘real-world’ data on participants,
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and may allow participants greater choice and convenience
regarding when and where to respond to research surveillance.

Conclusions
Our survey findings suggest that it is feasible to collect survey
data using eHealth and mHealth technologies among

middle-aged and older African Americans already enrolled in
an ongoing research study in Jackson, Mississippi. Our findings
also highlight the need for more efforts to reduce the age and
education divide in access and use of internet and smartphones
for tracking health and research in African American
communities.
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Abstract

Background: Thorough dietary assessment is essential to obtain accurate food and nutrient intake data yet challenging because
of the limitations of current methods. Image-based methods may decrease energy underreporting and increase the validity of
self-reported dietary intake. Keenoa is an image-assisted food diary that integrates artificial intelligence food recognition. We
hypothesized that Keenoa is as valid for dietary assessment as the automated self-administered 24-hour recall (ASA24)–Canada
and better appreciated by users.

Objective: We aimed to evaluate the relative validity of Keenoa against a 24-hour validated web-based food recall platform
(ASA24) in both healthy individuals and those living with diabetes. Secondary objectives were to compare the proportion of
under- and overreporters between tools and to assess the user’s appreciation of the tools.

Methods: We used a randomized crossover design, and participants completed 4 days of Keenoa food tracking and 4 days of
ASA24 food recalls. The System Usability Scale was used to assess perceived ease of use. Differences in reported intakes were
analyzed using 2-tailed paired t tests or Wilcoxon signed-rank test and deattenuated correlations by Spearman coefficient.
Agreement and bias were determined using the Bland-Altman test. Weighted Cohen κ was used for cross-classification analysis.
Energy underreporting was defined as a ratio of reported energy intake to estimated resting energy expenditure <0.9.

Results: A total of 136 participants were included (mean 46.1, SD 14.6 years; 49/136, 36% men; 31/136, 22.8% with diabetes).
The average reported energy intakes (kcal/d) were 2171 (SD 553) in men with Keenoa and 2118 (SD 566) in men with ASA24
(P=.38) and, in women, 1804 (SD 404) with Keenoa and 1784 (SD 389) with ASA24 (P=.61). The overall mean difference
(kcal/d) was −32 (95% CI −97 to 33), with limits of agreement of −789 to 725, indicating acceptable agreement between tools
without bias. Mean reported macronutrient, calcium, potassium, and folate intakes did not significantly differ between tools.
Reported fiber and iron intakes were higher, and sodium intake lower, with Keenoa than ASA24. Intakes in all macronutrients
(r=0.48-0.73) and micronutrients analyzed (r=0.40-0.74) were correlated (all P<.05) between tools. Weighted Cohen κ scores
ranged from 0.30 to 0.52 (all P<.001). The underreporting rate was 8.8% (12/136) with both tools. Mean System Usability Scale
scores were higher for Keenoa than ASA24 (77/100, 77% vs 53/100, 53%; P<.001); 74.8% (101/135) of participants preferred
Keenoa.

Conclusions: The Keenoa app showed moderate to strong relative validity against ASA24 for energy, macronutrient, and most
micronutrient intakes analyzed in healthy adults and those with diabetes. Keenoa is a new, alternative tool that may facilitate the
work of dietitians and nutrition researchers. The perceived ease of use may improve food-tracking adherence over longer periods.

(J Med Internet Res 2022;24(11):e40449)   doi:10.2196/40449
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Introduction

Background
Associations among diet, health, and disease have been made,
but findings are often criticized based on the unreliability of the
collected dietary data. Indeed, current dietary assessment
methods used in research are either burdensome to participants,
resulting in a lower rate of compliance, or lack accuracy and
precision [1]. They are also expensive because it is
time-consuming for researchers to collect and analyze data.
These methods include (1) written food diaries, which require
participants to write every food and beverage consumed, usually
during 3 to 7 consecutive days [2,3]; (2) 24-hour recalls where
participants report all foods and beverages consumed for the
previous day in the presence of a trained interviewer; and (3)
food frequency questionnaires, which ask the frequency of
consumption of specific food items or categories of food
consumed during a defined time period [4]. Food recalls rely
on memory for both the food items consumed and their quantity
[4], which may impact the validity of collected data. One of the
most common methods for dietary assessment is the food diary
that is often incomplete and therefore requires researchers to
make assumptions to evaluate dietary intake. Food diaries are
more prone to reactivity bias; that is, when participants change
their food intake owing to the awareness of their intake being
analyzed [4]. Lack of participant motivation may also be a
source of error, limiting the number of valid tracking days [4,5].
Furthermore, research personnel must be trained on standardized
methods to administer, review, and analyze food diaries. This
is of particular importance in the context of multisite studies.
In addition, these methods require participants to estimate their
food portion sizes accurately and are demanding on research
personnel who must enter collected dietary data into computer
software for data analysis. Finally, underestimation of total
calorie intake is frequent, in particular among individuals living
with overweight and obesity [3,6,7].

New tools have been developed using web and mobile
technologies [8-11]. It is now possible to collect food diaries
and recalls on the web, to facilitate the recording process and
data analysis [9]. Only a few image-assisted food record
methods exist, and few studies have investigated their use.
Evidence points to potential improvement of accuracy with such
methods compared with traditional self-reported dietary
assessment approaches by providing through pictures of meals,
food items, and additional details that could be otherwise
omitted [12-14]. The use of pictures may decrease
underreporting and increase the accuracy of portion size
estimation. Keenoa is a newly designed, image-assisted
food-tracking mobile app that integrates artificial intelligence
for food recognition. It was developed to introduce user-friendly
technologies facilitating the work of researchers and dietitians.
Given the lower burden on participants, it has the potential to
overcome some of the limitations of traditional methods.

Objectives
This study was conducted to evaluate the relative validity of
Keenoa against a 24-hour validated web-based food recall
platform automated self-administered 24-hour recall (ASA24)
in both healthy individuals and those living with type 1 and type
2 diabetes. People with diabetes, namely type 1, are generally
more aware of their food intake to match with insulin injections,
hence we aimed to validate the tool in both a healthy and
diabetic population. Secondary objectives were to compare the
proportion of under and overreporters between tools and to
assess the user’s appreciation of the tools. We hypothesized
that dietary assessment using Keenoa is comparable with that
of ASA24-Canada and better appreciated by users.

Methods

Study Population
Participants were recruited between February and November
2021 through social media, email, and word of mouth.
Participants with diabetes were recruited through the Behaviors,
Therapies, Technologies, and Hypoglycemic Risk in Type 1
Diabetes (BETTER) registry [15] and through emails from a
diabetes association (ie, Diabète Québec). Inclusion criteria
were adults aged 18 to 70 years; owning a smartphone,
computer, or tablet; having access to the internet; being able to
read English or French; and having a self-reported BMI between

18 and 35 kg/m2 to minimize under- and overreporting [16].
Exclusion criteria were living outside of Canada, history of
frequent dieting, following a weight loss diet, having a
disordered eating pattern, having any active and uncontrolled
acute or chronic disease, having gained or lost a significant
amount of weight (>5 kg) within the past 3 months, and being
pregnant or breastfeeding. Participants with diabetes were
excluded if their diagnosis dated ≤1 year, if their diabetes
medication was changed within the past 3 months or if they had
celiac disease. Electronic informed consent was obtained from
all participants.

Ethics Approval
The study was approved by the McGill Research Ethics Board
(REB 20-09-035) and registered on the Dietary Assessment
Calibration or Validation Register from the National Cancer
Institute.

Study Design
We used a randomized crossover design for a 2-week duration,
and participants completed a 4-consecutive-day tracking period
(3 weekdays and 1 weekend day) with both dietary assessment
methods, ASA24 and Keenoa, in a random order, on the same
days of the week. The study was performed entirely on the web.
Participants were also asked to answer a web-based
questionnaire about their sex, gender, height, weight, years of
education, occupation, chronic diseases, weight history, body
image satisfaction, medications, and vitamin and mineral
supplements (Multimedia Appendix 1). The questionnaire also
included questions on physical activity levels following the
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International Physical Activity Questionnaire–Short Form [17].
Participants were given written instructions (1 page each) on
the use of each tool, and assistance was available as needed by
email or phone to ensure accurate data entry. Upon completion
of the questionnaire, they were assigned a set of 4 consecutive
days to track their food intake. Those 4 days were determined
to begin on the Wednesday or Sunday following questionnaire
completion to allow for the 4 consecutive days to include 3
weekdays. If patients omitted to enter their daily food intake,
reminders were sent at the end of the day, before dinner time.
With ASA24, participants could still log in until midnight to
fill their recall. If the recall had not been completed by the next
day, participants were allotted another day of tracking (weekday
or weekend day, depending on the missing day). With Keenoa,
missing days were also replaced with additional tracking days.
Each participant was allotted a maximum of 2 reminders per
tool, after which they were excluded from the study. An
encouragement message was sent after the completion of the
first day with each tool to maximize adherence. Finally,
participants were asked to complete the System Usability Scale
(SUS) [18], a validated usability questionnaire that consists of
10 questions with 5 options each, from strongly disagree to
strongly agree. The SUS asked participants about both tools in
the same order in which they tracked their intake (ie, if
participants used Keenoa first and ASA24 second, the tool asked
participants to answer questions about Keenoa followed by the
same set of questions on ASA24). After completing the tracking
period with both dietary assessment tools, if food items present
in the pictures of participants were omitted or entered
incorrectly, entries from the Keenoa app were adjusted by a
dietitian. For instance, when condiments such as ketchup or
mayonnaise were present in a picture but not in the participants’
entries, the item was added to the food diary.

Automated Self-administered 24-Hour Recall
The ASA24 is a web-based dietary recall or food diary tool
developed by the National Cancer Institute of the National
Health Institute designed for epidemiological and clinical
research purposes and is free to use. The ASA24 recall tool has
been extensively validated notably against true intake [19] and
recovery biomarkers [20], hence we used the recall tool as a
comparator. The recall tool was designed to mimic a 24-hour
recall without requiring an interviewer. As such, it uses the
multiple-pass method which includes multiple reminders on
frequently forgotten foods or ingredients and asks for details
regarding portion sizes using pictures as models. Once
completed, researchers access the data analysis, which is based
on the Canadian Nutrient File (CNF; version 2015) for the
ASA24-Canada 2018. The ASA24 tool allows to enter
supplements, with an option to include them in the analytic files.
In this study, supplements were not included in the nutrient
comparisons.

Keenoa
Keenoa (version 1.0.3) is a newly designed, intelligent
food-tracking mobile app (participant’s end) linked to a web
platform (researcher’s end). With the mobile app, participants
take pictures of their meals and snacks, which are recognized
or partly recognized by an artificial intelligence–based

algorithm. Prompted by a few questions, users specify the foods
and beverages consumed and estimate portion sizes using
dynamic pictograms. From the web app, the researcher has
access to the meal pictures and their associated detailed
nutritional analysis, in real time. Dietary data are obtained from
the CNF database [21], the US Department of Agriculture
database [22], and frequently imported food items from the
South Korean Food Composition Database [23], the Hong Kong
Nutrient Information Inquiry System [24], the Indian Food
Composition Tables [25], and the Australian Food Composition
Database [26]. Bar codes from grocery store items can be
scanned from the app. Relevant information such as time of
consumption and time between meals is also available. The
Keenoa app has been validated in the past [27,28]. However,
those were performed using a prototype of the app. The validity
and reliability of the updated Keenoa food diary remain to be
established for both research and evidence-based dietetic
practice.

Sample Size
Considering that correlations between reference and test methods
are expected to range between 0.5 and 0.7 in the context of
validity, based on a 0.4 null-hypothesis correlation coefficient,
0.6 effect size (alternative hypothesis), Cronbach α=.05, and
80% power, the sample size required was 111 participants. This
sample size for dietary intake validation studies is supported
by Serra-Majem et al [29] and Willett [4]. Thus, we aimed to
recruit 120 healthy participants within 3 age strata of 18 to 35,
36 to 54, and 55 to 70 years with an equal gender ratio of 20
(50%) men and 20 (50%) women per stratum. In addition, we
aimed to recruit 40 patients (20 men and 20 women, 18-70
years) with diagnosed type 1 diabetes and 40 patients (20 men
and 20 women, 18-70 years) with diagnosed type 2 diabetes for
this study.

Statistical Analysis
Energy and macronutrient intakes were averaged to reflect
habitual intake. Mean results from Keenoa were compared with
those from ASA24 using paired sample 2-tailed t tests and
Wilcoxon rank tests, by gender, with and without adjustment
for caloric intake as per the residuals method [30]. The normality
of data distributions was evaluated using the Shapiro-Wilk test.
Correlations were evaluated using Spearman correlation
coefficients and were deattenuated, as suggested [31].
Deattenuation involves adjusting for reliability, by dividing a
correlation by the product of the 2 tools’ daily intraindividual
variability [32] from intraclass correlations. Weighted Cohen
κ values were computed to assess interrater agreement between
tools and were interpreted as per Landis and Koch [33]. The
Bland-Altman method was used to assess the mean difference
and agreement between the 2 tools. We established our
acceptable limits of agreement (LOAs) as the mean
intraindividual SD between reported daily intakes multiplied
by 1.96, given that LOAs in similar studies are often large and
no acceptable LOAs have been established in the literature for
nutrition validation studies. Pearson correlations were used to
assess associations between differences and average intake with
Bland-Altman plots, as suggested by Lombard et al [31]. Energy
underreporting was defined as a ratio between mean 4-day
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energy intake and estimated resting energy expenditure ratio
below 0.9 [34] and overreporting as a ratio >2.4, as previously
established [35]. Resting energy expenditure was estimated
using the Mifflin St-Jeor equation [36]. The significance of

differences in under- and overreporting was measured using χ2

tests. All analyses were performed using SPSS (version 28;
IBM Corp). P values <.05 were considered to be statistically
significant.

Results

Participant Characteristics
A total of 361 respondents were eligible to participate in the
study. Of the 361 participants, 92 (25.5%) participants did not
fill the first questionnaire, 2 (0.5%) were screened when their
respective stratum was full and were therefore excluded, 128

(35.4%) dropped out before completing both dietary tracking
periods, and 1 (0.3%) participant was excluded owing to
outstanding differences between both tracking periods (2.25-fold
difference in energy intake). Completion rates and dropouts
varied by tool with more dropouts and exclusions during ASA24
tracking (55/128, 43%) as opposed to Keenoa tracking (16/128,
12.5%; Figure 1). In total, 136 participants were included in the
analyses; 11% (15/136) of participants were trained in nutrition
or dietetics. Baseline participant characteristics are summarized
in Table 1, by gender. The mean age of participants was 45.4
(SD 14.5) years in women and 47.2 (SD 15.2) years in men.

The mean BMI was 24.0 (SD 3.9) kg/m2 in women and 26.8

(SD 4.4) kg/m2 in men. Most participants were of White
ethnicity (113/136, 83.1%) and had a bachelor’s degree
(101/136, 74.3%).

Figure 1. Participant flow. ASA24: automated self-administered 24-hour recall; SUS: System Usability Scale.
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Table 1. Characteristics of study participants (N=136)a.

Men (n=49)Women (n=87)Variable

47.2 (15.2)45.4 (14.5)Age (years), mean (SD)

26.8 (4.4)24.0 (3.9)BMI (kg/m2), mean (SD)

Diabetes, n (%)

9 (18.4)22 (25.3)Yes

40 (81.6)65 (74.7)No

Chronic disease, n (%)

12 (24.5)30 (34.5)Yes

37 (75.5)56 (64.4)No

Level of education, n (%)

1 (2)1 (1.1)Some high school completed

2 (4.1)2 (2.3)High school diploma

4 (8.2)1 (1.1)Vocational school

3 (6.1)18 (20.7)Completed college

18 (36.7)35 (40.2)Bachelor’s degree

18 (36.7)26 (29.9)Graduate degree (ie, MSc, MA, or PhD)

3 (6.1)1 (1.1)Professional degree (ie, MD)

Ethnicity, n (%)

39 (79.6)74 (85.1)White

1 (2)1 (1.1)Aboriginal (first nations)

5 (10.2)7 (8)Asian

2 (4.1)0 (0)Black

2 (4.1)3 (3.4)Hispanic

0 (0)1 (1.1)Multiethnic

Body weight satisfaction , n (%)

33 (67.3)41 (47.1)Yes

15 (30.6)38 (43.7)No

1 (2)8 (9.1)I do not know or I prefer not to answer

Medication , n (%)

25 (51)52 (59.8)Yes

24 (49)35 (40.2)No

Taking vitamin or mineral supplement , n (%)

20 (40.8)28 (32.2)Yes

29 (59.2)59 (67.8)No

Special diets , n (%)

41 (83.7)67 (77)None

3 (6.1)8 (9.2)Vegetarian, vegan

0 (0)1 (1.1)Intermittent fasting

0 (0)1 (1.1)Gluten free

5 (10.2)10 (21.7)Other (eg, Mediterranean or low carb)

Cooking responsibility , n (%)

32 (65.3)78 (89.7)Myself
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Men (n=49)Women (n=87)Variable

17 (34.7)7 (8)Another family or household member

Grocery shopping responsibility , n (%)

35 (71.4)76 (87.4)Myself

14 (28.6)9 (10.3)Another family or household member

Self-reported physical activity level , n (%)

7 (14.3)16 (18.4)Sedentary

20 (40.8)34 (39.1)Low active

21 (42.9)35 (40.2)Active

1 (2)2 (2.3)Very active

Used diet tracking app before , n (%)

17 (34.7)32 (36.8)Yes

32 (65.3)55 (63.2)No

aAll missing data not adding up to the total sample population are “I don’t know” or “I prefer not to answer.”

Mean Differences and Agreement Between Tools
Mean reported intakes of energy and all selected nutrients are
reported by the tool, presented in Table 2 for women and Table
3 for men. Mean reported energy intakes (kcal/d) with Keenoa
and ASA24 were 2171 (SD 553) and 2118 (SD 566; P=.38) in
men, and 1804 (SD 404) and 1784 (SD 389; P=.61) in women,
respectively. There were no statistically significant differences
between tools in macronutrient intake (all P>.05) except for
fibers, which was higher with Keenoa in both women (P<.001)
and men (P=.02). Differences in macronutrient distribution were
also nonsignificant in both genders. From the micronutrients
analyzed, reported potassium and folate intakes did not differ
between tools. Reported fiber intakes were higher with Keenoa
in both women (P=.002) and men (P=.05) in both genders. Mean
reported calcium intake was not different between tools in
women (P=.67) but men had significantly lower calcium with
ASA24 with a mean difference of −90 mg/d (95% CI −175 to

−5; P=.04). Reported sodium intake was higher with ASA24
in both genders (P<.001). Differences or the absence of
differences remains when adjusting nutrients for energy intake
(data not shown).

Results from Bland-Altman analyses are shown in Figure 2 and
Table 4. Pooling participants of both genders resulted in mean
differences of −32 kcal (LOAs: −789.2 to 725.2) for energy,
−7.9 g (LOAs: −104.8 to 89.0) for carbohydrate, −1.9 g (LOAs:
−45.0 to 41.3) for protein, and 0.0 g (LOAs: −44.8 to 44.9) for
fat intakes, as shown in Bland-Altman plots (Figure 2); negative
values indicated that reporting was higher with Keenoa
compared with ASA24. Bland-Altman plots for energy and
macronutrients by gender are presented in Figure 2. LOAs of
all nutrients (Table 4) were within acceptable LOAs except for
calcium, sodium, and folate, which had larger LOAs for the
difference between tools as opposed to the intraindividual daily
variability LOAs.

Table 2. Reported nutrient intakes and mean differences between automated self-administered 24-hour recall (ASA24) and Keenoa in women (n=87)a.

P valueMean difference (95% CI)Keenoa, mean (SD)ASA24, mean (SD)

.61−20 (−99 to 58)1804 (404)1784 (389)Energy (kcal)

.19−6.6 (−16.5 to 3.2)202.0 (63.5)195.3 (55.8)Carbohydrates (g)

.37−2.1 (−6.8 to 2.5)79.0 (19.7)76.9 (17.6)Protein (g)

.611.2 (−3.6 to 6.1)74.8 (21.6)76.1 (22.6)Fat (g)

<.001−2.4 (−3.7 to −1.1)22.2 (9.0)19.8 (7.6)Fiber (g)

.67−15 (−85 to 55)875 (384)860 (309)Calcium (mg)

.002b−1.6 (−2.5 to −0.6)13.6 (5.1)12.0 (3.2)Iron (mg)

<.001b508 (302 to 715)2442 (799)2950 (739)Sodium (mg)

.23−77 (−202 to 48)2929 (896)2852 (755)Potassium (mg)

.05b28 (−0.4 to 56)406 (135)434 (129)Folate (µg)

aPaired 2-tailed t tests unless otherwise indicated.
bWilcoxon signed-rank test.
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Table 3. Reported nutrient intakes and mean differences between automated self-administered 24-hour recall (ASA24) and Keenoa in men (n=49)a.

P valueMean difference (95% CI)Keenoa, mean (SD)ASA24, mean (SD)

.38−53 (−173 to 68)2171 (553)2118 (566)Energy (kcal)

.20−10.2 (26.0 to 5.6)249.3 (67.1)239.1 (74.2)Carbohydrates (g)

.67−1.4 (−7.8 to 5.1)93.3 (24.0)92.0 (27.3)Protein (g)

.52−2.1 (−8.8 to 4.5)82.8 (27.5)80.6 (24.1)Fat (g)

.02−2.5 (−4.6 to −0.5)24.3 (8.7)21.7 (10.2)Fiber (g)

.04−90 (−175 to −5)964 (351)874 (323)Calcium (mg)

.05−1.0 (−2.0 to −0.0)14.8 (4.7)13.8 (4.2)Iron (mg)

<.001b654 (383 to 924)2880 (930)3534 (1146)Sodium (mg)

.26b−136 (−492 to 220)3323 (1206)3188 (1111)Potassium (mg)

.10−37 (−99 to 26)511 (237)475 (195)Folate (µg)

aPaired 2-tailed t tests unless otherwise indicated.
bWilcoxon signed-rank test.

Figure 2. Bland-Altman plots. ASA24: automated self-administered 24-hour recall; EEI: estimated energy intake.
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Table 4. Bland-Altman agreement analysis (N=136).

P valuedPearson rdAcceptable LOAscLOAsbMean difference (SD)a

.80−0.022−849.1 to 785.1−789.2 to 725.2−32.0 (386.3)Energy (kcal)

.58−0.048−110.1 to 94.3−104.8 to 89.0−7.9 (49.4)Carbohydrates (g)

.840.017−46.7 to 42.9−45.0 to 41.3−1.9 (22.0)Protein (g)

.59−0.047−46.2 to 46.2−44.8 to 44.90.0 (22.9)Fat (g)

.60−0.045−16.6 to 11.8−15.2 to 10.3−2.4 (6.5)Fiber (g)

.01−0.214−588.4 to 504.2−664.2 to 580.0−42.1 (317.4)Calcium (mg)

<.001−0.341−9.5 to 6.7−9.5 to 6.7−1.4 (4.1)Iron (mg)

.290.091−1126.6 to 2248.0−1315.9 to 2440.4560.7 (959.0)Sodium (mg)

.07−0.155−1884.8 to 1689.0−1814.8 to 1618.9−97.9 (875.9)Potassium (mg)

.006−0.233−321.2 to 330.6−330.0 to 339.54.7 (170.8)Folate (µg)

aAutomated self-administered 24-hour recall (ASA24)—Keenoa.
bLOA: limit of agreement.
cEstablished as the mean intraindividual SD between reported daily intakes multiplied by 1.96.
dRefers to the Pearson correlation between the mean and mean difference between the tools. Significant P values indicate systematic bias.

For energy and macronutrient intakes, deattenuated correlation
coefficients ranged from 0.69 to 1.0 in men and from 0.42 to
0.84 in women (Multimedia Appendix 1). Micronutrients’
deattenuated correlation coefficients ranged from 0.61 to 1.0 in
men and 0.31 to 1.0 in women. Sodium was the nutrient with
the lowest correlation coefficient value in women.

Cross-Classification Analysis
Results from the cross-classification analysis are shown in Table
5. The weighted κ score associated with energy reporting with
both tools was 0.45 (95% CI 0.34-0.56). Weighted κ scores
ranged from 0.29 to 0.52 for macronutrients and from 0.31 to
0.51 for the micronutrients analyzed (all P<.001).

Table 5. Cross-classification agreement by quartiles.

P valuebCohen κa (95% CI)

<.0010.45 (0.34-0.56)Energy (kcal)

<.0010.52 (0.42-0.62)Carbohydrates (g)

<.0010.29 (0.17-0.42)Protein (g)

<.0010.32 (0.20-0.43)Fat (g)

<.0010.51 (0.41-0.61)Fiber (g)

<.0010.38 (0.27-0.49)Calcium (mg)

<.0010.38 (0.26-0.49)Iron (mg)

<.0010.31 (0.19-0.43)Sodium (mg)

<.0010.49 (0.39-0.60)Potassium (mg)

<.0010.37 (0.25-0.48)Folate (µg)

aWeighted Cohen κ.
bSignificant P values indicate agreement.

Usability
Usability measured by the SUS indicated a mean score of 52.9
(SD 21.3) points out of 100 for ASA24 and 77.0 (SD 16.2)
points for Keenoa (P<.001). Using the star rating (out of 5) after
the completion of both tracking periods, of the 136 participants,
101 (74.8%) participants rated Keenoa higher compared with
ASA24, whereas 11 (8.1%) gave a higher rating to ASA24.
Among the 136 participants included in the analysis, 33 (24.3%)
needed 2 reminders before they completed ASA24, while 11
(8.1%) needed 2 reminders with Keenoa. More reminders were

needed during the first tracking with either tool. Finally, the
frequency of energy underreporting was the same for each tool
(12/136, 8.8%), and no overreporting was observed.

Discussion

Principal Findings
This study assessed the relative validity of the Keenoa mobile
app against the validated ASA24 web-based recall method. No
significant differences in estimated energy intake were found
between tools that had similar rates of energy underreporting.
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Mean carbohydrate, protein, fat, potassium, and folate intakes
were also similar between the 2 tools, whereas fiber and iron
reporting was higher and sodium was lower with Keenoa than
ASA24, in both genders.

Interpretation of Findings
Bland-Altman analyses and paired 2-tailed t tests showed no
systematic bias and agreement for all macronutrients and energy,
with LOA falling within acceptable values, and without
significant trends in the differences per intake. Weighted Cohen
κ scores, which represent the ability of the tools to classify
participants similarly based on their nutrient intake, indicated
fair (fat and protein) to moderate (energy and carbohydrates)
agreement at the individual level.

In addition to the main macronutrients and energy, fiber,
calcium, iron, sodium, potassium, and folate were selected for
analysis because they typically show little variability in
day-to-day consumption [37,38] while generally of interest to
clinicians and researchers. No systematic bias was detected for
potassium and folate and calcium at a group level. Fiber and
iron were consistently higher with Keenoa compared with
ASA24, although the magnitude of the difference was relatively
small: 2.4 g and 1.4 mg, respectively, both 11% of the mean
estimated intake. On the other hand, reported sodium intake
was consistently higher with ASA24, with a larger difference
of 561 mg (19% of mean estimated intake). Fiber, iron, and
potassium had LOAs lower than intraindividual daily variation
LOAs suggesting an acceptable level of uncertainty between
the tools. LOA for calcium, sodium, and folate were wider than
the acceptable LOAs, which could indicate inadequate
agreement. Bland-Altman analyses showed that, for most
nutrients analyzed, the difference in reporting between the tools
was not affected by the mean value of the intake. However, in
addition to systematic bias, a significant trend was detected in
iron reporting, where higher overall intakes correlated with
higher Keenoa reporting. A slightly similar trend was also seen
with folate and calcium, without systematic bias at the group
level. Weighted Cohen κ scores confirmed fair (calcium, iron,
sodium, and folate) to moderate (fiber and potassium) agreement
at an individual level.

The difference between tools in estimating sodium intake may
be explained by a combination of possible sodium overreporting
with ASA24 and underreporting with Keenoa. First, neither
ASA24 nor Keenoa asks participants about added salt. Although
Keenoa does provide low- and no-sodium options for food items
when applicable, ASA24 does not provide questions for salt
adjustment and assumes that regular-sodium foods are consumed
and that salt is added during food preparation [39]. Previous
dietary intake surveys used to query on food items’ salt content
and the addition of salt at the table. However, in a 2012 report
by the United States Department of Agriculture, taking out those
salt adjustment questions was shown to lower sodium intake
estimates by about 4%. Thus, those questions were not included
in the development of ASA24 [39]. ASA24 was found to
overreport sodium intake in 1 study [19] but not in others
[20,40]. Alternatively, the absence of questions related to added
salt within Keenoa might have led to an underestimation of

sodium intake. These differences may have exaggerated the
difference in sodium estimation between the 2 tools.

Regarding fiber intake reporting, higher values with Keenoa
seem to be associated with the inclusion of mixed meals in the
food diaries of our participants. The Keenoa database includes
meal builders which allow participants to select different items
used to prepare their mixed meal. Each item is linked to their
unique CNF code in a proportion that is representative of
popular recipes for this specific meal in North America. For
example, chili can be logged by selecting the specific protein
items, vegetables, and toppings that constituted the meal and
that were really consumed. In contrast, ASA24 uses the
predefined mixed dishes included in the CNF database, which
are often fast-food versions, containing less vegetables than
homemade versions, or versions in which the meal content is
standard and cannot be modified. Finally, the difference in iron
reporting between the 2 tools was higher in frequent consumers
of breakfast cereals, for which bar codes could be used with
Keenoa to specify the brand and type of cereals consumed. For
instance, entering “cereals” in ASA24 yields “cereal (cold, other
kind)” and “cereal (unknown kind)” as first options, leading
participants to be less specific about cereals consumed, whereas
Keenoa allows these items to be easily entered while not
providing the possibility for vague entries.

In our study, no gender difference was seen in the reporting
agreement between tools, except for calcium intake, which was
significantly different in men. The difference is relatively small
(90 mg; 10% of mean estimated intake). This difference is not
because of outlier data and remains unexplained. Upon
inspection of data distribution, no significant outliers were
detected, and differences are well distributed around the mean.
The difference was not statistically significant when grouping
all participants. In addition, when performing the analyses by
age group, the same findings were obtained.

Current findings of overall agreement between tools differ from
those of a previous relative validation study published in 2020
[27] in which Keenoa showed significantly lower reporting for
energy and most nutrients when compared with a 3-day
pen-and-paper food diary analyzed with the Food Processor
software (version 11.1; ESHA Research), using the CNF food
database. Contrasting findings between that study [27] and this
study may be because of the use of a different reference method
(3-day written food diary vs ASA24) but most likely related to
upgrades made to the Keenoa app. The study by Ji et al [27]
was conducted using a prototype (version 0.3.7) of the Keenoa
app, which was restricted to a search for food items available
within the CNF. This database is limited, most notably in its
cultural food content, and thus limits participants from selecting
some of their consumed food items. The version of Keenoa used
in this study (version 1.0.3) had a larger database including
cultural foods from other national databases and had integrated
meal builders which potentially facilitated participants’ data
entry. In addition, a multiple-pass function had also been
implemented within Keenoa to maximize validity, prompting
participants to review their diary at the end of the day and enter
any omitted item. However, a conclusion as to which tool
performs better cannot be verified as none of the 3-day food
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diary or ASA24 reference methods is a gold standard to estimate
dietary intake.

Other mobile apps are available to estimate nutritional intake.
Most of them are not adapted for research purposes, as they
allow the public to freely add food items to the database [41]
and thus databases are not validated [42]. Some are aimed to
induce weight loss and are not adapted for dietary assessment
as the energy and nutrient intakes are inevitably shown to the
participant, possibly leading to changes in behavior and intake
[41-46]. Some mobile apps used for research have not been
adapted to the Canadian food market [47-49]. Image-assisted
mobile dietary assessment methods also exist but some are not
connected to a nutrient composition database and thus require
researchers to review all entries [50], providing limited
advantage compared with traditional methods. Others are not
available to the public [51]. In addition, other relative validation
studies on mobile tools are often performed on the same day of
intake (food diary followed by a 24-hour recall the next day),
which induces a major training bias. Results from those studies
typically show limited systematic bias with wide LOAs [52],
which is comparable with our study’s results even though our
tracking periods were different between tools. Finally, some
image-assisted methods involve wearable camera devices
[53,54], which can also be time-consuming for researchers to
collect and analyze data, in addition to potential ethical concerns
and issues with participant acceptance because of their
invasiveness.

Other web-based tools also exist to estimate nutritional intake
in a recall format [20,55-58]. Most of them have been validated
against recovery biomarkers and are currently used in research
settings. Although most are adapted to European populations,
2 bilingual tools were available in Canada [20,57]. We selected
ASA24 as a comparator to Keenoa because, in addition to being
widely used in research, it has been extensively validated,
notably against true intake [19], doubly labeled water, and
urinary biomarkers [20]. However, ASA24 does have some
limitations that might have limited adherence. First, it takes
considerable time to complete the food recalls, between 41 and
58 minutes [40], given the automated multiple-pass method
used to maximize validity. Second, because of the recall format,
some participants were worried about forgetting their intake
from the previous day and wrote down everything that was
consumed in real time to properly enter it in ASA24 the next
day, thus increasing the participant burden. The lower perceived
usability with this tool led to the lower adherence that was
detected with ASA24 in this study. This may lead to attrition
bias where only the most motivated participants will report their
intake or remain in longitudinal studies, thus limiting
generalizability. It is noteworthy that participants who were
assigned to start with ASA24 were more likely to drop out or
be excluded from the study follow-up, consistent with the lower
usability score from ASA24.

On the other hand, some participants preferred tracking once
per day with ASA24 instead of continuously throughout the

day with Keenoa. An advantage to ASA24 is the ability for
prescription supplements to be entered and added to the
nutritional analysis. The Keenoa app also has some limitations.
For instance, it does not query participants on added salt, which
might lead to sodium underreporting. The current Keenoa
database does not include prescription vitamin and mineral
supplements—those can only be added by hand by researchers
or clinicians. However, the presence of a more extensive
database, as well as the ability to copy previous meals, and the
shorter time associated with tracking were preferred by
participants, leading to a higher usability score. It is known that
tracking periods over 4 days decreases the validity of filled
diaries [5,59], likely secondary to a decrease in participant
motivation. The perceived ease of use with the Keenoa app may
increase food-tracking adherence over longer periods, thus
leading to better estimations of one’s usual intake. This remains
to be shown.

Limitations
Our study has its limitations. Ideally, both measurement
instruments should be used on the same days of food recording,
but this approach would introduce training bias, as the use of
one tool would influence the information provided with the
other tool. Thus, we tested each instrument on 4 consecutive
days, randomly, assuming a fairly constant intake of nutrients
of interest. However, this approach increased intraindividual
variability related to food intake, independently of the tracking
tool. Furthermore, our sample was more educated and included
a higher proportion of participants who self-identified as White
than Canadian averages, which might limit the generalizability
of our results. In addition, 11% (15/136) of our sample was
trained in nutrition or dietetics and 19.9% (27/136) had type 1
diabetes, which may have improved the quality of food tracking.
However, comparing a food recall to a food diary could have
been leading to some differences in results between tools. We
also aimed to recruit more participants, specifically men, and
participants with diabetes. Despite numerous efforts to complete
our group quotas, we experienced a plateau in recruitment. As
the group having diabetes was inadequately powered to detect
significant correlations and the results from this group did not
differ from those of the healthy group, we pooled both groups
together to ensure an adequate sample size. Finally, although
extensively validated, ASA24 is not a gold standard measure.
It is thus not possible to identify which tool provided results
that were most representative of true intake. This supports the
continuation of the validation process into a validation with
recovery biomarkers or true intake measures.

Conclusions
The Keenoa app showed moderate to strong relative validity
against ASA24 for energy, macronutrient, and most
micronutrient intakes analyzed in healthy adults and those living
with diabetes. Keenoa is a new, alternative tool that may
facilitate the work of dietitians and researchers in nutrition. The
perceived ease of use may improve food-tracking adherence
over longer periods and minimize attrition bias.
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Abstract

Background: Worldwide, mental well-being is a critical issue for public health, especially among medical staff; it affects
professionalism, efficiency, quality of care delivery, and overall quality of life. Nevertheless, assessing mental well-being is a
complex problem.

Objective: This study aimed to evaluate the psychometric properties of the Chinese-language version of the 14-item
Warwick-Edinburgh Mental Well-being Scale (WEMWBS) in medical staff recruited mainly from 6 hospitals in China and
provide a reliable measurement of positive mental well-being.

Methods: A cross-sectional online survey was conducted of medical staff from 15 provinces in China from May 15 to July 15,
2020. Confirmatory factor analysis (CFA) was conducted to test the structure of the Chinese WEMWBS. The Spearman correlations
of the Chinese WEMWBS with the 5-item World Health Organization Well-Being Index (WHO-5) were used to evaluate
convergent validity. The Cronbach α and split-half reliability (λ) represented internal consistency. A graded response model was
adopted for an item response theory (IRT) analysis. We report discrimination, difficulty, item characteristic curves (ICCs), and
item information curves (IICs). ICCs and IICs were used to estimate reliability and validity based on the IRT analysis.

Results: A total of 572 participants from 15 provinces in China finished the Chinese WEMWBS. The CFA showed that the 1D
model was satisfactory and internal consistency reliability was excellent, with α=.965 and λ=0.947, while the item-scale correlation
coefficients ranged from r=0.727 to r=0.900. The correlation coefficient between the Chinese WEMWBS and the WHO-5 was
significant, at r=0.746. The average variance extraction value was 0.656, and the composite reliability value was 0.964, with
good aggregation validity. The discrimination of the Chinese WEMWBS items ranged from 2.026 to 5.098. The ICCs illustrated
that the orders of the category thresholds for the 14 items were satisfactory.

Conclusions: The Chinese WEMWBS showed good psychometric properties and can measure well-being in medical staff.

(J Med Internet Res 2022;24(11):e38108)   doi:10.2196/38108

KEYWORDS

psychometric property; Chinese Warwick-Edinburgh Mental Well-being Scale; classical test theory; well-being; item response
theory; medical staff; China
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Introduction

Background
Mental well-being is a public health concern worldwide;
adequate mental well-being is associated with better
health-related quality of life and longer life expectancy [1]. In
recent years, the mental well-being of employees in several
occupations has gained substantial attention [2-6]. A
meta-analysis revealed that numerous health care workers had
various psychological problems [7]. It is well known that
medical staff experience many work-related stresses (eg,
prolonged and irregular working hours, night shifts,
high-intensity work, emotional exhaustion, chronicity of care,
and moral conflicts), which may negatively influence their
mental well-being, causing depression, anxiety, sleeping
disorders, and other problems. Impaired mental well-being can
affect health care providers’ professionalism, quality of care
delivery, efficiency, and overall quality of life [8,9].

Moreover, it has been reported that the overall mental health
status of Chinese medical staff is unfavorable [10,11]. This
finding suggests that the mental well-being of medical staff is
critically important to public health [12,13]. For this reason, it
is crucial to measure the mental health status of medical staff
and identify work-related risk factors to protect their well-being
[14].

The Warwick-Edinburgh Mental Well-being Scale (WEMWBS)
is a relatively new, short, acceptable scale that has been
translated into several languages [15-18]. It has demonstrated
excellent reliability, good validity, and internal consistency
[19]. Studies of public mental health have confirmed the
WEMWBS’s ability to offer rigor in psychological evaluations
[20]; it focuses on protective and promoting factors that can
provide a rational basis for the orientation of policy makers
formulating interventions [21].

Previous studies have reported the psychological performance
of the Chinese-language version of the WEMWBS in clinical
and nonclinical settings in China, but all have had limitations
[15,22]. Research by Liu et al [23] appears to be the earliest
psychometric analysis of the Chinese WEMWBS; however, 2
issues need addressing. First, their paper was written in Chinese,
making it burdensome to read for non–Chinese-speaking
investigators and impeding comparisons of China with other
countries. Second, the age of the study participants ranged from
60 to 97 years, resulting in information and selection bias. The
generalizability of the findings from Dong et al [22] is
problematic, because the 191 patients with chronic heart failure
in that study came from 1 hospital in a Chinese city. A study
by Fung [24] and an earlier study by Dong et al [15] were
limited because all respondents were university students
recruited from either a single university or a single hospital
nursing internship program in a Chinese city; this could have
caused pervasive information and selection bias in these studies’
assessment of the psychometric properties of the WEMWBS.
A study by Waqas et al [25] explored the reliability and validity
of the WEMWBS in Pakistan; Taggart et al [26] investigated
the WEMWBS in a targeted sample of minority ethnic groups
living in the UK who self-identified as Chinese or Pakistani by

background. Additionally, no previous investigation has
combined a graded response model (GRM), item response theory
(IRT), and classical test theory (CTT) to evaluate the
psychometric properties of the WEMWBS. It is necessary to
find a comprehensive method and a better representative sample
that covers participants from southern and northern areas to
assess the performance of the Chinese WEMWBS.

Objective of the Study
We administered the Chinese WEMWBS to medical staff to
evaluate their psychological characteristics and explore and
popularize this questionnaire on mental well-being, which is
suitable for Chinese national conditions. We aim to provide
theoretical support for improving the mental well-being of
medical staff.

Methods

Data Collection
From May 15 to July 15, 2020, purposeful sampling was
conducted to recruit 572 medical staff online, mainly from 6
hospitals in mainland China (the First Affiliated Hospital of
Wenzhou Medical University, the Second Affiliated Hospital
of Wenzhou Medical University, the Second Hospital of Dalian
Medical University, the Second Affiliated Hospital of Zhongguo
Medical University, Lishui People’s Hospital, and Chenzhou
Third People’s Hospital).

Ethics Approval
All participants provided informed consent before participation,
and the Medical Ethics Committee of the Second Affiliated
Hospital of Wenzhou Medical University approved the study
(LCKY2019-288).

Instruments
Data were collected via a self-administered online questionnaire.
The first section collected sociodemographic characteristics,
including age, marital status, gender, body weight (in
kilograms), height (in meters), professional status, and education
level. The second section examined lifestyle habits, including
working hours, night shifts per week, smoking history, drinking
history, consumption of vegetables and fruit, physical exercise,
and self-reported personality. The third section examined mental
well-being using the WEMWBS and self-perceived quality of
life (QoL). The WEMWBS is a 14-item sequential scale that
measures 3 aspects of mental well-being: positive psychological
function, emotion, and interpersonal relationship satisfaction.
All items were scored on a 5-point Likert scale, including 1
(never), 2 (occasionally), 3 (yes), 4 (often), and 5 (always). The
total score ranged from 14 to 70, with higher scores representing
stronger subjective well-being. The third section of the
questionnaire used the 36-Item Short Form Health Survey,
Version 2 (SF-36 v2) to assess self-perceived QoL. The SF-36
v2 is a 36-item structured scale that comprehensively
summarizes respondents’ QoL across 8 dimensions: physical
functioning (10 items), role-physical (4 items), bodily pain (2
items), general health (5 items), vitality (4 items), social
functioning (2 items), role-emotional (3 items), and mental
health (5 items). The physical component summary and the
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mental component summary are 2 subscales of the 8 dimensions.
In addition to the 8 dimensions listed above, the SF-36 v2
includes another health condition, reported health transition,
which measures overall changes in health status over the past
year.

Statistical Analysis
We used EpiData (version 3.1; EpiData Association) for double
entry and data management. Data collection and analysis were
carried out using SPSS (version 27.0; IBM Corp) and R (version
4.1.1; R Foundation for Statistical Computing). Means and SDs
were calculated for continuous data and frequencies and
percentages for categorical data.

Dimensionality Test
Principal component analysis of the Chinese WEMWBS was
used to independently identify a 1D hypothesis; this analysis
indicates good quality (ie, statistical power) of the 1D structure
of the model when the first eigenvalue is more than 50% of the
total variation.

Ceiling Effect and Floor Effect
A ceiling or floor effect is present when subjects receive the
scale’s highest or lowest score. Measurement scales with ceiling
or floor effects may have questionable validity, reliability, and
reactivity. The significance level should be 20%.

Item Analysis
Item analysis determines effectiveness and the ability to
discriminate the entire scale. The process used is to sum the
scores of the items for each participant, divide them into
high-score and low-score groups (with 27% and 73% quantiles
as the boundaries), and finally use a 2-tailed t test to identify
differences between the groups. If there is a difference, the scale
item is appropriately designed; otherwise, it indicates that the
item has a questionable ability to discriminate between
respondents, meaning that the item should be deleted or
rearranged.

Reliability Analysis: Internal Consistency of the Scale
We used the Cronbach α and split-half reliability (λ) to represent
internal consistency reliability. The former indicates the
homogeneity of each item in the scale; we considered α=.7 as
the threshold above which the scale showed desired reliability.
The latter measures consistency between the 2 halves of these
items, divided according to the precedence and the odd-even
sequence of the serial number. Generally, a correlation
coefficient of r≥0.70 is considered acceptable.

Test-Retest Reliability
The test-retest reliability of the WEMWBS scale was estimated
within a 2-week interval by comparing 2 sets of scores using
the intraclass correlation coefficient.

Construct Validity
Confirmatory factor analysis (CFA) of item responses was
implemented using the weighted least-squares method to test
the structural equation modeling of the hypothesized
unidimensionality of the WEMWBS. Statistical analysis of
correlations was performed using SAS (version 9.4; SAS

Institute Inc), assuming no relationship between the residuals.
A stepwise strategy was then used to add the matrix elements
with the highest dependencies until sufficient fit statistics were
achieved.

The predicted levels of the goodness-of-fit index and adjusted
goodness-of-fit index based on degrees of freedom correction
were >0.9 and >0.8, respectively.

A root mean square error of approximation (RMSEA) below
the accepted level of 0.06 [27] indicates only a tiny number of
unintended deviations. A chi-square statistic with P<.05
indicates a considerable amount of actual covariance between
measurements that the model cannot explain [28]. Nevertheless,
large sample sizes may exaggerate this and are therefore
unsuitable [29].

Compatible Validity
This parameter refers to the extent to which the scores of the
new scale are relevant to the scores of another scale with the
same content and known validity. If the compatibility coefficient
is high, the 2 scales measure the same content, and the new
scale is equally effective. Based on the range of these 2 scales,
we hypothesized a strong correlation between the WEMWBS
and the 5-item World Health Organization Well-Being Index
(WHO-5) scale for capturing mental well-being, with a
coefficient above r=0.7.

Convergence Validity
Convergence validity refers to the similarity of measurement
results when different algorithmic methods are grouped to
determine the same feature. The evaluation indices usually
include composite reliability (CR), factor loading, and average
variance extracted (AVE), where AVE greater than 0.5 and CR
greater than 0.7 indicate that the aggregation validity is
acceptable.

IRT Analysis
IRT, also known as latent trait theory, is a modern psychometric
theory proposed to compensate for the limitations of CTT.
According to an exploratory factor analysis of CTT, the Chinese
WEMWBS is a 1D scale. Therefore, in this study, the responses
of the 572 participants to the WEMWBS on a 5-point
Likert-type scale were interpreted with the Samejima GRM
[30]. These parameters, including a discrimination parameter
(referred to as a), a difficulty parameter (referred to as b), item
characteristic curves (ICCs), and item information curves (IICs),
were administered to implement filtering entry. The
discrimination parameter evaluates the strength of the
relationship between each item and the scale; the difficulty
parameter identifies an item in the potential continuum of the
structure that best distinguishes each item. Each item has 5
levels; we used level 1 as a reference and set the remaining 4
levels as difficulty levels. The difficulty level parameter was
calculated between 1 and 2, 2 and 3, 3 and 4, and 4 and 5,
denoted as thresholds: ≥2, ≥3, ≥4, and 5.

When the discrimination parameter is <0.4 or >3 and the
difficulty parameter range exceeds –3 to 3, the item should be
considered for deletion. The model simulates ICCs for each
option for the 14 items. The first and fifth ICCs change
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unvaryingly, and the second, third, and fourth ICCs are typically
distributed, which can be considered ideal. The more ideal the
ICC distribution, the more considerable the corresponding
project information. Moreover, a larger item information
function results in greater accuracy. Item screening was then
carried out. When an item did not meet the requirement for 3
or more parameters, it was considered for deletion based on
professional knowledge and expert opinion. These calculations
were performed using Stata/MP (version 14.0 for Mac;
StataCorp LP).

Results

Descriptive Statistics of the Scale
The total sample of 572 medical staff had a mean score for the
Chinese WEMWBS of 38.47 (95% CI 37.45-39.61; SD 13.23;
skewness 0.449; kurtosis –0.486) and a median score of 37,
indicating a latent skewed trait distribution (Figure 1). An
independent-sample t test showed no difference between the
total WEMWBS score and gender (t1=–1.477; P=.14). A
Pearson correlation analysis did not indicate any significant
relationship between the score for mental well-being and age;
therefore, further validation analyses did not include participant
age.

Figure 1. Histogram showing the scores of medical staff (N=572) on the Chinese-language version of the WEMWBS. The mean score was 38.47 (SD
13.227). WEMWBS: Warwick-Edinburgh Mental Well-being Scale.

Item Analysis
As shown in Table 1, the values for specific items were
significantly different in the high-score and low-score groups
(P<.001), meaning that all 14 items could differentiate the 2

groups well, and that none should be discarded. The correlation
coefficient between each item and the total score of the
instrument ranged from r=0.727 to r=0.900. As seen in Table
2, none of the items reached a rate of 20%, suggesting that there
were no ceiling or floor effects.
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Table 1. Item analysis (discrimination analysis) and item-scale correlation of the Chinese version of the Warwick-Edinburgh Mental Well-being Scale.

Item-scale correlation, rP valuet (decision value)
High-score group (n=164), mean
(SD) score

Low-score group (n=171), mean
(SD) scoreItem

0.778<.001–23.1253.91 (0.98)1.78 (0.68)1

0.823<.001–24.2483.66 (0.99)1.56 (0.51)2

0.831<.001–32.4284.24 (0.81)1.81 (0.53)3

0.727<.001–25.8664.05 (0.94)1.77 (0.65)4

0.859<.001–37.8064.43 (0.67)1.88 (0.56)5

0.862<.001–27.923.89 (0.87)1.75 (0.46)6

0.871<.001–26.8923.84 (0.90)1.75 (0.43)7

0.900<.001–34.364.16 (0.78)1.76 (0.45)8

0.842<.001–24.1823.73 (0.96)1.70 (0.48)9

0.870<.001–31.0444.12 (0.79)1.82 (0.53)10

0.819<.001–22.9473.70 (1.00)1.72 (0.48)11

0.817<.001–26.6013.77 (0.89)1.69 (0.48)12

0.789<.001–27.7053.96 (0.91)1.73 (0.50)13

0.879<.001–31.214.04 (0.81)1.77 (0.46)14

Table 2. Floor effect, ceiling effect, and item-scale correlation of Chinese-language version of the Warwick-Edinburgh Mental Well-being Scale. The
floor and ceiling effects were defined as the lowest (1 point) and highest (5 points) scores, respectively (N=572).

Item-scale correlationa, rSubjects with ceiling effect, n (%)Subjects with floor effect, n (%)Item

0.76467 (11.7)69 (12.1)1

0.80944 (7.7)100 (17.5)2

0.82386 (15)45 (7.9)3

0.69782 (14.3)79 (13.8)4

0.83792 (16.1)34 (5.9)5

0.86749 (8.6)47 (8.2)6

0.88543 (7.5)51 (8.9)7

0.90469 (12.1)45 (7.9)8

0.83540 (7)63 (11)9

0.86564 (11.2)45 (7.9)10

0.83245 (7.9)63 (11)11

0.82544 (7.7)66 (11.5)12

0.76858 (10.1)67 (11.7)13

0.87552 (9.1)47 (8.2)14

aCorrelations were deemed significant at the P<.01 (ie, 2 significant figures) level.

Reliability Analysis
Internal consistency reliability was good (Cronbach α=.965).
The corrected item-total correlation values of the items were
all greater than 0.5, indicating a good correlation between items
and reliability (Table 3). Two weeks after completing the

questionnaire, 35 subjects completed it again; the test-retest
reliability was measured at 0.810, indicating that the scale had
good stability. The split-half reliability of the scale was λ=0.947
according to the first half and the second half of the serial
number, while the value was λ=0.970 according to the odd-even
status of the serial number.
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Table 3. Cronbach reliability analysis of Chinese-language version of the Warwick-Edinburgh Mental Well-being Scale.

Cronbach α if item delet-
ed

Squared multiple correla-
tion

Corrected item-total cor-
relation

Scaled variance after
deleting terms

Average score after
deleting each item

Item

.9640.6420.739151.76635.731

.9630.6910.792151.65435.972

.9630.7110.799149.83335.523

.9660.5100.676152.17435.604

.9620.7430.832149.26935.435

.9620.7690.839151.83035.756

.9620.7910.850151.72235.847

.9610.8220.881148.97135.638

.9630.7160.817152.49735.879

.9620.7740.846150.13735.6110

.9630.6770.790152.94635.8711

.9630.6640.786152.40835.8312

.9640.6080.752151.67235.7113

.9620.7560.858150.63635.7514

Construct Validity: Exploratory Factor Analysis
A Kaiser-Meyer-Olkin value of 0.963 for the 14 items and a
value of 7844.584 for the Bartlett sphericity test (P<.001)
demonstrated that the data obtained were suitable for factor

analysis. A principal component factor analysis was used with
varimax rotation to evaluate construct validity. Table 4 shows
factor loadings for the 14 items, which ranged from 0.714 for
item 4 to 0.903 for item 8.

Table 4. Validity analysis result of Chinese-language version of the Warwick-Edinburgh Mental Well-being Scale.

Common degree (common factor variance)Factor loadingItem

0.5970.7721

0.6750.8212

0.6850.8283

0.5100.7144

0.7330.8565

0.7530.8686

0.7690.8777

0.8160.9038

0.7190.8489

0.7620.87310

0.6780.82311

0.6690.81812

0.6150.78413

0.7760.88114

CFA Results
An analysis of mean average precision (MAP) showed that the
WEMWBS had a 1D structure. The minor average squared
partial correlation was 0.02221, and the most negligible average
fourth-power partial correlation was 0.00100. According to the
revised MAP test [31], the number of factors was 1.

We conducted a CFA test of the hypothetical single-factor
structure of the Chinese WEMWBS and measured the
goodness-of-fit of the single confirmatory factor model.
Assuming that there was no correlation between the residuals,

the initial model fit poorly. The χ2/df was 8.437; the comparative
fitting index (CFI) was 0.927; the RMSEA was 0.114; for the
normed fit index (NFI), delta 1 was 0.918; for the relative fit
index (RFI), rho 1 was 0.903; for the incremental fit index (IFI),
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delta 2 was 0.927; for and the Tacker-Lewis index (TLI), rho
was 2.914.

Compatible Validity
There was a significant positive correlation between the Chinese
WEMWBS and the WHO-5, with a correlation coefficient of
0.746 (95% CI 0.722-0.794; P<.01).

Combination Reliability and Convergent Validity
A CFA showed that the AVE value was 0.674 (ie, greater than
0.5). The CR value was 0.966 (ie, greater than 0.7), suggesting
that the sample had good convergence validity.

IRT Analysis
Table 5 shows the results of the GRM analysis. The
discrimination difference indices of the items ranged from 2.026
to 5.098, which demonstrates that the Chinese WEMWBS scores
of low-score individuals differed from high-score individuals,
corresponding to latent trait sensitivity. The item difficulty of
thresholds ≥2, ≥3, ≥4, and 5 ranged from 1.06 to 1.73, 0 to 0.23,
0.56 to 1.06, and 1.12 to 1.66, respectively.
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Table 5. Results of the graded response model analysis of the Chinese-language version of the Warwick-Edinburgh Mental Well-being Scale.

P>zzSE95% CICoefficientItem

1

<.00115.1600.1672.200-2.8532.526Discrimination difference

Item difficulty

<.00114.840.0941.578-1.2101.394≥2

.191.320.0610.039-0.2010.081≥3

<.00111.540.0700.669-0.9430.806≥4

<.00115.420.0941.270-1.6401.4555

2

<.00115.1400.1992.621-3.4003.010Discrimination difference

Item difficulty

<.00114.090.0751.212-0.9161.064≥2

<.0013.940.0590.117-0.3480.232≥3

<.00114.380.0740.914-1.2031.058≥4

<.00116.780.0991.463-1.8501.6565

3

<.00115.4900.1952.641-3.4073.024Discrimination difference

Item difficulty

<.00116.250.1001.814-1.4241.619≥2

.042.030.0580.233-0.0040.119≥3

<.0019.130.0610.439-0.6790.559≥4

<.00115.220.0791.053-1.3641.2085

4

<.00114.6700.1381.756-2.2972.026Discrimination difference

Item difficulty

<.00113.740.1031.625-1.2191.422≥2

.091.720.0670.245-0.0160.115≥3

<.0018.870.0730.501-0.7850.643≥4

<.00113.190.1011.207-1.6021.4055

5

<.00115.4200.2273.051-3.9393.495Discrimination difference

Item difficulty

<.00116.790.1031.928-1.5251.726≥2

<.0013.880.0570.331-0.1090.220≥3

<.0018.100.0580.356-0.5830.469≥4

<.00115.260.0730.974-1.2611.1175

6

<.00115.0200.2743.573-4.6464.110Discrimination difference

Item difficulty

<.00117.060.0871.650-1.3101.480≥2

.990.010.0550.108-0.1060.001≥3

<.00113.790.0630.748-0.9970.873≥4

<.00117.450.0841.296-1.6231.4595
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P>zzSE95% CICoefficientItem

7

<.00114.4500.2953.680-4.8354.258Discrimination difference

Item difficulty

<.00117.020.0841.586-1.2581.422≥2

.0062.740.0540.042-0.2550.149≥3

<.00113.990.0630.762-1.0110.887≥4

<.00117.820.0861.364-1.7011.5325

8

<.00114.3100.3564.400-5.7965.098Discrimination difference

Item difficulty

<.00117.580.0831.622-1.2971.459≥2

.251.140.0530.164-0.0430.060≥3

<.00112.000.0570.571-0.7930.682≥4

<.00117.250.0721.094-1.3751.2355

9

<.00115.2000.2353.111-4.0323.571Discrimination difference

Item difficulty

<.00116.170.0831.496-1.1731.334≥2

.042.020.0560.004-0.2230.113≥3

<.00114.190.0680.833-1.1000.967≥4

<.00117.470.0941.455-1.8221.6385

10

<.00115.3600.2573.439-4.4463.942Discrimination difference

Item difficulty

<.00116.180.0891.672-1.3231.498≥2

.032.120.0550.224-0.0090.117≥3

<.00111.050.0590.539-0.7710.655≥4

<.00116.910.0781.167-1.4731.3205

11

<.00115.2000.2092.762-3.5803.171Discrimination difference

Item difficulty

<.00115.850.0871.544-1.2041.374≥2

.022.330.0580.021-0.2470.134≥3

<.00114.170.0710.872-1.1511.011≥4

<.00116.790.0951.411-1.7831.5975

12

<.00115.3200.1932.583-3.3412.962Discrimination difference

Item difficulty

<.00115.590.0881.545-1.2001.373≥2

.042.010.0590.003-0.2340.118≥3

<.00113.200.0690.781-1.0530.917≥4

<.00116.560.0991.445-1.8331.6395

13
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P>zzSE95% CICoefficientItem

<.00115.3300.1662.215-2.8642.539Discrimination difference

Item difficulty

<.00115.020.0951.613-1.2411.427≥2

.490.690.0610.078-0.1620.042≥3

<.00110.480.0680.579-0.8460.713≥4

<.00115.770.0991.361-1.7471.5545

14

<.00114.9600.2623.411-4.4403.925Discrimination difference

Item difficulty

<.00116.920.0881.666-1.3201.493≥2

.231.210.0550.041-0.1740.066≥3

<.00112.640.0620.663-0.9070.785≥4

<.00117.380.0831.287-1.6141.4515

The ICCs and IICs for the Chinese WEMWBS are shown in
Figures 2 and 3, respectively. The ICCs demonstrated that the
sequence of the categories’ thresholds for the 14 items was as
predicted, meaning that all regimentations were sufficient in
including respondents; this finding, in turn, suggests that all
categories were adequate based on placing a participant on the

scale. The IICs displayed multimodal distribution. The shape
of item 8 was the most precipitous and provided more
knowledge than the other 13 items. The shape of item 4 was
the flattest, indicating that the item provided the least
information.

Figure 2. Item-category characteristic curves for the Chinese-language version of the WEMWBS. The numbers indicate each item on the scale.
WEMWBS: Warwick-Edinburgh Mental Well-being Scale.
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Figure 3. The item information curves for items of the Chinese-language version of the WEMWBS. The numbers indicate each item on the scale.
WEMWBS: Warwick-Edinburgh Mental Well-being Scale.

Discussion

Principal Findings
This is the first study to combine CTT and a GRM incorporating
IRT to evaluate psychometric properties of the Chinese-language
version of the WEMWBS in a sample of medical staff. Our
results confirm the initial hypothesis that the WEMWBS is 1D.
Since its establishment in 2006, the WEMWBS has been used
in trials of patients and the general population with
commendable results according to CTT and the Rasch model
[32,33]. Given the broad and complicated spectrum of
psychometric processes other than CTT, each with new
evaluations and fixed statistical analyses in diverse models [34],
we adopted the GRM to evaluate the contribution of the 14
items and their responses to the assessment of subjective
well-being (SWB).

Comparisons With Previous Studies
The mean score for the Chinese version of the WEMWBS used
in this study was 38.47 (SD 13.23), which is lower than
WEMWBS scores in medical staff surveys in other countries
(eg, the United Kingdom [35], Pakistan [25,36], and Northern
Ireland [37]). This discrepancy may be due to the data having
been collected during the outbreak of COVID-19, meaning that
the SWB of the medical staff would have been impacted to a
certain extent [38]. Moreover, with the aging population of
China, medical staff are under a great deal of pressure and need
to master multidisciplinary knowledge and skills even as their
work intensity increases [39].

The original 1D structure of the WEMWBS, as confirmed by
previous studies in other countries [24,27,29], was not fully
supported by earlier research in mainland China. This outcome
was expected; some studies [28,40] identified a 2D structure
that differed from the original assumption.

Researchers have pointed to differences between Eastern and
Western cultures to explain this: the original meaning of the
individual items might be changed in translated versions, and
this alteration could affect the perceived intentions of the target
population [22]. Furthermore, previous studies [33] adopted the

Likert ordinal interval for a comprehensive rating, in which the
14 individual item scores were added to produce a total score.
Bartram [35] found that using only a CFA may lead to
misunderstanding, because the total score has a serial order, and
the intervals between each score are not necessarily equal. The
unidimensional structure was not without problems in this study.

First, the model fitting effect was insufficient, because the χ2/df
was greater than 5, and the RMSEA was greater than 0.08. Only
the NFI, TLI, and CFI values supported the unidimensionality
of the model. However, the AVE was greater than 0.5, and the
CR was greater than 0.8, suggesting a relevant result. Second,
the 1D model’s factor loadings for the 14 items were similar to
the 2-factor model. Third, considering that the number of factors
according to the revised MAP test was 1 [31], we adopted the
1D structure. An exemplary configuration of the Chinese
WEMWBS would be favorable for facilitating IRT analyses in
the future. Administering the Chinese WEMWBS based on IRT
could strengthen its sensitivity and precision, guaranteeing that
the items reflect the participants’ SWB levels.

The proportion of participants selecting the options “sometimes”
and “often” was high in this study, suggesting that most
respondents had relatively good SWB. To test the accuracy of
the results, we examined the 14 items for floor and ceiling
effects; we did not find extreme ceiling or floor effects,
indicating that the process was reliable. There have been no
reports on the distribution of responses to the WEMWBS in
mainland China. In addition, the Chinese version of the
WEMWBS displayed outstanding reliability, with a Cronbach
α of .96, more significant than other studies for Chinese and
other language versions [18,19,28,29,41].

The GRM was the best-match IRT model in this study. No
previous studies have used the GRM to evaluate the
psychometric properties of the WEMWBS. Our study reinforces
the use of IRT models and supports existing studies on the
psychometric evaluation of the WEMWBS with IRT methods.

The GRM analysis demonstrated that the global performance
of WEMWBS items was satisfactory. The ICCs showed that
the feedback categories of all the items were ordered and that
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all categories were presumably at the same point on the
continuum [42].

Prospects for Application of the Chinese WEMWBS
Mental health assessment has drawn increasing attention from
the Chinese government. In 2017, the Chinese government
released the first guidelines to improve mental health in schools,
workplaces, and hospitals. The WEMWBS has proven to be a
convenient and valuable psychometric tool for academics,
medical professionals, and other prominent stakeholders to
measure the SWB of medical staff [43,44]. The Chinese
WEMWBS has good reliability and validity with comprehensive
and understandable content [15,24,26,45].

Limitations
There are some limitations to this study. First, our investigation
concentrated on hospitals in Zhejiang and Hunan provinces,
and most participants were nurses, suggesting some selection
bias. Follow-up research needs a larger sample size that includes
therapists, physicians, and surgeons to assess the psychometric
properties of the Chinese WEMWBS. Second, the sample size

was only 572, which is less than 1000; this may have caused
ambiguity in evaluating the IRT model. A larger sample size is
needed in future research to confirm our findings. Third, we did
not discriminate between medical staff with anxiety or
depression when calculating the psychometric properties of the
Chinese WEMWBS, which may have caused difficulty in
demonstrating the scale’s validity. The performance of the
Chinese WEMWBS should be further assessed in distinct staff
groups.

Conclusion
Detailed provisions were made for the Chinese version of the
WEMWBS in this study, and its psychometric properties were
evaluated in a group of medical staff. We found that the Chinese
WEMWBS has good reliability and validity and that it could
be used as a reliable tool to evaluate the SWB of medical staff.
It is critical to adopt measures to enable decision-making
departments of hospitals to reduce work pressure, improve the
SWB of clinical medical staff, improve patient satisfaction, and
promote the development of the medical industry in a favorable
direction.
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ICC: item characteristic curve
IFI: incremental fit index
IIC: item information curve
IRT: item response theory
MAP: mean average precision
NFI: normed fit index
QoL: quality of life
RFI: relative fit index
RMSEA: root mean square error of approximation
SF-36 v2: 36-Item Short Form Health Survey, Version 2
SWB: subjective well-being
TLI: Tacker-Lewis index
WEMWBS: Warwick-Edinburgh Mental Well-being Scale
WHO-5: 5-item World Health Organization Well-Being Index
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Abstract

Background: Text mining methods such as topic modeling can offer valuable information on how and to whom internet-delivered
cognitive behavioral therapies (iCBT) work. Although iCBT treatments provide convenient data for topic modeling, it has rarely
been used in this context.

Objective: Our aims were to apply topic modeling to written assignment texts from iCBT for generalized anxiety disorder and
explore the resulting topics’associations with treatment response. As predetermining the number of topics presents a considerable
challenge in topic modeling, we also aimed to explore a novel method for topic number selection.

Methods: We defined 2 latent Dirichlet allocation (LDA) topic models using a novel data-driven and a more commonly used
interpretability-based topic number selection approaches. We used multilevel models to associate the topics with continuous-valued
treatment response, defined as the rate of per-session change in GAD-7 sum scores throughout the treatment.

Results: Our analyses included 1686 patients. We observed 2 topics that were associated with better than average treatment
response: “well-being of family, pets, and loved ones” from the data-driven LDA model (B=–0.10 SD/session/∆topic; 95% CI
–016 to –0.03) and “children, family issues” from the interpretability-based model (B=–0.18 SD/session/∆topic; 95% CI –0.31
to –0.05). Two topics were associated with worse treatment response: “monitoring of thoughts and worries” from the data-driven
model (B=0.06 SD/session/∆topic; 95% CI 0.01 to 0.11) and “internet therapy” from the interpretability-based model (B=0.27
SD/session/∆topic; 95% CI 0.07 to 0.46).

Conclusions: The 2 LDA models were different in terms of their interpretability and broadness of topics but both contained
topics that were associated with treatment response in an interpretable manner. Our work demonstrates that topic modeling is
well suited for iCBT research and has potential to expose clinically relevant information in vast text data.

(J Med Internet Res 2022;24(11):e38911)   doi:10.2196/38911
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Introduction

Internet-delivered cognitive behavioral therapy (iCBT) is an
effective treatment for generalized anxiety disorder (GAD)
[1-4]. Additionally, iCBT programs typically store data
automatically, which is convenient in terms of computerized
text analysis methods, or text mining. Such methods can vastly
extend the scale of traditional human-based content analysis
[5]. Together with increasing data availability, text mining
provides opportunities for treatment personalization and may
reveal mechanisms of or obstacles to behavior change. For
example, a previous study analyzed texts written during an iCBT
for GAD, demonstrating a covariation between negative emotion
words and symptom change over the course of treatment [6].

Many of the previous studies that have used computerized
methods to analyze psychotherapy texts have relied on
predetermined word categories in text classification [7-9]. Word
categorization tools developed for the purposes of psychological
research are theory-driven and easy to interpret [10].
Nonetheless, approaches that are more data-driven might reveal
textual aspects not considered in theory-driven categorizations.
An example of a data-driven approach applicable to iCBT
research is topic modeling.

Topic models, such as the latent Dirichlet allocation (LDA),
are unsupervised machine learning models that reduce data
dimensionality by expressing a text as a mixture of latent topics
[11]. LDA has been successful in detecting meaningful topics
that occur in face-to-face psychotherapy transcripts [12-14]. A
recent study that applied LDA to psychotherapy session
transcripts found a covariation between topics with descriptions
of positive experiences and a symptom decrease whereas topics
that reflected discussion about treatment were associated with
a symptom increase [13]. The latter also predicted alliance
rupture in therapy sessions. Thus, LDA may reveal information
on how to tailor interventions and improve treatment outcomes.

Previous psychotherapy topic modeling studies have used text
data from whole therapy sessions with relatively free-flowing
speech. This type of data is rich and has potential to reveal a
wide spectrum of contents in language use during the
psychotherapy process. We argue, however, that the more
structured iCBT data has some benefits. First, data with a
spectrum of contents that is too wide may not be ideal in terms
of exploratory statistical analysis due to a phenomenon known
as “the statistical curse of dimensionality: If the data have a
dimension d, then we need a sample size n that grows
exponentially with d” [15]. Simply put, rare word combinations
need very large data sets to occur frequently enough for
statistical estimation, and with an increasing number of
utterances, most combinations get rare. Naturalistic iCBT data
accrue rapidly and pertain to a comparatively narrow language
space as iCBTs generally consist of standardized assignments.
Second, focusing on assignment-specific data may increase the
currently lacking and sought-after understanding of the meaning
of specific therapeutic components [16,17]. Compared with
more traditional component studies, topic modeling assignment
texts could reveal benefits or harms specific to some individuals
or contents that are missed in group-level comparisons in

randomized controlled trials. From a topic modeling perspective,
focusing on texts derived from one predetermined therapy
assignment as opposed to many helps to avoid the topic model
picking up task-related variation in the language use. As the
meaning of language use could be context-specific, use of one
assignment should also serve the aim of finding interpretable
topic-outcome associations with practical implications. Despite
these beneficial aspects, iCBT data have not yet been widely
used for topic modeling (for an exception, see the study by
Hoogendoorn et al [18]).

Regardless of the specific application context, estimating an
LDA topic model requires an analyst to specify the number of
latent topics in the model. This poses a challenge when using
large naturalistic data sets such as iCBT texts where it is rarely
possible to predetermine the distinct semantic contents in the
data. Selection of the number of topics needs to be performed
with care, as too few and too many topics can both affect the
reliability of LDA model estimation [19]. Previous
psychotherapy studies, for example a study by Atzil-Slonim et
al [13], have used heuristic methods to select topic number.
This may lead to suboptimal models containing idiosyncratic
topics, which in turn can reduce the comparability and
performance of topic models in psychotherapy research.
However, the optimal strategy for topic number selection
remains an unresolved challenge in topic modeling literature.
New, promising, fully data-driven methods for topic-number
selection are emerging, and here we examined their potential
in iCBT topic modeling [19].

In this paper, we applied topic modeling to a large, naturalistic
set of text data from iCBT for GAD that is offered as a part of
public health care in Finland [2]. As a central element in GAD
is worry, we focused on worry diary task sheets that contain
patients’ descriptions of their worrisome thoughts. The worry
diary was introduced at the early stages of treatment and carried
on throughout the treatment, thus offering a good representation
of the patient population’s writing behaviors. As a preliminary
analysis, we examined whether worry diary writing activity was
associated with treatment response. Our aims were to (1) explore
topic modeling in iCBT data, focusing specifically on defining
the optimal number of topics, and (2) investigate associations
between found topics and treatment response. We expected to
find meaningful topics associated with treatment response in
an interpretable way. Our findings should be useful when
designing optimal psychotherapy programs and instructions for
worry-diary tasks and potentially when predicting who will
benefit from these tasks.

Methods

Data

Participants
The data were obtained as part of routine care from the
therapist-assisted iCBT for GAD, manufactured and delivered
by the HUS Helsinki University Hospital (HUS-iCBT).
HUS-iCBT for GAD is a standardized treatment consisting of
12 weekly sessions and a follow-up session 3 months after
treatment completion. The treatment is part of the Finnish public
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specialized mental health care and targets adult patients and
minors aged 16 years and older with mild to moderately severe
symptoms. The exclusion criteria are suicidality, acute
psychosis, serious personality disorder, and neurological or
neuropsychiatric disorders that affect cognitive functioning. For
a more detailed description of the treatment, see Ritola et al [2].

The original data set consisted of 2218 patients who had entered
and completed or dropped out of the treatment between January
2015 and September 2019. As we were interested in the actual
observed per-session symptom decline, we used all available
data efficiently in multilevel models (see the section Treatment
Response Models). Our goal was to model the symptom change
of both completers and dropouts in a naturalistic manner, and
therefore we did not impute any missing data. As the patient
was required to complete the symptom questionnaires to proceed
within each session, complete symptom data were available
from all the sessions that each patient completed.

Text Data
Our text data were drawn from a worry diary task sheet, used
as a part of 3 different between-session assignments throughout
the treatment. The assignments were (1) simple worry diary,
where the patients write observations about their worries and
related behaviors, (2) worry postponement by writing in the
worry diary within a certain time frame during the day, and (3)
practicing problem-solving skills. Patients were not required to
complete the between-session assignments to proceed in the
treatment, and they were free to use the task sheet as often as
they wanted. For a more detailed description of the worry diary,
see Multimedia Appendix 1.

Outcome Measure
At the beginning of each session, the patient’s anxiety symptoms
were assessed using the Generalized Anxiety Disorder 7-item
scale (GAD-7) [20]. The GAD-7 sum score is a suitable measure
for symptom severity with good temporal measurement
invariance [21,22]. We defined continuous-valued treatment
response as the rate of per-session change in the GAD-7 sum
scores throughout the treatment. The exclusion criterion for the
study was a baseline GAD-7 score of less than 8, which is a
recommended cutoff point for GAD screening [23].

Ethics Approval
This study is a part of a research project that has received
permission from the ethical board of HUS Helsinki University
Hospital to use the data (approval number HUS/1861/2020).

Topic Modeling

Text Preprocessing
Our text corpus consisted of the worry diary task sheet entries
(Multimedia Appendix 1). We preprocessed the texts by
tokenizing and stemming the words as well as removing
punctuation and common stop words (common words with little
meaning such as and or it). The preprocessing was performed
using the R package Corpus [24]. The original data contained
a limited number of entries written in English or Swedish, which
were removed. For an illustrative example of data preprocessing,
see Multimedia Appendix 1.

Latent Dirichlet Allocation
We used LDA for the topic modeling of worry diary entries
[11]. LDA is a widely used probabilistic model that represents
each text document as a mixture of latent topics, whereas each
latent topic is defined by a distribution over the words in the
corpus [25]. In our data, the corpus is the whole data set of
worry diary entries, whereas each entry written by a patient is
a document. Each worry diary entry i is given an estimate θik

that represents the probability of topic k occurring in that entry.
This numeric representation of latent topics in diary entries can
then be used to associate writing about each topic with the
treatment outcome. We used the R package textmineR to
compute the LDA models [26]. For technical details and an
illustrative example of the LDA model, see Multimedia
Appendix 1.

Selection of Number of Topics
As noted, the selection of the number of topics k is important
because it affects a reliable estimation of the posterior LDA
distribution and thus the generalizability of observed
associations with treatment response. We aimed to solve the
problem by using a Bayesian approach, where the data dictate
the desirable parameter value, as suggested by the original work
by Chen and Doss [19]. For a more detailed description of the
topic number selection procedure, see Multimedia Appendix 1.
Essentially, the procedure controls for overfitting to data
according to Bayesian model selection principles.

The amount of available data can affect how a complex
model—how large a value for k—is found using a data-driven
approach. Therefore, and to better understand the effects of the
choice for k, we formed an additional LDA model using a
heuristic selection process that emphasizes the interpretability
of the resulting topics. That is, we aimed for topics that were
semantically coherent, distinguishable from each other, and
easy to identify from the texts. In this approach, we ran LDA
models with k starting from 10, increasing it by intervals of 5
until the interpretability no longer continued to improve when
more topics were added.

Correlates of Treatment Response

Data Set for Modeling
The patients who had zero worry diary entries were not included
in the LDA modeling corpus. To model the full range of writing
activity, we included these patients in the multilevel modeling
data set. For the interpretability of the treatment response effect
sizes, we standardized the GAD-7 sum scores according to the
baseline GAD-7 measurements. To facilitate the interpretation
of the model intercepts as anxiety at the beginning of the
treatment, we set the running number of therapy sessions to
start from 0.

To model writing activity, we defined 4 variables for the number
of worry diary entries. The first one was the total number of
entries throughout the treatment, labeled as total entries. We
then divided the number of entries according to the different
worry diary task assignments and created 3 additional variables
for the number of entries: entries 1 (worry diary), entries 2
(worry postponement), and entries 3 (problem solving).
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To use the topics from the LDA models as correlates of
treatment response, we assessed the average occurrence of a
topic for each patient by calculating the mean value of the LDA
model’s topic probability parameter θ over the patient’s worry
diary entries. For those patients with no entries, the occurrence
of each topic was set at 0.

Treatment Response Models
We defined 2 baseline treatment response models by including
the session number as a fixed-effect covariate and the
within-patient time-average level of anxiety as a random
intercept [27]. Model 0 included random intercept only, whereas
model 1 also included a within-patient random slope. Both
models were adjusted for age and sex. We compared model 0
and model 1 using a likelihood ratio test, and the model with
better fit was selected as the base model for additional correlates.
For assessment of the treatment-response moderator effect, all
following models included a correlate-by-session interaction.

We estimated the association of the worry diary writing activity
with treatment response using 2 separate models. Model 2
included the total entries as a fixed-effect correlate. In model
3, we used the 3 other entry variables as fixed-effect correlates
to estimate the effects of the different worry diary task
assignments.

We then estimated the association of the topics from the 2 LDA
models with treatment response. Each topic was separately
added as a fixed-effect correlate to the base model (model 4).
We then adjusted the models for the 3 entry variables to separate
the independent association of a topic with treatment response
from its association with writing activity under different
assignments (model 5). Finally, the topics with a significant
treatment-response effect were additionally adjusted with other
significant topics within the same LDA model to account for
potential confounding effects of topics with each other (model
6). All analyses were conducted using R (version 3.6.3, R
Foundation for Statistical Computing) [28]. R code equations
for the models are presented in Multimedia Appendix 1.

Results

Patient Characteristics
Table 1 presents the descriptive characteristics of our data. After
data preprocessing, the final LDA modeling corpus consisted
of 11,897 worry diary entries. In the multilevel modeling
sample, the number of diary entries per patient varied between
0 and 97. Those patients with 0 diary entries were on average
younger, had finished fewer sessions, were much less likely to
complete all treatment sessions, and were more likely men.

Table 1. Baseline characteristics after data preprocessing.

Patients with 0 entries
(n=239)

LDAb modeling corpus
(n=1448)

Multilevel modeling data

set (n=1686a)

Gender, n (%)

165 (69)1155 (80)1322 (78)Female

74 (31)239 (20)364 (22)Male

31.7 (11.7)33.5 (12.0)33.2 (12.0)Age (years), mean (SD)

3.2 (3.2)8.6 (4.0)7.8 (4.4)Number of finished sessions, mean (SD)

16 (0.1)712 (49)730 (43)Finished all 12 treatment sessions, n (%)

08.2 (8.9)7.1 (8.7)Number of diary entries, mean (SD)

05.5 (5.4)4.7 (5.3)Entries 1 (worry diary)

01.9 (4.5)1.6 (4.2)Entries 2 (worry postponement)

00.9 (1.7)0.7 (1.6)Entries 3 (problem solving)

13.2 (3.4)13.1 (3.6)13.1 (3.6)GAD-7c at beginning of treatment, mean (SD)

aPatients with missing background data (n=11) or GAD-7 score < 8 (n=521) were excluded.
bLDA: Latent Dirichlet allocation.
cGAD-7: Generalized Anxiety Disorder–7 item.

LDA Models
We selected 7 as the optimal number of topics for the
data-driven model using the Bayesian approach for topic number
selection (Multimedia Appendix 1, Figure S3 and Table S1).
For the interpretability-based model, we selected 25 as the
optimal number of topics. For descriptions of the full LDA
models, see Multimedia Appendix 1.

Continuous-Valued Treatment Response Model
There was heterogeneity in symptom trajectories between
patients as indicated by the better fit of model 1 with a random
slope compared with model 0 (random intercept only;

χ2
2=760.17; P<.001). Thus, model 1 was selected as a base

model for additional correlates. In model 1, there was a
significant association between session number and anxiety
symptoms (B=–0.14; 95% CI –0.15 to –0.13). That is, the
GAD-7 score declined on average 0.14 standard deviations in
each treatment session. The variability between patient symptom
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trajectories was large, as indicated by the random slope standard
deviation of 0.1.

Writing Activity as a Correlate of Continuous-Valued
Treatment Response
In model 2, the total number of worry diary entries had a
significant treatment-response moderator effect (B=0.001; 95%
CI 0.000 to 0.002; for session-by-entry interaction). The effect
size was modest: an increase of 1 entry in the total number of

entries was associated with a 0.001 standard deviation slower
than average decline in anxiety. In model 3, only the number
of entries written during later phases of treatment remained
significant treatment-response moderators (task assignments
worry postponement and problem solving; Table 2). A larger
number of entries written during the first task assignment was
associated with on average more severe baseline anxiety, as
reflected by the baseline effect of entries 1 on anxiety (Table
2).

Table 2. A multilevel regression model associating continuous-valued treatment response with writing activity during different worry diary task
assignments (n=1686). Number of observations (GAD-7 measurements)=13,205.

P value95% CIEstimateaEffect

Fixed effects

.33−0.260 to 0.087−0.087Intercept

<.001−0.158 to −0.135−0.147Session number

.23−0.002 to 0.001−0.001Treatment moderation effect, entries 1 (change/session)b

.030.000 to 0.0030.002Treatment moderation effect, entries 2 (change/session)

.020.001 to 0.0100.005Treatment moderation effect, entries 3 (change/session)

.0060.004 to 0.0230.014Baseline effect, entries 1

.61−0.017 to 0.010−0.003Baseline effect, entries 2

.08−0.066 to 0.004−0.031Baseline effect, entries 3

<.001−0.013 to −0.005−0.009Age

.14−0.029 to 0.2010.086Sex

Random effects

——c0.64Residual variance

——0.90Between-patients intercept standard deviation

——0.10Between-patients slope standard deviation

——−0.15Intercept-slope correlation

aEstimate: regression coefficient.
bThe interaction between session number and each entry variable was interpreted as the treatment moderation effect.
cNot applicable.

Latent Topics as Correlates of Treatment Response
Both of the LDA models contained 2 topics that moderated
treatment response. For descriptions of those topics, see Table
3.
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Table 3. Topics in the latent Dirichlet allocation models that moderated treatment response.

ExamplecInterpretation of contentbTop 10 wordsaModel and topic

7 topic model

“What if my father gets in a car accident?”Well-being of family, pets, and
loved ones

child, car, how, son, father, dog, husband’s,
home, mother, son’s

1

“Once again I am thinking about all the things
that are wrong in my life.”

Monitoring of thoughts and worriesself, thing, thoughts, life, mind, things, try,
feeling, own, only

4

25 topic model

“I’m afraid that the internet therapy does not
work for me.”

Internet therapywrite, internet therapy, therapy, worry,
worry diary, write/book/letter, message,
assignment, this, part

21

“Got into an argument with my husband
about taking our daughter to daycare.”

Children, family issueschild, father, mother, how, mother’s, hus-
band’s, son, daughter, children’s, child

24

aWords are translated from the Finnish language and appear on descending order based on their word-topic probability in the latent Dirichlet allocation
models.
bInterpretation of content is based on a qualitative inspection of diary entries with a strong representation of each topic.
cExamples are generated by the first author and based on typical diary entries representing each topic.

Data-Driven Model
Topic 1, which was interpreted as worries about the well-being
of family and loved ones, was associated with a faster than
average per-session decrease in anxiety (B=–0.10
SD/session/∆θ; 95% CI –016 to –0.03). That is, on average, a
hypothetical patient who only wrote about topic 1 (mean topic
probability θ for topic 1=1) recovered 0.1 GAD-7 standard
deviations faster per session as compared with a patient who
never wrote about the topic (mean topic probability for topic

1=0). The observed range of mean topic probability for this
topic was from 0.0007 to 0.90. Topic 4 (monitoring of thoughts
and worries) was associated with a slower than average
per-session decline in anxiety (B=0.06 SD/session/∆θ; 95% CI
0.01 to 0.11). After adjusting for the number of entries during
the different task assignments, only topic 1 remained a
significant moderator of treatment response (Figure 1). Topic
1 also remained a significant moderator when topics 1 and 4
were adjusted with each other.

Figure 1. Topics from the data-driven latent Dirichlet allocation model as moderators of treatment response, adjusted for the writing activity during
different worry diary task assignments.

Interpretability-Based Model
Topic 21 (internet therapy) was associated with a slower than
average per-session decrease in anxiety (B=0.27 SD/session/∆θ;
95% CI 0.07 to 0.46), whereas topic 24 (children, family issues)
was associated with faster than average decrease in anxiety

(B=–0.18 SD/session/∆θ; 95% CI –0.31 to –0.05). Both topics
remained significant moderators of the treatment response after
adjusting for the number of entries during the different task
assignments (Figure 2). Finally, both topics remained significant
moderators of the treatment response when their treatment
effects were adjusted with each other.
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Figure 2. Topics from the interpretability-based latent Dirichlet allocation model as moderators of treatment response, adjusted for the writing activity
during different worry diary task assignments.

Discussion

Principal Results
In this study, we used topic modeling to analyze text data from
worry diary entries written during iCBT treatment for GAD.
Higher worry diary writing activity toward the end of the
treatment was weakly associated with worse treatment response,
defined as a slower per-session symptom change. Our topic
models successfully extracted meaningful topics from iCBT
texts, some of which were associated with treatment response
in an interpretable manner. This is in line with previous
psychotherapy topic modeling research [13,18]. Our results
extend the previous work by demonstrating topic modeling to
be suitable for iCBT task-specific data.

Topics and Their Associations With Treatment
Response
Both LDA models contained a topic that reflected worrying
about other people and was associated with a faster than average
symptom decrease. For the data-driven model, this topic was
labeled “well-being of family, pets, and loved ones,” based on
the contents of entries that were representative of that topic. For
the interpretability-based model, this topic was labeled “children,
family issues” because it focused more narrowly on worries
pertaining to close family. Ruminative self-focus has been
associated with depression, anxiety, and negative emotionality
[29-31]. Thus, worrying about others rather than merely
ruminating about one’s self-related problems could reflect a
healthy attention to the surrounding world. However, worries
considering family members or other important characters may
also indicate the presence of important relationships in a
patient’s life, whereas patients suffering from social isolation
would be less likely to write about these topics. Thus, our
finding is also in line with research that associates social support
with better treatment success, whereas loneliness and a lack of
social support are associated with worse outcomes [32,33].

The data-driven model contained another topic that moderated
treatment response, labeled “monitoring of thoughts and
worries,” which was associated with worse treatment response.
The entries that represented this topic were typically descriptions

of a patient’s recurrent focus on worries, appearing as
representations of ruminative self-focus [30]. Thus, our finding
is in line with the results of a recent meta-analysis that reported
the severity of posttreatment anxiety to be associated with higher
levels of repetitive negative thinking in the form of rumination
or persistent worry [34].

After controlling for the overall writing activity, however, the
aforementioned moderation effect related to thought monitoring
was no longer significant. A greater total number of worry diary
entries was associated with a slower than average symptom
decrease, which was explained by the writing activity in the
later phases of treatment. This indicates that the occurrence of
the “monitoring of thoughts and worries” topic may be
associated with high levels of writing activity that continue into
the late phases of treatment. In other words, late-phase highly
active writers seem to include a group of patients who are not
optimally benefitting from the treatment but exhibit persistent
worry monitoring behavior. This could partially explain the
counterintuitive association between higher writing activity and
worse treatment response.

Besides potentially indicating persistent anxiety, the association
of high writing activity with the “thought monitoring” topic
could also have to do with task-related issues. For example,
some patients might have difficulties in adhering to the worry
postponement task, which could result in many ruminative
entries when the number of entries should be limited. It is also
possible that for some patients, the use of a worry diary in the
beginning of the treatment could lead to an increased attention
to worries and thus lead to a vicious circle of rumination. In
any case, our results suggest that what the patients write might
be more meaningful than how much they write, supporting the
view that the quality of psychotherapy homework completion
is meaningful when assessing homework-outcome relations
[35]. Furthermore, our findings demonstrate that using topic
modeling alongside other correlates (such as writing activity)
can offer a broader understanding of treatment effect moderators
as compared with using either of them separately.

The interpretation-based model also contained another topic
that moderated treatment response labeled “internet therapy.”
This was associated with a worse treatment response. This topic
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was often associated with complaints about the treatment or
worries regarding the helpfulness of the treatment. Our finding
is in line with Atzil-Slonim et al [13], who reported that
treatment-related topics were associated with alliance ruptures
and worse treatment outcomes. As these complaints can be easy
to identify from iCBT texts, our finding may have applicable
value in recognizing patients who are not on track in terms of
recovery and may need additional support [36].

When defining the topic model, we specifically focused on
defining an unbiased number of topics by adopting a data-driven
selection method with a Bayesian approach [19]. The resulting
data-driven model consisted of 7 topics. By comparison, our
additional interpretability-based model with number of topics
selected using a heuristic approach consisted of 25 topics. Based
on our qualitative inspection of the worry diary texts that
represented topics from the models, the topics in the
interpretability-based model appeared easier to identify from
the texts and were more semantically coherent than the topics
from the data-driven model. The interpretability-based model
also included a more diverse range of topics, offering a broader
perspective on the contents that appeared in the diary texts.

However, our interpretability-based model also contained some
idiosyncratic topics that strongly reflected the writings of one
or few patients (Multimedia Appendix 1, Tables S4 and S5).
As topic models are descriptive in nature, the idiosyncratic
topics do not pose a problem per se. It has been argued that
allowing some idiosyncratic topics in a topic model can be
useful to separate meaningful or representative topics from
“noise” in the data [13]. However, if the topic model is thought
to represent a broader patient population, the idiosyncratic topics
can be misleading. Furthermore, the idiosyncrasies need to be
taken into account when associating the topics with treatment
outcomes. In conclusion, neither approach for topic number
selection was unambiguously better in our data; rather, both
had benefits and drawbacks that should be considered. However,
we observed some robust correlates of treatment response across
the 2 very different representations.

Strengths and Limitations
The strengths of our study include the nature of our data, which
were derived from a naturalistic and nationwide setting of iCBT
offered as a part of national public health care. Thus, our data
likely constitute a representative sample from the target patient
population. Our data set was also fairly large in terms of
individual patients, improving the generalizability of our results

when compared with previous studies using topic modeling to
predict outcomes in samples of under 100 patients [13,18]. Our
text corpus used in topic modeling consisted of entries on a task
sheet targeted for writing about worries. This type of data offers
precise information compared with, for example, data from
whole psychotherapy sessions.

Despite our large sample size in comparison with previous
research, it is nonetheless a rather moderately sized data set for
machine learning. In terms of topic modeling, the amount of
text produced per patient in our study was small compared with
the previous study by Atzil-Slonim et al [13] that used whole
therapy transcripts. Furthermore, it must be noted that the
direction of causality cannot be determined from our models.
For example, certain topics’ association with symptom change
may be due to usefulness of writing about that topic or it may
reflect patient functioning.

Future Research
As discussed above, the topic number selection method has
effects on the topic model estimation. Future iCBT topic
modeling research should be mindful about these effects on the
quality and generalizability of topics and their associations with
treatment outcomes. Furthermore, our study demonstrated topic
modeling to be practical and informative when using worry
diary texts from an iCBT for GAD. In the future, topic modeling
could be used in research on different disorder-specific or
transdiagnostic iCBT programs. Topic modeling could also
present a means to examine and compare the relative importance
and meaning of different text-based tasks within or across
different treatment programs, which could offer valuable
information in terms of treatment development.

Conclusions
This study demonstrated that topic modeling is a suitable and
practical research method for iCBT data. We found topics from
a single recurring worry diary task from an iCBT for GAD that
were associated with treatment outcomes. Writing about worries
regarding people close to the patient was associated with better
treatment response. In contrast, monitoring of worries and
worries concerning the treatment were associated with worse
treatment response. This type of content information has
potential for practical implications, such as in informing
clinicians about the meaningful patterns in their patients’writing
behaviors. The topics also rendered other research variables,
such as patients’ writing activity, more interpretable.
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Abstract

Background: Illegal online pharmacies function as affiliate networks, in which search engine results pages (SERPs) are poisoned
by several links redirecting site visitors to unlicensed drug distribution pages upon clicking on the link of a legitimate, yet irrelevant
domain. This unfair online marketing practice is commonly referred to as search redirection attack, a most frequently used
technique in the online illegal pharmaceutical marketplace.

Objective: This study is meant to describe the mechanism of search redirection attacks in Google search results in relation to
erectile dysfunction medications in European countries and also to determine the local and global scales of this problem.

Methods: The search engine query results regarding 4 erectile dysfunction medications were documented using Google. The
search expressions were “active ingredient” and “buy” in the language of 12 European countries, including Hungary. The final
destination website legitimacy was checked at LegitScript, and the estimated number of monthly unique visitors was obtained
from SEMrush traffic analytics. Compromised links leading to international illegal medicinal product vendors via redirection
were analyzed using Gephi graph visualization software.

Results: Compromised links redirecting to active online pharmacies were present in search query results of all evaluated
countries. The prevalence was highest in Spain (62/160, 38.8%), Hungary (52/160, 32.5%), Italy (46/160, 28.8%), and France
(37/160, 23.1%), whereas the lowest was in Finland (12/160, 7.5%), Croatia (10/160, 6.3%), and Bulgaria (2/160, 1.3%), as per
data recorded in November 2020. A decrease in the number of compromised sites linking visitors to illegitimate medicine sellers
was observed in the Hungarian data set between 2019 and 2021, from 41% (33/80) to 5% (4/80), respectively. Out of 1920 search
results in the international sample, 380 (19.79%) search query results were compromised, with the majority (n=342, 90%) of
links redirecting individuals to 73 international illegal medicinal product vendors. Most of these illegal online pharmacies (41/73,
56%) received only 1 or 2 compromised links, whereas the top 3 domains with the highest in-degree link value received more
than one-third of all incoming links. Traffic analysis of 35 pharmacy specific domains, accessible via compromised links in search
engine queries, showed a total of 473,118 unique visitors in November 2020.

Conclusions: Although the number of compromised links in SERPs has shown a decreasing tendency in Hungary, an analysis
of the European search query data set points to the global significance of search engine poisoning. Our research illustrates that
search engine poisoning is a constant threat, as illegitimate affiliate networks continue to flourish while uncoordinated interventions
by authorities and individual stakeholders remain insufficient. Ultimately, without a dedicated and comprehensive effort on the
part of search engine providers for effectively monitoring and moderating SERPs, they may never be entirely free of compromised
links leading to illegal online pharmacy networks.
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Introduction

Background
The inherent practicality and convenience of online shopping
are proving increasingly influential in consumer’s behavior
worldwide. Based on the 2020 e-commerce statistics published
by Eurostat [1], 89% of all European Union (EU) citizens used
the internet within the last 12 months, and 65% of individuals
made an online purchase in the same period. Nonprescription
medicine or dietary supplements accounted for 28% of these
transactions, demonstrating consumers’ growing trust in online
health- and well-being–related purchases [1]. A large-scale
study [2] of changes in information-seeking behavior showed
that the most frequently mentioned content is “product
information” and “purchase” (30% of all responses in 1997 and
2019), followed by “Health” (18% of all responses in 1997 and
19% in 2019) [2]. Notably, user behavior had been remarkably
consistent in the span of 22 years [2].

The use of internet pharmacies and the number of individuals
obtaining medications and various health products online are
increasing [2]. Several advantages including perceived
anonymity, cost savings, and convenience motivate individuals
to purchase medications online [3]. Furthermore, the lack of a
valid prescription required by legal online and offline vendors
is a strong driving force toward illegal online drug purchases
[3]. However, several patient safety risks are linked to the
procurement of medicines outside the traditional supply chain,
including questionable sourcing, poor product quality,
substandard and falsified medicines, improper storage, and
transportation [4]. Risks are augmented by rogue internet
pharmacies considered as a primary source of substandard and
falsified medical products in developed countries [5-7].

The widespread availability of search engines and increased
public interest in obtaining medicines online imply a major
dilemma, whether consumers aiming to purchase medications
from the internet are starting their online activity from relevant
web pages (eg, a national authority website), or simply searching
using their search engine of choice. Most likely the latter is the
case. Search engines refer consumers to relevant online
resources quickly. Their significance is illustrated by the fact
that most trackable website traffic originates from search engines
[8], and typically from Google as this platform is handling more
than 90% of search queries worldwide. Online distributors
choose to use several digital marketing techniques to attract
customers via search engines. Website operators apply various
search engine optimization (SEO) techniques to improve the
visibility of their websites, a practice that is accepted and
supported by search engines [9]. SEO is a complex and
time-consuming procedure, especially in the international
marketplace in which country- and language-specific
optimization is required to reach a high-ranking position among
organic query results.

For illegal medicine sellers, conventional SEO is neither cost-
nor time-effective, as they are constantly threatened with
regulatory closure [10]. Furthermore, paid advertisements
offering prescription drugs without a prescription by
unauthorized pharmacies cannot appear in any of the major paid
search advertising services [11,12]. Therefore, alternative
dishonest digital marketing methods including web spamming,
forum abuse, and additional “black hat” SEO techniques are
used by illegal drug distribution websites to promote their links
in the unpaid search engine results pages (SERPs) to gain
favorable search engine rankings [13,14].

As a result, the user’s query on a search engine may contain
both “normal” domains (ie, those related to the query) and
“compromised/deceptive” domains (ie, ones that are unrelated
to the query). The latter domains are promoted in the rank using
“black hat” SEO methods, undermining the value proposition
of search engines, as search results are presented with deceptive
views of a website with inflated relevance to selected search
terms. Individuals (search engine users) are referred to
low-quality content or malicious websites when clicking on a
deceptive search result. Consequently, the deceptive web pages
practically “poison” the search result; therefore, this technique
is termed as “search engine poisoning” or “search redirection
attack” [9,15].

Manipulation of search results for erectile dysfunction
medications was published nearly a decade ago by Leontiadis
et al [15,16] and Wang et al [17]. Sildenafil was the first
commercially available phosphodiesterase type 5 (PDE5)
inhibitor available since 1998, followed by vardenafil, tadalafil,
and avanafil [18]. Increasing prevalence of erectile dysfunction
and widespread use of PDE5 inhibitors as the first-line oral
treatment worldwide [19] have resulted in growing demand,
which illegal online vendors have been taking advantage of
[20].

Objectives
The major aim of our study is to introduce the relatively
unknown but significant and persistent issue of poisoning of
search engine results (SERs) of erectile dysfunction medications
in European countries. Furthermore, the study is meant to
measure the scale of the problem and illustrate the redirection
networks referring users (patients) to illegal internet pharmacies.
Public health significance of the problem is illustrated by the
estimation of the likelihood of consumers clicking on poisoned
search results and the number of monthly visitors redirected to
illicit pharmacy networks. Our utmost aim is to warn the general
public and raise the awareness of authorities and law
enforcement agencies, thus facilitating long-awaited
countermeasures.
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Methods

Mechanism of Search Engine Poisoning and
Redirection
A search engine poisoning attack begins with an attacker
hacking into a vulnerable web page. Common targets are
outdated, vulnerable, or complex content management and
blogging systems (eg, WordPress; see Figure 1, part 1). Once
the attacker has access to the system, a new code is injected,
and the hacked website will “interrupt” all incoming HTTP
requests to the original web page and respond to these requests
differently from the original operation [15]. Typically, users

are redirected through a redirection chain, consisting of
intermediate pages to a final page. The destination is the illegal
pharmacy website most users are unwillingly visiting. However,
users do not see the original content of the compromised website
after clicking on the search results, because they are presented
with the unwanted final page, as hacked websites redirect the
web browsers within milliseconds. Redirection
attacks—identifiable in various search engines such as Google,
Bing, and Yahoo!—disregard term relevance constraints and
target search terms of the actual search; however, at the same
time, the original content of the hacked website (domain)
becomes irrelevant to the search terms used (see Figure 1, part
2).

Figure 1. Illustrative figure of how users pass through a redirection chain from the search result page to the final destination illegal online pharmacy
website.

In the case of search engine poisoning attack, it is important
that compromised websites look differently, depending on the
visitor, due to the so-called cloaking method [13]. The original
content stuffed with keywords and links to increase page rank
is shown to the automated agent/crawler (eg, Google bot),
meanwhile the redirected illegitimate online vendor is displayed
to the customer (see Figure 1, part 3) [16]. Currently no efficient
technique capable of identifying all spam web pages is available
[13]. Because of the cloaking method used by the illegitimate
pharmacy operators, the automation of the content evaluation

of SERs is difficult and precise detection requires manual
assessment or checking.

Obtaining and Evaluating SERs in National and
International Data Sets
Search engine query results and links were documented and
manually evaluated to simulate and evaluate what consumers
see while browsing. Manual data acquisition was necessary as
automatic search queries are prohibited by search engine
providers and cloaking is difficult to identify automatically.
The focus of the research was on erectile dysfunction
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medications as a popular category affected by illegal online
trade and potential source of substandard and falsified medicinal
products [20,21]. Consequently, the search queries represent
purchase intent (buying prescription medications online), rather
than informative types of search (looking for product
information). The 4 primary active pharmaceutical ingredients
(APIs), sildenafil, tadalafil, vardenafil, and avanafil, were
searched for using Google, the most popular search engine.
Country-specific data were obtained by individualizing national
search using the search terms of the “API” and the “buy” words
in the language of the given country (eg, “comprar sildenafil”
for Spain). Furthermore, search settings in Google have been
adjusted to the preferred region. To track the evolution of the
phenomena, the first 20 organic SERs were evaluated during 3
consecutive years: August and October 2019, August 2020, and
November 2021 for the national data set. Meanwhile, the first
40 SERs were included in the international data set evaluated
in November 2020. Accordingly, we conducted our research
on 2 data sets: a long-term evaluation of Hungarian SERs and
an international sample in Hungary and an additional 11 other
countries (Bulgaria, Croatia, Estonia, Finland, France, Greece,
Italy, Romania, Spain, Sweden, and United Kingdom) from
different regions of Europe. As most (88%) users click on results
appearing in the top 10 SER positions [22], by documenting
the top 20 results we consider our findings representative for
online queries at the time of evaluation. SER links of websites
offering medicinal products for sale were included for
evaluation; nonrelevant query results were excluded from our
evaluation.

The documented search result data included date, country, search
language, API, search phrase, URL and domain name, SER
ranking, destination website URL for redirections, and website
category. Two figures were used to describe the significance of
the phenomena regarding search engine redirection attacks in
SERs: (1) prevalence of hacked links in SERPs and (2)
cumulative click-through rate (CTR). Both measures correlate
with the likelihood of users—intentionally or
unintentionally—visiting illegal pharmacies. Prevalence is
calculated by dividing the number of infected links by the total
number of evaluated links in SERPs. Based on Google’s organic
search ranking, CTR is a probability value of clicking on a given
link assigned to each measured SER position. On the first page
of the search (Google) result, 1-10 CTR per ranking values were
determined based on the analysis by Sistrix [22], while further
CTRs for 11-40 SER positions were computed with the equation
of the exponential trend line connecting the first 1-10 SERP

datapoints (y=26,76e–0.258x, where y is the predicted CTR and

x is the SER rank; R2=0.927). Cumulative CTRs express the
sum of CTR values regarding all documented positions in
SERPs.

Compromised sites redirecting to international illegal medicine
retailers have been classified into 3 categories referencing the
redirection’s life cycle based on Leontiadis et al [16]. First, the
compromised site is likely a future redirect (hacked website
content with or without links; however, no automatic redirection

is yet observed). Second, active redirection to an international
illegal medicinal product vendor via a compromised site. Lastly,
inactive redirection, that is, sites used to be redirecting, but no
longer redirecting, because they are not accessible at the time
of evaluation, displaying 404 error code, or similar.

Graph Visualization, Legitimacy, and Traffic Analysis
Regarding Destination Websites
Compromised SERP links leading to international illegal
medicinal product vendors via redirection (active links) were
evaluated and networks have been generated with Gephi [23],
an open-source graph visualization and analysis tool. The
national and international data sets were visualized as directed
graphs illustrating the source and destination website domains.
Multiple links from the same domain accounted for increased
weight of the edge. The average degree (average number of
edges per node in the graph), the in-degree (number of
connecting edges), and the page rank (importance score of a
node within a directed graph) of nodes were computed.

Destination websites offering products for sale in the national
data set were categorized as follows: legitimate online
pharmacies, illegal medicine retailers (rogue online pharmacies),
or dietary supplement seller (nonpharmacy web shops).
Destination website categories were not defined for EU
countries, so only links with redirection to illegal online sellers
were documented regarding the international data set.
Destination website legitimacy was checked at LegitScript [24]
and categorized as approved, unlicensed, or rogue (illegitimate).
The estimated number of monthly unique visitors of the root
domain for all regions at the time of evaluation is provided by
SEMrush traffic analytics [25].

Data were analyzed using SPSS Statistics 26 for Windows (IBM
Corp.) and MS Excel (Microsoft Inc.).

Ethical Considerations
There were no ethical issues, as only publicly available data
obtained from SEs and websites were documented and
evaluated. Furthermore, no customer or personal data were
measured, recorded, or stored in this study.

Results

Compromised Websites Among SERPs of Medications
for Treating Erectile Dysfunction in Hungary Between
2019 and 2021
The results show that during our 3-year observation period,
there were no legitimate internet pharmacy websites among the
evaluated SERPs. A decrease in the number of compromised
sites linking visitors to illegitimate medicine sellers has been
observed during our study period, while inaccessible broken
links have increased. Similarly, the number of national rogue
online pharmacies has increased in SERs up through 2021. All
active ingredients have been affected by poisoning, with avanafil
showing a somewhat diminished prevalence (Table 1).
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Table 1. Top 20 search engine results page link categories for 4 erectile dysfunction medications.

October 2021, n (%)August 2020, n (%)October 2019, n (%)August 2019, n (%)Link category

0 (0)0 (0)0 (0)0 (0)Legitimate online pharmacy (n=80)a

34 (43)16 (20)12 (15)8 (10)National illegal medicinal product seller (n=80)

4 (5)25 (31)33 (41)43 (54)International illegal medicinal product vendor via
compromised site and redirection (active; n=80)

0 (0)3 (15)5 (25)9 (45)Avanafil (n=20)

1 (5)6 (30)9 (45)12 (60)Sildenafil (n=20)

1 (5)8 (40)9 (45)12 (60)Tadalafil (n=20)

2 (10)8 (40)10 (50)10 (50)Vardenafil (n=20)

0 (0)1 (1)3 (4)5 (6)Compromised site without redirection (n=80)

15 (19)9 (11)7 (9)2 (3)Not accessible (eg, 404) at the time of evaluation (n=80)

8 (10)14 (18)10 (13)9 (11)Dietary supplement web shop (n=80)

19 (24)15 (19)15 (19)13 (16)Other sites not offering products for sale (n=80)

aAccording to national regulations, legitimate online pharmacies in Hungary cannot offer prescription medications—including oral medications for
erectile dysfunction—via the internet.

Although most of the compromised websites were “true
redirects” transferring individuals to international online sellers,
we occasionally came across hacked sites without redirection.
For example, in these cases, the rogue online pharmacy was
operating under a subpage of the hacked domain, or the
medication-related text was filled with keywords and links
(so-called keyword stuffing and link building), indicating
“black-hat” SEO techniques.

Such pages are likely to rank higher in search engines and
develop redirects as time passes. In other instances, the web
page we were looking for did not exist on the website’s server.
Pages not accessible (eg, 404 error) at the time of evaluation
could be related to website administrators identifying the
malicious redirect code inserted into a website. According to
our observation, hacking is followed by the malicious redirection
life cycle, which consists of future (inactive pages ready to
become active), active, and finally inactive stages.

The complexity of the graphs decreased (the average degree
changed from 1.17 to 0.667), between August 2019 and October
2021 (Figure 2). A majority (11/14, 79%) of the evaluated online
pharmacies were categorized as rogue by LegitScript. We
identified 5 destination online pharmacy websites in the link
network at each evaluation date, except for October 2021.
Initially, destination domains (eg, acs-pharmacy.com and
evo-pharmacy.com) received numerous incoming links from
SERs and played a central role in the network. By the end of
the 3-year evaluation period, illegal pharmacy websites
in-degree and page rank values underwent substantial reduction
(Table 2). Website traffic analytics by SEMrush indicated a
high number of monthly visitors (range 370-155,400) for
important nodes with high page-rank values within the graph.
This value illustrates the destination site’s global visitor count
in the given month of evaluation.

Figure 2. Visual graph of SERP links of compromised websites and illegal online medicine vendors accessed via search redirection attack visited in
August 2019 (left) and August 2020 (right). SERP: search engine results page.
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Table 2. Graph statistics, legitimacy rating, and traffic history regarding referred illegal medicine vendors for Hungarian erectile dysfunction medication
search queries.

Number of unique visitors per

month (SEMrush)c
Legitimacy rating (LegitScript)Page rankbIn-degreeaDateDomain accessed following search

redirection attack

155,400Rogued0.20916August 2019acs-pharmacy.com

117,000Rogue0.33216October 2019acs-pharmacy.com

11,000Rogue0.14012August 20191-pharm.com

3600Rogue0.0542August 2019specialmedassortment.com

4000Not in database0.0542August 2019myworldpharma.com

800Rogue0.0542August 2019pharmpillsonline.com

5200Rogue0.0612October 2019herbsandmeds.com

6500Rogue0.0512October 2019pharmrx-1.com

5100Rogue0.0421October 2019cheap-pharma.com

15,600Rogue0.0321October 2019big-pharmacy.com

83,400Rogue0.2799August 2020evo-pharmacy.com

30,400Rogue0.5742October 2021evo-pharmacy.com

370Not in database0.0872August 2020eu-pharm.de

Not in databaseNot in database0.0591August 2020ezshopremedieshere.com

5200Rogue0.0591August 2020canadarx24h.com

3100Rogue0.0591August 2020medsalltheworld.com

aIn-degree value shows the number of links adjacent to a domain.
bThe page rank algorithm measures the importance of each node within the graph.
cThe estimated number of monthly unique visitors of the root domain for all regions at the time (month) of evaluation provided by SEMrush traffic
analytics.
dRogue: online pharmacy website engaged in illegal activity; a rating determined by LegitScript.

International Relevance of Compromised SERPs in
Europe 2020
A total of 1920 search results were evaluated in November 2020,
in accordance with the results of the aforementioned 4 APIs
listed in the top 40 results on the SERP pages throughout 12
European countries. Of those, 380 (19.79%) search query results
were compromised, with a majority (n=342, 90%) of the links
of the 230 infected source domains redirecting individuals to
73 international illegal medicinal product vendors. The
remaining SER links were leading to compromised sites without
redirection (6/380, 1.6%) or not accessible web pages/sites
(32/380, 8.4%). Descriptive graph statistics of the international
data set, website legitimacy category, and traffic history
regarding destination online pharmacies with at least five
referring links are depicted in Table 3.

The most influential destination domain in the international
redirection graph was “ezshopremedieshere.com,” with 79
referring links from search queries in most (8/12, 66%) of the
evaluated European countries, and 61,400 unique global visitors
in November 2020. Although several destination websites had
numerous incoming links, the average in-degree value was 1.11,

as most nodes had only 1 (30/79, 38%) or 2 (12/79, 15%)
compromised referrals from search engines (Figure 3). The
number of monthly global visitors per domain was the highest
for “forecastarrays.us,” “cheapshopmed.com,” and
“haiyuanpenguan.com,” attaining 566,100, 135,100, and 128,300
visitors, respectively, according to SEMrush traffic analytics.
Interestingly, these high-traffic domains had only a small
number (1-3) of incoming links from SERs and only 1 European
country was affected in each case (Finland, Estonia, and Croatia,
respectively). The “cheapshopmed.com” domain is a rogue
online pharmacy in the LegitScript database. However, the
“forecastarrays.us” and “haiyuanpenguan.com” domains contain
compromised pages, including their intended content, and they
can be accessed after redirection with an embedded online
pharmacy content, so the visitor count of these domains is likely
to include nonmedicinal purchase intention also. Website traffic
estimation was available for 40 destination domains, with 35
having pharmacy-specific domain names (including terms, such
as Rx, pharm, meds, pills). These 35 active online pharmacy
domains, accessible from 12 European countries via
compromised links in search engine queries, included a total of
473,118 unique visitors during November 2020.
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Table 3. Graph statistics, legitimacy rating, and traffic history regarding selected referred illegal medicine vendors for erectile dysfunction medication
search queries in 12 European countries (November 2020).

Number of unique visitors
per month (SEMrush)

Legitimacy rating (LegitScript)Countries affectedPage rankIn-degreeDomain accessed following
search redirection attack

61,400Not in databaseCroatia, Estonia, France,
Greece, Hungary, Italy, Spain,
Sweden

0.08079ezshopremedieshere.com

Not in databaseRogueHungary0.01720evo-pharmacy.com

Not in databaseRogueCroatia, Estonia, Finland, Ro-
mania, Sweden

0.02319rx-qualityshop.com

4600RogueCroatia, Estonia, Finland,
Greece, Italy, Romania, Spain

0.01314your-meds-store.com

2300Not in databaseCroatia, UK, Estonia, Roma-
nia

0.01813onlinepharmacyhub.com

321RogueUK, Estonia, France, Italy,
Spain, Sweden

0.01511overnightpharm.com

Not in databaseRogueUK, Sweden0.01810rx-24-online.com

21,500RogueEstonia, Spain0.0179hot-med.com

5000RogueCroatia, Estonia, Romania0.0058usamedicineget.com

Not in databaseRogueUK, France, Italy, Spain0.0128igohealth365.com

519RogueHungary, Spain, Sweden0.0077qualitypillsprovider.com

7800RogueFinland, Greece, Italy, Spain0.0107meds-store-24h.com

Not in databaseNot in databaseItaly0.0106pills-group.com

Not in databaseRogueFrance, Italy, Sweden0.0086vipcanadianstore.com

8400RogueBulgaria, Greece, Italy, Spain0.0096online-secure-shop24h.com
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Figure 3. Graph of compromised websites (n=230) and illegal online medicine vendors (n=73) accessed via search redirection attack in 12 European
countries visited in November 2020. Node size—represented by circles—illustrate the in-degree property of a domain in the graph. Small red nodes
show compromised website domains in SERs and destination websites are labeled with blue. The edge—representing links—are colored based on the
API name used in search queries (blue for sildenafil, green for vardenafil, yellow for tadalafil, and orange for avanafil). API: active pharmaceutical
ingredient; SER: search engine result.

The EU countries are affected differently by redirection links
within SERPs, leading to illegitimate online pharmacy websites
(Figure 4). In the “Methods” section, we proposed 2 metrics to
illustrate the magnitude of the problem manifested throughout
European countries. The proportion of the hacked pages as a
percentage of the total search query results and the cumulative
CTR percentages were calculated to illustrate the issue of the
compromised websites in a complex manner in each country’s

SERP. It is important to view cumulative CTR and the number
of compromised websites as both unique and complementary
factors. To state an example, if a country’s SERP has several
websites lower down the list, the cumulative CTR will be
minimal. However, these websites pose a potential risk of rising
surreptitiously quickly through the ranks and gaining higher
CTRs.
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Figure 4. Cumulative click-through rate (CTR) prevalence of redirection links within search engine result pages leading to illegitimate online pharmacy
websites search queries in 12 European countries.

Compromised links redirecting to active online pharmacies were
present in search query results of all evaluated countries. The
prevalence of compromised links in national SERs was the
highest in Spain (62/160, 38.8%), Hungary (52/160, 32.5%),
Italy (46/160, 28.8%), and France (37/160, 23.1%), whereas it
was the lowest in Finland (12/160, 7.5%), Croatia (10/160,
6.3%), and Bulgaria (2/160, 1.3%). Cumulative CTR values
computed for APIs indicated the highest potential impact and
danger of search engine redirection attacks for avanafil in Spain
(41.0%), sildenafil in Estonia (80.9%), tadalafil in Hungary
(51.1%), and vardenafil in Greece (29.7%). Prevalence and
cumulative CTR metrics were relatively high for all APIs in
Hungary and Spain, indicating a larger number of infected SER
links with relatively high-ranking positions in search queries.
Accordingly, consumers searching for erectile dysfunction
medications online are more likely affected by online medicine

purchase opportunities presented by illegal online pharmacies
applying search engine redirection attack as a marketing
technique in these countries. Although SERs in Romania,
Finland, and Greece contain a substantial number of
compromised links, because of low rankings, the cumulative
CTR vales are low, indicating that consumers are less likely to
click on compromised links leading to the destination illegal
online pharmacy websites. The complete redirection network
is illustrated in Figure 3.

Hacked websites are not specialized in active ingredients and
target domains. Of the observed 230 infected source domains,
many (n=65, 28.3%) promote various APIs. Although the
majority (160/230, 69.6%) of source infections drive traffic to
a single destination, many redirect individuals to various online
pharmacy websites (range 1-6; mean 1.49 redirection links of
independent destination domains).
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Discussion

Principal Findings
The evolution of online advertising methods and specialization
have led to the development of affiliate networks, an established
method for legitimate merchants in which sponsors pay a
commission to advertisers delivering traffic to their websites.
Unfortunately, illegal online pharmacies are also a typical
example of affiliate networks and search engine poisoning is a
tool linked to affiliates to convert visitors from search engines.
A robust number of independent affiliates, acting as advertisers
or traffic brokers, received high (30%-40%) commissions for
promoting illegal medication vendors and delivering traffic to
the sponsor websites in which medications are sold to customers
[14]. This affiliate program business model has numerous
advantages for its participants. Sponsors (destination illegal
pharmacy websites) do not have to heavily invest in marketing
campaigns. Even more advantageous is that they free themselves
from direct exposure to the criminal risks associated with
large-scale advertising. Affiliates generate sales for sponsors
by only focusing on attracting customers without developing
web shops, customer service, etc. Online pharmaceutical sales
are one of the oldest and largest affiliate program markets, with
an estimated turnover of 500,000-600,000 customers, 700,000
billed orders, and US $73,000,000-85,000,000 revenue per
3-year period (2007-2010) analyzed by McCoy et al [14]
referencing 2 major affiliate networks (Glavmed and SpamIt).
By evaluating the change of new customer acquisitions, the
authors concluded that affiliate programs attract new customers
at a steady rate (approximately 3300/week). Thus, the market
of counterfeit pharmaceuticals was not saturated, suggesting
latent customer demand [14]. Furthermore, the same data set
provides evidence for customer loyalty and satisfaction
regarding online pharmacies, as repeat purchases constitute
more than 20% of overall revenue. Our previous findings also
indicate that a vast number of online pharmacies operate illegally
and offer medicines to buyers in the long run [10].

It has been estimated that the number of men experiencing
erectile dysfunction worldwide can reach 332 million by 2025
[19]. Erectile dysfunction medications containing PDE5
inhibitors are highly prone to falsification with proven potential
health risk for patients. Analytical investigation of these products
often shows the presence of dangerous excipients of
nonpharmaceutical origin or quality, more than 1 undeclared
PDE5s, and active ingredient amounts higher than declared
values often surpassing the maximum therapeutic dose [5].
Previous research [26] regarding patient safety risks assessment
of the online market of medicinal products revealed that Google
search results include several suspicious links. By clicking on
these SERs, the visitor is apparently redirected to an unlicensed
drug distribution page by initially clicking on the link of a
legitimate, yet irrelevant domain. This unfair online marketing
of search redirection attack is thought to play a decisive role in
the illegal internet pharmaceutical marketplace. Although search
engine redirection attacks leading visitors to illegal online
pharmacy networks have been previously published [9,16], we
did not find relevant publications in medical informatics journals
during the past decade. Admittedly, search engine redirection

attacks are not limited to Google, the most popular search
engine. The same phenomena could be identified in Microsoft
Bing and Yahoo!. Seemingly, this unsolved issue has sunk into
oblivion. This study was aimed to describe, map, and highlight
its national and international significance.

Nearly half of search results were redirecting individuals to
illicit medicine vendor sites during our national results obtained
in 2019, with compromised websites being dominant in SERPs.
This finding correlates with a previous study by Leontiadis et
al [16], highlighting how redirections constitute the most
significant proportion of results for the query set implemented
in this study. Although the prevalence of compromised links in
SERs and the complexity of the graphs have decreased in our
national data set between August 2019 and October 2021, the
danger has not dissipated. Consumers searching for ivermectin
during the COVID-19 pandemic were more likely to find links
redirecting to illegal medicine retailers that represent 73.3% of
SER links within the first 30 search results in Google in March
2021 [26]. Despite the attempts to prevent this “black hat” SEO
technique proposed a decade ago, limited success can be
observed [9], and we are facing a constant issue that has not
been solved for a relatively lengthy period.

Our international search query data set obtained from a
representative sample of SERs among 12 European countries
illustrates the international significance of search engine
poisoning. All evaluated countries are affected, as at least one
of four active ingredients for the treatment of erectile
dysfunction was offered for sale via compromised links. The
overall prevalence of hacked links in SERs was highest among
Spain, Hungary, Italy, and France. Among 1920 manually
evaluated links, we documented 380 compromised results from
a total of 230 websites (domains) leading to 73 illegal online
medicine vendors. The majority of these illegal online
pharmacies (41/73, 56%) received only 1 or 2 compromised
links. Meanwhile, the top 3 domains with the highest in-degree
property received more than one-third of all incoming links.
These findings support earlier studies stating that illicit
advertising business is dominated by only a handful of
big-league players [16].

An important implication regarding our findings is that
search-redirection attackers use a complex system with
potentially vulnerable elements to convert traffic to their
illegitimate destination websites. We conclude that such
practices can be disrupted by various stakeholders in a number
of ways (Textbox 1).

Most likely, if any 1 or more than 1 of the aforesaid measures
are considered, the redirection network collapses, and infected
source websites will not appear, nor will they rank high in the
search results. Lastly, they will not actively redirect to
illegitimate online pharmacy domains.

A common feature of the aforesaid measures is the undisrupted
continuity of the system, as it most likely requires time to build
up such a complex network among numerous stakeholders.
Findings of previously published literature suggest that the
median survival time of a source infection is 19 days; however,
some claim a lot lengthier time (17% of infections lasted at least
six months, while 8% survived for more than 1 year) [16]. Our
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findings also corroborate this, as 4 compromised pages in our
national data set remained in the top 20 results for more than 2

years, between August 2019 and October 2021.

Textbox 1. Possible solutions to overcome search-redirection poisoning redirecting to illegal internet pharmacies.

• Search providers and authorities can identify compromised links by monitoring popular medicinal product–related search terms (eg, brand or
active ingredient name of prescription medications), as infected websites contain numerous relevant keywords and links to rank high in search
engine results pages (SERPs) for popular queries and to publicize themselves.

• In addition to manual evaluation of SERPs, previously published link-based and content-based algorithms as well as tailor-made automatic
detection and classification engines can be used as benchmarks in the effective identification of pharma scam campaigns [27].

• Search engine providers play a decisive role in monitoring and moderating SERPs. Without their dedicated and comprehensive effort, SERPs
may never be free of compromised links leading to illegal online pharmacy networks. Automated URL-based classification methods, similar to
deSEO [28] proposed in 2011, can only be applied if search engine providers provide search query logs to authority or academic parties.

• If operators fail to identify the infection, compromised websites remain among the top results and maintain the functionality of redirecting.
Consequently, the operators of vulnerable legitimate domains should be notified so that they can take action to improve content management
system security and remove hacked pages.

• The intermediate redirection chain elements need to remain operational for effective redirection and search engine optimization, so when the
webmaster removes the infection triggering the redirection, or any intermediary page, the redirection chain ceases to function.

• The destination illegitimate online pharmacies must stay online to remain operational. Therefore, drug authorities and law enforcement agencies
can shut down final destination domains of rogue online pharmacies with a high number of incoming links and unique visitors.

As the number of infected websites appearing in SERPs and all
other compromised websites within the redirection chain is
considerably high and the number of destination websites are
relatively low, it is reasonable to take measures against the latter
by shutting down websites and domains. However, the efficacy
of this intervention does not seem to be efficient enough,
considering the fact that the Operation Pangea coordinated by
Interpol has taken down more than 150,000 websites between
2008 and 2020. Despite this large-scale removal, an extremely
large number of links (113,020 websites and online
marketplaces) were subsequently closed down in 2021 [29,30],
demonstrating the substantial scale and recurrence of this issue,
which remains unresolved.

Limitations
Admittedly, our study bears several limitations, for instance,
the search query results of only 1 search engine have been
summarized; however, we believe that the validity of our
methodology can be explained by the dominant market share
of the search engine. Furthermore, as opposed to brand-name
queries, API-based search may offer varied results; however,
Google’s complex algorithm is likely to provide results for
related searches. API was used because our aim was to find all

relevant websites, regardless of their original and generic names,
varying from country to country, including unapproved generics
and falsified medicines. Legitimacy of all final destination
websites cannot be evaluated objectively, as there is no reliable
database to evaluate all websites. However, we assumed all
online medicine vendors using search engine redirection attack
to attract customers and offer prescription medicines for sale
most likely bear malicious intent and can be categorized as
illegitimate online pharmacies.

In conclusion, our results illustrate that the phenomena of search
engine poisoning have been persistent during the past decade
and affiliate networks linked to illegitimate online pharmacies
are flourishing. This supports the presumption that
uncoordinated interventions aiming at ceasing illicit medicinal
online purchases by authorities and individual stakeholders are
not yet sufficient. It is a problem that has not been solved for
more than a decade. Importantly, uncontrolled illegal sale of
medications has many unfavorable consequences for the health
of consumers and the safety of the pharmaceutical supply chain.
Detecting and eliminating malicious links promoting illegal
online pharmacies in search engines are of great importance
with regard to cybersecurity and patient safety.
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Abstract

Background: A knowledge gap exists between the list of required actions and the action plan for countering cancer misinformation
on social media. Little attention has been paid to a social media strategy for disseminating factual information while also disrupting
misinformation on social media networks.

Objective: The aim of this study was to, first, identify the spread structure of cancer misinformation on YouTube. We asked
the question, “How do YouTube videos play an important role in spreading information about the self-administration of
anthelmintics for dogs as a cancer medicine for humans?” Second, the study aimed to suggest an action strategy for disrupting
misinformation diffusion on YouTube by exploiting the network logic of YouTube information flow and the recommendation
system. We asked the question, “What would be a feasible and effective strategy to block cancer misinformation diffusion on
YouTube?”

Methods: The study used the YouTube case of the self-administration of anthelmintics for dogs as an alternative cancer medicine
in South Korea. We gathered Korean YouTube videos about the self-administration of fenbendazole. Using the YouTube application
programming interface for the query “fenbendazole,” 702 videos from 227 channels were compiled. Then, videos with at least
50,000 views, uploaded between September 2019 and September 2020, were selected from the collection, resulting in 90 videos.
Finally, 10 recommended videos for each of the 90 videos were compiled, totaling 573 videos. Social network visualization for
the recommended videos was used to identify three intervention strategies for disrupting the YouTube misinformation network.

J Med Internet Res 2022 | vol. 24 | iss. 11 | e39571 | p.448https://www.jmir.org/2022/11/e39571
(page number not for citation purposes)

Yoon et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

mailto:Kwonjhye.onco@gmail.com
https://www.jmir.org/2022/11/e44334/
http://www.w3.org/Style/XSL
http://www.renderx.com/


Results: The study found evidence of complex contagion by human and machine recommendation systems. By exposing
stakeholders to multiple information sources on fenbendazole self-administration and by linking them through a recommendation
algorithm, YouTube has become the perfect infrastructure for reinforcing the belief that fenbendazole can cure cancer, despite
government warnings about the risks and dangers of self-administration.

Conclusions: Health authorities should upload pertinent information through multiple channels and should exploit the existing
YouTube recommendation algorithm to disrupt the misinformation network. Considering the viewing habits of patients and
caregivers, the direct use of YouTube hospital channels is more effective than the indirect use of YouTube news media channels
or government channels that report public announcements and statements. Reinforcing through multiple channels is the key.

(J Med Internet Res 2022;24(11):e39571)   doi:10.2196/39571

KEYWORDS

cancer misinformation; social media health misinformation; fenbendazole; self-administration; complex contagion; YouTube;
social media factual information delivery strategy

Introduction

Cancer Misinformation and Social Media
Cancer misinformation on social media has piqued the interest
of health care professionals. Misinformation is defined as
information that causes people to “hold inaccurate factual
beliefs” [1]. Studies found that nearly one-third of cancer content
on social media was misinformation [2,3] and that 76.9% of it
contained harmful information [3]. Cancer misinformation can
significantly reduce a patient’s chances of survival. It may lead
to a delay in receiving appropriate treatment, the pursuit of
unproven alternative therapies, or the rejection of the currently
prescribed treatment [2]. Beyond the disintegration of trust
between patients, carers, and physicians, the detrimental impacts
of disinformation extend to psychological and mental health
[2-5].

Indeed, misinformation is one of the most serious negative
consequences of social media. False news spreads much
“further, faster, deeper, and more broadly” than the truth on
social media [6]. The novelty of misinformation grabs the
immediate attention of humans, resulting in human-mediated
message delivery. The echo chamber induced by the
recommendation algorithm amplifies the spread of inaccurate
information among individuals with similar interests [7]. Given
that caregivers and patients’ family members frequently
associate the information community with social support and
develop a strong interest in new treatment information [8-10],
social media provides the optimal environment for information
dissemination, combining human and nonhuman
algorithm-driven exposure and connections. This is of particular
concern for physicians, as several studies have shown that
people are more receptive to misinformation than accurate
information [2,4,10].

Thus, it is imperative that public health agencies and health
professionals advocate for proactive measures to offset the
detrimental consequences of social media misinformation
[10-13]. Numerous solutions have been proposed, including
digital literacy education [4], accurate information provision
[11,14], and media campaigning [15]. While these solutions
seek to provide “true” information, rarely have studies been
done on concrete and effective ways to disrupt the flow of
misinformation on social media, particularly based on an

analysis of the current social media information flow network.
As a result, a knowledge gap exists between policy
implementation and the list of required actions [16].

This may be attributed to the communication pattern of cancer
misinformation. Misinformation is frequently mixed with true
information in everyday health communication [17]. This mode
of communication has rendered it incapable of scrutinizing new
information, because information is not only the mixture of true
and false but of old and new. As a result, studying the spread
of cancer misinformation requires a clearly visible case that can
track and reconstruct the pattern of communication.

Complex Contagion of Health Behaviors in Social
Media
Adoption of behaviors frequently manifests as a complex
contagion: the spread of collective behaviors requiring contact
with multiple sources of activation [18]. Complex contagion
occurs when social reinforcement influences the transmission
of behaviors, beliefs, and attitudes. Unlike simple contagion,
in which exposure results in immediate transmission, complex
contagion requires social legitimation, credibility, and behavioral
complementarity due to uncertainty [18,19]. Studies found that
adopting health-related behaviors, such as smoking, exercise,
and antivaccine beliefs, are proven to follow the complex
contagion mechanism [20-22]. The key point here is not repeated
exposure to a single source, but the exposure to multiple sources
for social confirmation and reinforcement [18].

Studies have discovered that social media is one of the perfect
environments for observing complex contagion [23-25].
Clustered communities in social media serve as peer-to-peer
communication and information dissemination networks [25-27].
Social media research frequently reveals patterns of shared
exposure to common stimuli [27], but not all patterns are
identical. If complex contagion is viewed as the direct link
between social media users, it is social cohesion that binds
people together in a networked group, often seen in Facebook
[28,29]. If the contagion is based on exposure between
individuals, regardless of connection between users, then it is
contagion via the network structure that enables access to the
same source of exposure, typically found in YouTube through
its recommendation algorithm [30,31]. The continuous flow of
relevant and engaging YouTube videos, as well as the linking
of video content via YouTube’s recommendation system [17,32],
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creates the environment conducive to social reinforcement, a
necessary requirement for complex contagion.

Research Context: Fenbendazole Self-administration
on YouTube
On September 3, 2019, a Korean-language YouTube video
portraying Joe Tippens, who claimed to be entirely cured of his
cancer after self-administration of fenbendazole, was uploaded.
This video had a total of 2.4 million view counts and 33,702
likes as of September 21, 2021, and was an instant hit among
cancer patients and caregivers in South Korea [33]. On
September 20, 2019, news outlets reported that pharmacies were
out of stock of fenbendazole tablets [34]. According to the
Korean government, fenbendazole sales totaled approximately
229,000 tablets in September 2019, which was 5 times the
quantity sold from January to August 2019. In November 2019,
around 403,000 tablets were sold [35]. The media also grabbed
public attention by reporting about a patient with cancer who
was a comedian who publicly proclaimed that he would disclose
his status following self-administration of fenbendazole. The
Ministry of Food and Drug Safety of South Korea issued a
caution on the use of fenbendazole for cancer treatment on
October 28, 2019 [36]. The National Cancer Center Korea
indicated in January 2020 that no clinical trials with
fenbendazole were planned, adding that “it is not worthwhile
to pursue” [37]. However, YouTube videos describing personal
experiences with self-administration of fenbendazole were
continuously released across patient and caregiver communities

Research Questions
Given the research context, this study attempted to address the
following research questions: (1) What are the characteristics
of the YouTube cancer misinformation network regarding the
self-administration of fenbendazole? More specifically, (2) is
there evidence to support the complex contagion process in
social media? (3) Does the networking pattern of the YouTube
misinformation network for fenbendazole provide us with useful
insights as to why the conventional campaign of disrupting
misinformation through news media is less effective? (4) Is
there a structural separation of the network between news media
providers and user-generated content?

Methods

Study Design
We have undertaken unstructured data analysis by collecting
data from YouTube. Following the collection of YouTube video
data, the data were analyzed using timeline trend analysis,
content analysis, and network analysis. These are common
strategies applied to unstructured big data analysis. Indeed,
mining unstructured online data and analyzing them to discover
patterns is a basic technique for big data analytics [38]. The
detailed process of data collection, network data processing,
and data analysis is depicted in Multimedia Appendix 1.

YouTube Data Collection
We used Google’s YouTube application programming interface
(API) to retrieve a list of search query and recommended videos
[39] by using a Python program. The API provides the meta
information, such as a video title, channel name, the date and
time of upload, and number of views, likes, and comments [40].

Our data collection strategy was as follows. First, we used the
term “fenbendazole” in Korean to download the list of the videos
from the YouTube API. Second, videos were included in the
analysis if the video views were more than 50,000, uploaded
between September 2019 and September 2020. The number
50,000 has been frequently used in the literature to filter relevant
and popular YouTube videos [41,42]. Third, we compiled a list
of the top 10 recommended videos for each video we searched.
Figure 1 depicts the recommended video interface. The top 10
is the number that has been used in the literature for examining
recommendation effects [43,44]. Note that this list was not the
same list as our API search query for fenbendazole. YouTube’s
recommendation algorithm analyzes viewers’ data regarding
their viewing habits and uses the data to make recommendations.
This does not imply that the YouTube API reflects the
preferences of the API key holder. The YouTube API returns
the data to the developer that matches the query parameter, such
as video, channel, and playlist [39]. It is known that the
YouTube API offers results based on popularity rather than
individual user desires [45].

Figure 1. YouTube recommended video interface. Recommended videos are highlighted on the right side. For privacy protection, the screenshot is
blurred.
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Video Content Analysis
To comprehend the content of the collected fenbendazole
YouTube videos, we manually examined the videos that met
our selection criteria. Two PhD media researchers participated
as coders. The two coders have never viewed fenbendazole
YouTube videos. Detailed information about the YouTube
videos, such as channel name, video title, and view count, was
provided as well as the YouTube video URLs.

The coders coded each video’s channel holders and the
viewpoint or attitude toward the self-administration of
fenbendazole for cancer treatment. Prior to the coders watching
the videos, the channel holders were coded as individuals or
institutions. The coders selected subcategory codes for each
type of holder after viewing a few videos and engaging in
discussion with the research team. We coded individuals as
patients, health care professionals, caregivers, and others. The
coders further coded whether the holder self-administered
fenbendazole if the holder was a patient. Regarding institutions,
we categorized the holders as news media, hospitals, and others.

We classified the viewpoint or attitude toward the
self-administration of fenbendazole into four subcategories:

1. The “positive” subcategory code was used when the account
holder mentioned that she had self-administered
fenbendazole or had recommended or sometimes guided
others on how to take fenbendazole without physician
consultation.

2. The “reserved” subcategory code was used when the
account holder mentioned that doctor consultation for
fenbendazole self-administration was necessary or that
fenbendazole may only be used for people with specific
health conditions, such as patients with terminal-stage
cancer or when no treatment options remained.

3. The “neutral” subcategory code was used when the video
only introduced the fenbendazole case.

4. The “negative” subcategory code was used when the
viewpoint was the opposite of the positive viewpoint (ie,
the account holder was against the use of fenbendazole).

Finally, our coders reviewed the comments on the videos in
order to understand how viewers responded to the videos and
to validate their coding by determining whether viewers
interpreted the videos as they had been coded.

Influencer and YouTube Video Recommendation
Network
A variety of techniques were used to decipher the
misinformation network. First, the timeline of uploaded videos
was analyzed, and the influencers, in terms of view count and
location in the core of the network, were identified through the
network analysis index, k-core. Second, network diagrams were
drawn in order to locate the influencers in the network. We used
the edge list format to convert the list of video searches and
recommendations into a network matrix of relational data. In
this process, duplicate videos were counted as the value of
network ties. The NetDraw program (Analytic Technologies)
was then used to draw and to analyze the network data [46].
Although the analysis unit of the collected data was a video,
we depicted the network diagram at the channel level for

intuitive understanding, as we were particularly interested in
who formed the core of the network rather than the role of each
video. As the recommendation algorithm of YouTube reflects
the quality of video measured by user appreciation, personal
preference, and diversity [40], it is logical that the channels at
the network’s core exert the most influence on information flow.
Through k-core analysis and multidimensional scaling (MDS),
we were able to determine the network core. k-core is an index
that identifies a highly cohesive region of the entire graph [47].
When the k-core property is combined with the MDS property
that clusters network nodes with comparable relationships to
other nodes, the k-core nodes tend to locate at the center of the
network (ie, the core of network). As the majority of YouTube
videos are viewed as a result of recommendations [44], the core
of the recommendation network is the center of the information
cascade in the dissemination of misinformation.

Third, we investigated the network by examining the ego
networks of institutions’ channels, such as hospitals and news
organizations, to see if they were in the core of the network.
The ego network or egocentric network refers to “a network
based on a particular individual...comprised of all the relations
that a focal agent has with others” [47]. We think the connection
to news media and hospitals in the network is important, as trust
in these institutions is related to the spread of misinformation
[9]. In addition, the news media serve as fact-checking
institutions, and hospitals provide scientific health information
to counter misinformation. Thus, a comparison of both
institutions’ ego networks can help us better comprehend and
analyze the networking pattern between traditional media and
YouTube viewing habits.

Ethical Considerations
This study used publicly available data, which are exempt from
Institutional Review Board (IRB) approval as stated in Article
16 of the Enforcement Rule of Bioethics and Safety Act of
South Korea and Article 13 of its Enforcement Decree. The
legislation specifies that publicly available data are waived from
IRB review, unless they include collection and recording of
sensitive personal information regulated by the Personal
Information Protection Act of South Korea. This study did not
collect any personal information.

Results

Searched and Collected Data
The YouTube API search for the term “fenbendazole” in Korean
returned 702 videos from 227 channels. In total, 90 videos
received over 50,000 views. The videos with more than 50,000
views accounted for 98% of the total view traffic from 702
videos. Regarding recommended videos, 573 videos were
collected because of the recommendation overlaps between the
recommendations from 90 videos. The total number of
overlapping videos was 36.3% (n=327) of the theoretical
maximum number of videos (ie, 90 videos × 10
recommendations each = 900) without any overlap between
recommended videos. The overlap percentage between the
searched results and the suggested videos was 25.6%, as the
suggested videos were not restricted to fenbendazole videos but
reflected the users’ other viewed subjects.
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Self-administered Fenbendazole Videos and Opinions
From Health Professionals
The number of YouTube videos uploaded for the day and the
total number of views for the day’s videos are depicted in Figure
2. These videos are the result of an API search query. The graph
indicates that a significant number of personal videos talking
about self-administration of fenbendazole were uploaded during
the first 6 months after Joe Tippens’ case was introduced.

Interestingly, individuals who self-administered fenbendazole
continued to appear on YouTube following the news reports
about fenbendazole selling out. Although the number of personal
videos dealing with the body’s reaction after self-administration
was not large, the consistency of video uploads was of crucial
importance; it was not repeated exposure to a single source that
confirmed people’s perspectives but multiple exposure to diverse
sources that confirmed their views. Furthermore, these videos
have garnered considerable attention. The top three videos
showing responses to self-administered fenbendazole received
an average of 215,256 views, which is 4 times the average view
count of 50,326 for all 573 videos in the analysis data set. As
these videos reported a favorable self-assessment of
fenbendazole for pain relief and a fall in tumor markers, the
information has virtually become reliable information to
viewers. The top 20 most-viewed videos are listed in Table 1;
8 of these are personal testimonials about how fenbendazole
improved their symptoms.

In addition, some health professionals on YouTube have not
strongly criticized fenbendazole use. This signals to viewers
that it would be worth trying because at least it would not be
toxic. The comments in these videos referred to these health
professionals as “true doctor” [48]. Out of 3 professionals, 2
recommended that patients should consult their doctors before
taking fenbendazole (Table 1), but they also described the role
of other catalysts, such as vitamins, in aiding in the absorption
of the fenbendazole components. As these health professionals
are active physicians—one is a physician practicing internal
medicine and holds a PhD in chemistry, and the other is the
director of the Division of Hematology and Medical Oncology
in a general hospital—people interested in the
self-administration of fenbendazole interpreted this as a positive
signal for taking the medication. For example, the comments
by users in the video by internal medicine physicians included
the following: “an excellent video to know more details. It
helped me making decision between confusing opinions” (ID:
***** Kim, anonymized for privacy protection), “...it was hard
to trust physicians but by listening your heartfelt comments,
my negative trauma is gone today” (ID: ** tree, anonymized),
and “thank you for encouragement as a person taking
fenbendazole with colorectal cancer at stage 4” (ID: ***flower,
anonymized). One other professional—a clinic owner and
radiologist—even advocated for the use of fenbendazole.

Figure 2. The timeline of fenbendazole YouTube videos. MFDS: Ministry of Food and Drug Safety; NCC: National Cancer Center Korea.
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Table 1. The top 20 YouTube fenbendazole videos.

Like

countc, n
View countc, nViewpointbTitle summaryDescriptionaChannelDate (year-

month-day)

33,7022,439,440PositiveIntroduction of Joe TippensFirst video about fenbenda-
zole effect

World Village Maga-
zine TV

2019-09-03

11,8291,708,628NeutralNews Report of IssueNews mediaVIDEOMUG2020-02-18

37,3371,151,984ReservationAlbendazole PossibilityHealth professionalDr. Ezra TV2019-11-04

9196869,433PositiveFinal-Stage Cancer SymptomSelf-administrationJIGUIN2019-10-26

26,729660,420ReservationParasites That Transmit CancerHealth professionalDr. Ezra TV2019-12-11

9529600,257PositiveParasite Shock VisualHashtag trollerChangbal Testing TV2020-01-13

16,738521,487ReservationPersonal ThoughtHealth professionalDr. Ezra TV2019-10-29

10,320477,383PositivePostfenbendazole Personal Re-
view

Self-administrationJIGUIN2019-10-07

—d387,156PositiveMetastatic Cancer and Fenbenda-
zole

Patient taking albendazole

(2 tablets)

KimCell2020-01-02

6694382,838PositivePostfenbendazole Personal Re-
view

Self-administrationAhn2019-10-09

9652382,818PositivePostfenbendazole Personal Re-
view

Self-administrationJIGUIN2019-10-30

6909362,256PositiveSelf-administration of Fenbenda-
zole and Cured

Self-administrationSanchae Story2020-01-10

5562325,478PositivePostfenbendazole Personal Re-
view

Self-administrationJIGUIN2019-10-01

13,376299,936Partially posi-
tive or reserva-
tion

US Government is Testing Fen-
bendazole

Health professionalDr. Ezra TV2019-11-21

8120278,706PositiveAnticancer Anthelmintics?Health professionalMitoTV (doctor)2019-10-09

8838278,395PositiveReply to CommentsSelf-administrationJIGUIN2019-10-05

1534261,328NeutralNews Report on Mr. KimNews mediaSegye Ilbo (newspa-
per)

2020-04-21

7543258,664PositiveCancer Expert ViewSelf-administrationJIGUIN2019-10-24

7009248,907Not applicableParasites and CancerHashtag trollerChangbal Testing TV2019-11-28

3777239,643Negative or
reservation

Expert View on FenbendazoleHealth professionalDr. Nah’s Medical
Talk

2019-09-23

aThe description category is based on the classification of the channel holder.
bThe viewpoint category is based on the attitude toward the self-administration of fenbendazole.
cThe count as of September 21, 2021, the date of data collection.
dNot reported.

YouTube Recommendation Network: Creating a Spiral
Circle of Positivity for Fenbendazole
Self-administration
Figure 3 displays the recommendation video network during
the first 6-month period; the network during the whole year is

displayed in Multimedia Appendix 1. The network demonstrates
that personal videos after the self-administration of fenbendazole
were continuously posted and connected through the
recommendation algorithm.
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Figure 3. Fenbendazole YouTube video recommendation network between September 2019 and February 2020. The default node color is red. The
yellow nodes are the channels where fenbendazole self-administration was conducted. The node size reflects the degree of a node, namely, the number
of connections with other nodes. The tie strength reflects the number of repeated recommendation linkages.

The recommendation network reveals that positive evaluation
videos by individual patients and videos by health care
professionals synergistically promoted the spread of favorable
discourse about fenbendazole. In Figure 3, the first video
explaining the positive effect of fenbendazole self-administration
on cancer is located outside the network. The central position
was taken by one professional video channel—Dr. Ezra
TV—which stated that it is preferable for the Korean
government to allow people to take fenbendazole in order to
collect feasible data rather than warning people, and that it is a
sign of capitalism in a capitalist society that a cheap affordable
medication would not be invested in for cancer treatment. The
Dr. Ezra TV channel was linked to seven video channels about
self-administered fenbendazole in a single step, which means
that personal videos on the body’s reaction to fenbendazole
were directly recommended by the YouTube recommendation
system. The channels with the top 20–highest view counts were
inextricably linked. For example, the Ahn channel and the
JIGUIN channel, along with the Dr. Erza TV channel, were a
tightly connected network group, namely, a network clique.
These two patient channels reported positive outcomes after the
self-administration of fenbendazole in terms of pain reduction
and positive blood test results; albeit they did acknowledge that
it was unknown whether the effect was primarily due to
fenbendazole or was accompanied by other treatments and
procedures.

By contrast, the network of recommendations did not include
any government or authoritative medical channels. Within the
network core, there were two hospital channels; however, it
appears that the channels just mirrored users’YouTube viewing
habits. These channels did not include any content on
fenbendazole. In fact, these two hospitals are the top two
hospitals in terms of the number of cancer patients they treat.
News channels played no role in disseminating “true” pertinent
information. This becomes obvious when the recommendation
network is enlarged to a 1-year time range (Multimedia
Appendix 1) in order to visualize the links between the spiral
of information and news media, as the initial 6-month
recommendation network did not reveal many news media
linkages.

The ego network of two hospitals and three news media outlets
is depicted in Figure 4. The top two diagrams demonstrate how
hospital channels were immediately connected to numerous
video channels about self-administration of fenbendazole via a
single recommendation, whereas news channels were rarely
connected to these. In other words, even if accurate information
is distributed, patients and caregivers engaged in
self-administration are unlikely to be connected to government
and other authentic YouTube medical channels.
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Figure 4. Ego networks of the fenbendazole YouTube recommendation network by institutions between September 2019 and February 2020. The
default node color is red. The yellow nodes are the channels where fenbendazole self-administration was conducted. The node size reflects the degree
of a node, namely the number of connections with other nodes. The tie strength reflects the number of repeated recommendation linkages.

Discussion

Principal Findings
This study delved into one of the cancer misinformation
networks on YouTube. By analyzing the data from searched
and recommended videos, we found that personal videos about
self-administered fenbendazole were continuously uploaded
and accumulated over time as if showing promising evidence
for the use of fenbendazole as a cancer treatment. In addition,
the recommended content network of fenbendazole has become
the infrastructure for confirming the audience’s belief and hope
in fenbendazole as an alternative cancer medicine. Patients are
actively seeking health information over the internet, thereby
increasing their self-efficacy in making treatment decisions and
altering provider-patient interactions [49-52]. As such, the
appearance of supportive professional videos stating that the
use of fenbendazole for cancer is scientifically unknown, but
possibly helpful, may inspire hope and belief among cancer
patients and caregivers who are thinking about
self-administering fenbendazole; these videos may also lead
patients and caregivers to disregard announcements from the
National Cancer Center Korea and the Korean Medical
Association.

Unfortunately, the effectiveness of fenbendazole has not been
established, and other major adverse effects have been observed
[53]. During our investigation, we also found that the YouTube
recommendation network was unrelated to credible medical
knowledge content. Although some hospital channels were,
indeed, connected to the network, it seemed to reflect people’s
viewing habits rather than topics related to fenbendazole.

In summary, while the YouTube content and recommendation
network served as a substantial information source for complex
contagion, medical institutions and government entities were
excluded from the network, and no dialogue from them was
discovered. This resulted in a breakdown of communication
between patients and caregivers, resulting in enormous sales of
fenbendazole tablets.

Strategies to Fight Social Media Cancer
Misinformation
Given YouTube’s role as a hub for complex contagion, three
strategies to fight against social media cancer misinformation
networks are recommended. First, health authorities need to
upload a variety of pertinent information through multiple
channels. This does not necessarily mean the authorities require
multiple channels. They can incorporate existing influencers
and other channels. The objective is to have numerous sources
of exposure in order to disrupt the cascade of misinformation.
A single source will not be sufficient to break the complex
contagion dynamic.

Second, it is imperative that health authorities take into account
YouTube’s recommendation system, current viewing habits,
and information flow network between patients and caregivers.
As illustrated in Figure 4, prominent hospital channels may be
an option, as stakeholders are already engaged in the channels’
content. Adding a new channel would be ineffective, as it would
need to build an audience from scratch.

Third, relying on the news media does not resolve the issue:
health authorities must take an active role in resolving social
media misinformation. The news media, on the other hand, is
frequently constrained by mechanical objectivity and is prone
to report both sides of an argument. Furthermore, those who
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follow the news media are not the target audience for the health
authorities’ message. For example, social media is not the first
preference of individuals who intend to learn from the news.

Limitations
While our investigation exposed YouTube’s cancer
misinformation network, it is not without limits. To begin, the
study’s data were not collected in real time. The real-time data
collection process may have resulted in more concrete
information flow dynamics between YouTube videos. However,
one of the most difficult areas of health communication is the
real-time monitoring system for cancer misinformation. It is
difficult to classify misinformation in advance, before it spreads
on social media, unless a global censorship system is in place
to monitor every conversation. The fenbendazole case in this
study, for example, demonstrates how the unexpected
introduction of a case from a foreign country, such as that of
Joe Tippens, prompted reactions among Korean cancer patients
and caregivers.

Second, the study is country specific and focused on
fenbendazole as a case study. Although we discovered the
insight that the spread of cancer misinformation follows complex
contagion logic in social media, more evidence is necessary to
augment the study’s conclusions. Interviews with people who
have taken fenbendazole, in particular, would be helpful in
determining the intensity of social media influence.

Third, we concentrated on the videos that had the highest
number of views. This excludes individuals who
self-administered fenbendazole but received little attention.
Fenbendazole was extensively used to the extent that it was sold
out at the national level. A future large-scale national-level
investigation will further enrich our understanding of social
media misinformation.

Conclusions
This study contributes to the body of knowledge by including
practice strategies for combating social media cancer
misinformation. By studying the content on YouTube, this study
has attempted to close the knowledge gap between what to do
and how to do it when it comes to delivery of accurate
information via social media. The study proposed a way for
campaigning against misinformation and educating people by
having health policy authorities use the current network of
information flow on YouTube. The study focused on
involvement with the actual information flow network rather
than implementing a conventional one-way communication
strategy, even on social media. This action plan will offer
valuable information, especially for people who rely solely on
online resources, such as social media, and have limited means
of accessing expert health knowledge and information. The
study’s recommendation may not be a comprehensive strategy
for combating misinformation, but it may be one of the most
successful methods for increasing trust between health care
practitioners and stakeholders, such as patients and caregivers.
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Abstract

Background: “Data Saves Lives” is a public engagement campaign that highlights the benefits of big data research and aims
to establish public trust for this emerging research area.

Objective: This study explores how the hashtag #DataSavesLives is used on Twitter. We focused on the period when the UK
government and its agencies adopted #DataSavesLives in an attempt to support their plans to set up a new database holding
National Health Service (NHS) users’ medical data.

Methods: Public tweets published between April 19 and July 15, 2021, using the hashtag #DataSavesLives were saved using
NCapture for NVivo 12. All tweets were coded twice. First, each tweet was assigned a positive, neutral, or negative attitude
toward the campaign. Second, inductive thematic analysis was conducted. The results of the thematic analysis were mapped under
3 models of public engagement: deficit, dialogue, and participatory.

Results: Of 1026 unique tweets available for qualitative analysis, discussion around #DataSavesLives was largely positive
(n=716, 69.8%) or neutral (n=276, 26.9%) toward the campaign with limited negative attitudes (n=34, 3.3%). Themes derived
from the #DataSavesLives debate included ethical sharing, proactively engaging the public, coproducing knowledge with the
public, harnessing potential, and gaining an understanding of big data research. The Twitter discourse was largely positive toward
the campaign. The hashtag is predominantly used by similar-minded Twitter users to share information about big data projects
and to spread positive messages about big data research when there are public controversies. The hashtag is generally used by
organizations and people supportive of big data research. Tweet authors recognize that the public should be proactively engaged
and involved in big data projects. The campaign remains UK centric. The results indicate that the communication around big data
research is driven by the professional community and remains 1-way as members of the public rarely use the hashtag.

Conclusions: The results demonstrate the potential of social media but draws attention to hashtag usage being generally confined
to “Twitter bubbles”: groups of similar-minded Twitter users.

(J Med Internet Res 2022;24(11):e38232)   doi:10.2196/38232
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Introduction

Background
Well-established ways for sharing knowledge with the general
public by researchers include academic publications,
presentations, and media engagement (to name a few). However,
previous research has raised concerns that the communication
between scientists and the public needs to be more accessible
and interactive than traditional engagement activities [1-3].
Public engagement, when it is a 2-way process of sharing,
promoting, and disseminating research to the public [4,5], can
improve trust between researchers and the public [6]. The
growth of social media platforms, such as Twitter, a
microblogging platform (up to 280 characters per post) [7],
offers a more interactive way to engage with the public and can
be particularly useful in promoting engagement around
controversial topics. Twitter provides a less formal and more
dynamic interaction among its users. Posts (tweets) are open to
read for everyone, but only Twitter users can post (tweet) them
(but Twitter is free and easy to sign up to). Users can reshare
original tweets (retweet) with their audience (followers).
Researchers are already active on Twitter to communicate their
work as they can reach the public [8], colleagues in their field
[9], policymakers, and practitioners [10].

One of the key issues in big data research and one subject to a
prolonged public debate is the reuse of medical data for research.
Often called big data, it has the potential to provide novel health
solutions and improve health inequalities [11,12]. Non(re)use
of data can negatively impact health services and research [13].
However, some public members are concerned about how their
medical data are stored, controlled, (pseudo)anonymized, and
reused [14,15]. Public trust and support are needed for big data
projects to continue [16]. However, there remains little public
understanding of big data research [14].

“Data Saves Lives” is a public engagement campaign that
highlights the benefits of big data research, showing how patient
data can be used securely to improve health care [17]. The
campaign tries to build trust between researchers and the public.
It was started by the University of Manchester's Health
eResearch Centre in 2014. Since then, it has expanded outside
the United Kingdom, and in 2019, it was launched in Europe.
The Data Saves Lives European initiative is a multipartner
project led by the European Patients’ Forum and the European
Institute for Innovation through Health Data [18]. The campaign
activities target social media, especially Twitter, using the
hashtag #DataSavesLives. Hashtags allow the linkage of all
posts on the same subject. Any user can use hashtags on Twitter,
and to gain broad coverage, it is recommended to get as many
Twitter users as possible to use the hashtag. However, this also
means that the hashtag’s originators do not control by whom
and how it is used. This can lead to highjacking of the hashtag
by other users, who may use it for a different purpose than
initially intended [19,20].

In 2021, the UK government and its agencies adopted the
hashtag #DataSavesLives to support their plans to set up a new
national database holding National Health Service (NHS) users’
medical data, which could be, in some circumstances, available

for sharing with third parties [21]. The idea was driven by the
COVID-19 pandemic and the recognition that data have the
power to shape and improve health care services [22]. The plan
was to collect 55 million patients' pseudonymized data in
England to be reused (eg, to support services and research).
This received heavy criticism from activists regarding lack of
transparency around informed consent and confidentiality [23].
Patients would have only limited time to opt out of the scheme,
and their consent was mentioned only once in the initial
governmental policy documents [24]. The plan's legality was
challenged, and there were concerns that medical professionals
would refuse to comply by not sharing their patients' data [25].
Poor communication resulted in public concerns around this
new scheme. British media outlets from the Independent to the
Daily Mail described the plan as “controversial” [26,27]. These
attitudes were not new, as a similar (but not linked) project was
abandoned in the past due to negative public opinion [23,28].
Medical professionals had raised concerns about building trust
with the public regarding new government plans. The British
Medical Association and the Royal College of General
Practitioners called for a better public engagement campaign
to alleviate public fears [29]. One and half million people
initially opted out of the scheme [30]. The government deferred
the deadline for the public to opt out of the new database scheme
due to public concerns [31]. Later, the policy was reviewed to
discuss building trust with the public further [32]. The new
governmental policy was published in June 2022 [33]. In
contrast, there have been no such controversies in Europe or
the adoption of #DataSavesLives by European public
institutions.

Previous studies have explored public perceptions of big data
research, but few have examined how online public engagement
campaigns could promote the benefits of big data research. One
paper discussed #DataSavesLives on Twitter, but its coverage
was from September 2016 to August 2017 [34]. Our study
expands on previous research and explores how the campaign’s
hashtag was used when the UK government decided to adopt
the hashtag in its campaign strategy. Thus, we cover the period
of April-July 2021, when there was an ongoing discussion in
news headlines around the newly proposed scheme.

Models of Public Engagement
Science communication as a research area emerges from diverse
fields and offers theoretical underpinnings for how researchers
can engage with the public [3], where the public is understood
as any person in society [35]. We use the terms “public” and
“public members” in this paper as people who do not have a
background in health care or big data research—laypeople.
Three theoretical models of how researchers can engage with
the public exist in the literature: deficit, dialogue, and
participatory [36,37]. These differ in where they locate
researchers or the public in the process of engagement [37].

Deficit Model
The deficit model is the oldest and nowadays heavily criticized
model for being too passive a form of communication [35]. It
is also known as the knowledge transmission model [38] as it
assumes that the public has a limited understanding of the
research, and through engagement, researchers can educate the
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public and explain the complexity of their work, promoting a
researcher-centered model [2,39]. The model theorizes that if
the public is not supportive of the ongoing research, researchers
only need to explain it better to the public [39,40]. Thus, the
underpinning problem is the public’s lack of understanding [3].
The weakness of this model is the ongoing need to educate the
public, which can be only done through a top-down (and usually
1-way) approach, with researchers giving the public information
and telling them how they should understand the issues.
Empirical evidence has shown that the deficit model of
engagement does not change public views toward science [41].

Dialogue Model
The dialogue model was developed in response to the mistrust
the public had in research in general (but particularly in medical
research) and the perceived failure and passivity of the deficit
model to tackle that challenge successfully [40]. The public and
researchers may have different perspectives and can interpret
the same things differently [39]. The dialogue model recognises
the need for an active exchange between researchers and the
public, ensuring 2-way communication [37]. This
communication can improve understanding among both groups
as they can see different perspectives on the same issue. The
dialogue model moves away from researcher-centredness in the
communication process and invites public views on the research.
Public understanding of science is no longer perceived as limited
or inferior to researchers’ (as it was in the deficit model), but
rather, it is perceived to offer a unique view. The model
theorizes that the dialogue can further improve trust if
researchers listen and implement public feedback. The public
will not only understand the researchers’perspectives better but
also be more willing to act upon on their advice [42]. For
example, it might be more willing to take a new medicine or
participate in research.

Participatory Model
Shifting further the power balance between researcher and
public, the participatory model argues for public-centredness
in communication. Researchers and the public discuss the
research agenda, and in contrast to the dialogue model, they
also jointly find solutions. This democratization of the process
has been argued to have the potential to improve the quality of
information and reaching the public [43]. Both groups have

something to gain from this cooperation [37]. In health research,
it would come under the definition of public involvement, where
work is being done together with the public rather than for it
[44]. Growing research shows that public contributors (eg, lay
members) are successfully involved in developing and shaping
engagement of health care services [45].

Research Questions
Underpinned by the (deficit, dialogue, and participatory) models
of public engagement, this study aims to answer the following
research questions:

• How was the hashtag #DataSavesLives used on Twitter as
the UK government adapted the hastag in its campaign
strategy?

• What were the attitudes toward the campaign among Twitter
users using #DataSavesLives?

Methods

Data Collection
Tweets were recorded using NCapture software for Google
Chrome. This web browser extension collects social media data,
such as tweets (including retweets), and imports them directly
to NVivo 12 (QSR International) for analysis. Only public
tweets from the previous week could be recorded. NCapture
does not guarantee that all tweets will be captured at once, as
this depends on Twitter; thus, we captured tweets twice per
week (Tuesday and Thursday) to get maximum coverage. If an
individual tweet is captured twice, NVivo 12 uploads it into the
data set only once. Tweets using the hashtag #DataSavesLives
were captured for 3 months from April 27 to July 15, 2021. This
covered tweets that were posted between April 19 and July 15,
2021. A total of 3638 tweets (including retweets) were collected.
We cleaned the data set in NVivo 12 (see Figure 1). All retweets,
duplicates, tweets consisting only of hastags, spam, and tweets
in languages other than English were removed. After cleaning
the data set, 1026 (28.2%) tweets were used in the qualitative
analysis. Data saturation was deemed to have been reached.
This assumption is based on previous research, which
successfully conducted a qualitative analysis of fewer than 1000
tweets and provided novel insights into the online discussion
through Twitter hashtags [46-48].
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Figure 1. Process of cleaning data sets for qualitative analysis.

Analysis
The analysis was conducted using NVivo 12. NCapture
downloaded tweets as 1 data set to NVivo 12 software, and this
enabled us to visualize the collected data data.

Descriptive statistics were used to summarise the top 40 user
locations, the most active accounts, and the top hashtag used
alongside #DataSavesLives and identify the most prominent
tweet (based on the number of retweets). We included both
tweets and retweets in this analysis to get a broader picture of
all Twitter users using the hashtag.

To understand attitudes toward the campaign aims among
Twitter users, each original tweet was manually assigned a
category as having a positive, neutral, or negative attitude toward
the campaign and big data research. The principles and
techniques found in content analysis guided this process [49].
We jointly created a short description of each category and then
conducted a pilot coding of a sample of tweets during the team
meeting. Based on these discussions, an experienced Twitter
researcher (author PT) systematically coded all remaining
tweets.

Second, we undertook an inductive thematic analysis [50,51].
PT manually coded all tweets, and the team met to identify,
review, and refine themes and choose the quotes representing
them. Our research team is interdisciplinary, we work in and
outside big data research, and 1 author (KF) is based outside
the university, ensuring that we have both insider and outsider
perspectives. Further analysis was carried out by mapping the
thematic analysis results to the public engagement models,
which offer insights into how Twitter users used the hashtag
#DataSavesLives. Previous research has shown that the

engagement techniques can be successfully mapped under these
3 engagement models [36].

Ethical Considerations
The University of Liverpool Ethics Committee (approval no.
9815) granted ethical approval. All captured data are publicly
available online. Following established practice [52,53], when
we used a direct quote, authors (excluding organizations) were
informed and given an option to opt out. No one asked to opt
out, and 1 person requested a copy of the published paper. We
did not include pictures, links, and emoticons.

Results

Descriptive Statistics
Of all tweets (N=3638) published in this period, the top 40
locations (excluding “unknown”) were from the United
Kingdom, showing that the use of the hashtag is still mostly
based in the United Kingdom. Other countries included the
United States, Australia, Germany, Spain, and Belgium (see
Table 1). The discussion was dominated by professionals. Of
the 10 most active accounts using the hashtag (which represents
n=1746, 48%, of all tweets), all were nonindividual accounts,
such as organizations, networks, or public bodies. All public
body accounts were linked to the UK’s NHS (see Table 2).

The most prominent tweet had 56 retweets, and it discussed a
new webinar on big data research and concerns around data
privacy. Some organizations, such as the Health Data Research
UK, regularly promoted the benefits of big data research using
the hashtag [54].

Most of the hashtags used alongside the campaign were neutral
or positive. The top 10 included #healthdata (n=239, 65.8%),
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#covid19 (n=134, 3.7%), #nhs (n=102, 2.8%), #ai (n=101,
2.8%), #healtac2021 (n=91, 2.5%), #digitalhealth (n=89, 2.4%)
#health (n=88, 2.4%), #testmining (n=84, 2.3%) #research
(n=81, 2.2%), and #data (n=65, 1.8%). The negative
anticampaign hashtag #DataGrab, which was used by Twitter

users accusing the UK government of trying to sell their medical
data, appeared 9 times in the whole data set and 5 times in
original tweets, thus rarely appearing alongside
#DataSavesLives, showing little cross-over between these 2
hashtags.

Table 1. Locations of Twitter users using #DataSavesLives (N=3638 tweets).

Tweets, nCountry

2247United Kingdom

76European Union (including Spain, Germany, and Belgium)

56United States

44Australia

Table 2. The 10 most active Twitter accounts using #DataSavesLives.

Type of organization running the accountTweets using #DataSavesLives, n (%)Twitter account

Nonprofit organization480 (13.2)@hdr_uk

Nonprofit organization353 (9.7)@usemydata

Public body261 (7.2)@nhsx

Public body132 (3.6)@nhsdigital

Nonprofit organization125 (3.4)@datasaveslives

Network97 (2.7)@apha_analysts

Network85 (2.3)@uk_healtex

Public body68 (1.9)@economics_unit

Campaign group66 (1.8)@medconfidential

Nonprofit organization63 (1.7)@pioneer_hub

Attitudes
Discussion around #DataSavesLives was largely positive
(n=716, 69.8%) or neutral (n=276, 26.9%) toward the campaign.
There was some sarcasm in the negative attitudes (n=34, 3.3%)
but no dark humor or personal attacks, which has been found
in some other Twitter studies. This shows that the debate was
generally conducted in a professional fashion, contrary to many
politicized social media discussions [28,55,56].

Positive comments included reporting on successful, ongoing,
or future projects that had benefitted the public when using big
data.

The University is partnering with experts from across
the UK to launch a £2m data hub for mental health.
The hub promises to speed up research into mental
health and improve inclusiveness for disadvantaged
groups #MentalHealth #DataSavesLives
[EdinburghUni]

This evidence of public benefit can be seen in examples of how
big data helped the response to the COVID-19 pandemic.

When the pandemic hit in 2020 we urgently looked
at whether we could use routine data feeds to produce
a more rapid cancer data set that would help quantify
the impact of COVID-19 on cancer services. This is
one example of how that work is now being used

# D a t a S a v e s L i v e s  @ P H E _ u k
https://t.co/4Eu1QgxXGm [EllissBrookes]

Twitter users often emphasised how important or relevant was
their work around big data research, thus linking it to the
campaign’s underpinning rationale of showing that the reuse
of medical data can change and even, indeed, save people’s
lives.

Our Hubs are working to improve health data so that
researchers & innovators are better able to use it to
enable discoveries that improve people’s lives!
#DataSavesLives Find out more:
https://t.co/ZKQoaUWSos [HDR_UK]

Often, organizations would quote stakeholders (eg, public
members) to support these statements. There were calls for more
public involvement and better data linkage.

Neutral tweets shared job opportunities, information about
upcoming conferences, webinars, or new publications and asked
people to participate in surveys or studies on big data research.

Hear from a super panel of speakers on Tues 25 May
10:00 -11:30 - A researcher’s journey to accessing
patient data. #datasaveslives #admindata
[SCADR_data]

Negative tweets did not always take issue with the campaign
itself but raised concerns about the lack of public trust in the
opt-out deadline for the new UK database scheme. Others picked
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up on wording used in the hashtag and pointed out that the
hashtag only appeals to professionals, not the public, and uses
emotions to try to generate public support.

It's the wholly presumptuous nature of this scheme
that is so abhorrent in my mind #DataSavesLives' the
classic 'appeal to emotion' rolled out time and again
as dogma in an attempt to upend logic #DataAsAsset
is clearly much closer to reality [griffglen]

Thematic Analysis
We constructed 5 interlinked themes divided into 5 subthemes
(Table 3) to illustrate how the debate around #DataSavesLives
appears on Twitter. Figure 2 presents these key connectors and
relationships between subthemes. We present the themes under
the public engagement models of deficit, dialogue, and
participatory.

Table 3. Themes and subthemes derived from the #DataSavesLives debate on Twitter through reflexive thematic analysis.

SubthemesThemes

Ethical sharing • Trust and transparency
• Protecting individuals' rights

N/AaProactively engaging the public

N/ACo-producing knowleadge with public

Harnessing potential • Excitement
• Space for improvement
• Resonating motto

N/AGaining an understanding of big data research

aN/A: not applicable.

Figure 2. Key connectors and relationships between themes and subthemes.

Deficit Model

Harnessing the Potential

Tweet authors on the whole thought that big data has the
potential to offer benefits to patients (eg, in the development of
new medicines). Harnessing the potential of big data is visible
in the following 3 subthemes: excitement, space for
improvement, and resonating motto. The COVID-19 pandemic
is present here but only as an additional argument for the claim
that big data research is helpful for tackling new challenges.

Excitement

Tweet authors were often excited to announce new research
projects and share study results (especially when showing how
it has made some fundamental change or had the potential for
real-life impact). Some of the tweets included authors who are
passionate about the subject and others who were excited to
participate in new studies. The researchers’ success was
recognized and noticed by the broader research community (eg,
receiving an award). Other tweets refer to upcoming events
where authors were publicizing their next presentation (this
refers to both single events or conferences).
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This is one of the most exciting pilots I've seen up
close. How we can link patient data, what the analysis
tells us and how we can provide evidence to make
change for patient benefit. #datasaveslives
[SarahM_Research]

Resonating Motto

Underpinning the campaign's motto is the argument that linking
data and big data research saves and improves people's lives.
This was a resonating motto, with many tweets about how the
usage of medical data made an impact and provided new
solutions. Tweets were either generic (relating to the benefits
of big data research in general) or referred to specific research
projects (both completed and ongoing).

'Data makes the unknown known' @margaretgrayson
@useMYdata @NHSConfed #NHSReset
#datasaveslives [ConyersRebecca]

Space for Improvement

Tweets also argued for some changes to ensure the maximum
benefit of big data. There were calls for more investment in big
data research infrastructure, showing that big data research is
still developing.

Predictive data modelling could lead to better
humanitarian outcomes, but we are missing half the
data needed. Time to act! #DataSavesLives.
[Enovacom_en]

Twitter users also recognized that some of these changes had
to happen soon to offer more benefits from research.

Ahead of a crucial @G7, @NMRPerrin argues for
the urgent need for better coordination across the
g loba l  da ta  shar ing  landscape
https://t.co/aw8Apgw5Ku #datasaveslives
@GS_Humphreys @royalsociety @GloPID_R
[ICODA_research]

Gaining an Understanding of Big Data Research

This theme is about reaching others (including the public but
primarily other professionals, policymakers and researchers)
and offering an opportunity to learn more about individual
projects.

The hashtag offered an opportunity to call people to action, to
apply for job openings (mostly research related), and to welcome
new team members. Some tweets asked other researchers to
support big data research or answer ongoing consultations or
surveys.

Only a few days left to apply for this! Working with
a great team enabling the #HealthData infrastructure
to support #COVID19 #research. Secondments
welcome, remote working too so location flexible.
#HealthData #DataSavesLives [LaraEdw001]

This illustrates how the hashtag was used among similar-minded
people to publicize new opportunities and events.

Tweets also allow readers to learn more about big data projects,
attend events, follow online chats, and read recent blogs or

papers. This is mostly passive and focused on dissemination
rather than engaging.

Check out this thread from @HDR_UK with examples
of how #DataSavesLives being added throughout June
[NIHRresearch]

Dialogue Model

Ethical Sharing

The need for ethical, safe, and lawful sharing of data in big data
research and the importance of doing it right were a prominent
theme in the data. Two subthemes deal with key aspects of
achieving these aims: protecting individuals' rights, and trust
and transparency.

Protecting Individuals' Rights

There is agreement that big data research offers new
opportunities for innovation. However, the impact on individual
rights remains the main concern. This was particularly around
how the data are used, who has access, how secure it is, and
whether patients could be identified. Many organizations attempt
to reassure people by telling them that any data usage is secure
and transparent.

There were concerns that health data could be sold to private
companies to make a profit. Some tweets linked that concern
with people's decisions to opt out in the United Kingdom from
using their medical data for research. Some admitted that the
public has not been properly or sufficiently engaged around and
about these issues.

@Axelheitmueller, you're completely correct, the
benefits of data sharing are immense for the health
of our nation. For some reason there's a narrative
that we intend to make a profit from data. This is
simply not the case. We do not, and we will not sell
data! #datasaveslives [simonrbolton]

Trust and Transparency

Associated with individual rights are trust and transparency,
which underpin public support for big data research. Tweet
authors argued that public trust is essential for big data research
to succeed and that the processes of data sharing have to be
transparent and follow well-established principles. Otherwise,
it risks undermining public support as the public will lose
confidence. There have been comments within the UK context
that recent political events have undermined that trust, which
is also shown by the hashtag #DataGrab. Trust and transparency
are perceived as the building blocks of successful research
projects and are often the rationale that underpins public
engagement.

Sharing my data can aid research needed to improve
health care for myself and others with chronic illness.
However, there does need to be clearer reassurance
that data won't be misused so that individuals can
make an informed choice. #GPDPR #nhsdataoptout
#DataGrab #datasaveslives [LucindaH19]
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Engaging the Public

There was a push in the tweets to have better engagement with
the public and encourage conversations about big data research.
Some approaches to this included avoiding jargon and ensuring
that events are free to attend. There was also some media
engagement as Twitter users shared links where researchers
took part in media interviews. In addition, media outlets were
tagged as Twitter users tried to catch their attention. These
engagement activities are intended to help the public understand
the value of big data research better. However, if they limited
themselves to only explaining big data research to the public,
they could be seen as following a deficit model of engagement,
with its associated limitations.

Health data research can be confusing sometimes
and full of buzzwords and jargon. This article clearly
explains how health data is used and why it's so
important. If you donate your data to health research
you could help improve future health care.
#DataSavesLives #DataScience [genscot]

Participatory Model

Coproducing Knowledge With the Public

Public contributors could be successfully involved in big data
research. These are public members who actively contribute to
research projects, ensuring that research is conducted with and
not to or about them. Views on how much the public should be
involved differed. Some tweets explore the active role of the
public in studies as public contributors, whereas others focus
only on reaching people and showing them the benefits of big
data research (as shown in the previous theme, proactively
engaging the public).

Tweets refer to involving public members in big data projects.
In this theme, there is a call for more public involvement. Tweet
authors showed examples of how involving the public as active
contributors had a positive impact on their research.

There were calls for more public control, thanking patients for
sharing their medical data for research (not opting out), and
recruitment calls for new public contributors in big data projects.

None of this would be possible without our Data Trust
Committee – the diverse and inclusive group of
patients and members of the public, who review every
data access request and make decisions based on the
Five Safes and, ultimately, the public's best interest.
#datasaveslives [useMYdata]

It is also important to involve patients in developing
registries or data collections. Also citizens, because
they produce the data and therefore, as owner of the
data, they should have a seat on the “Datatable” too.
#patientsinvolved #datasaveslives #MTF2021
[Birgitpower]

Discussion

Principal Findings
This study explored how #DataSavesLives was used on Twitter.
The findings clearly show that the debate was mostly positive

toward the campaign. This is not surprising as most participants
were organizations, academics, and institutions that work in big
data research. Our findings confirm previous research on the
#DataSavesLives hashtag—that it is being used to identify
similar-minded projects around big data and to spread positive
messages toward big data research, particularly when there are
public controversies [34].

We mapped the results of our thematic analysis into models of
public engagement. This showed that the largest number of
themes were within the deficit and dialogue models and only 1
theme was included in the participatory model. Each model has
its uses, and a hierarchy is not necessarily the most useful way
to understand them [37]. The public engagement campaign can
be placed within all of these models [39]. However, if the
campaign wants to improve trust with public members, more
active exchange with the public is needed. This can be achieved
by moving more campaign-related activities into activities that
would conform with the dialogue or participatory models. One
way of doing this is to engage more Twitter users to participate
in active discussion online. Previous research has shown that
Twitter can accommodate a vibrant debate around challenging
topics [57]. How Twitter users used the hashtag
#DataSavesLives is not a new phenomenon in Twitter
discussions about science. For example, a study that explored
science festivals found that organizations mostly focus on
distributing information and only a smaller part of the Twitter
activity is actually interactive [58].

The hashtag usage remains limited to similar-minded Twitter
users—a Twitter bubble. The results indicate that
communication around big data research is driven by the
professional community and research remains 1-way because
the public rarely uses the hashtag. This confirms previous
research showing that government science organizations do not
fully use the potential of social media to engage with the public
[59]. Within this data set, there was only a limited appearance
of negative hashtags, such as #DataGrab (n=5), which was used
during the UK debate on the new database scheme. This elicits
questions about how successful the campaign is in achieving
its goals of engaging with the public. The campaign messages
do not target any seldom-heard communities but rather focus
on researchers and professionals. Twitter bubbles are not a new
phenomenon, and Sunstein [60] describes them as an “echo
chamber” that amplifies the already existing beliefs of Twitter.
However, despite public members not using the hashtag
themselves, it does not exclude the possibility that they are
exposed to these messages, as research [61] has shown that
researchers with over 1000 followers on Twitter have diverse
followers (eg, media representatives and public members). The
#DataSavesLives campaign shares many aspects of 1-way
communication and remains in the deficit engagement model.
However, many engagement campaigns have limited interaction
with the public at the beginning but can improve over time [39].
Thus, based on previous research, the campaign has potential
to develop.

The campaign was relaunched in Europe in 2019, but there were
only 4 Tweets in languages other than English. Our findings
indicate that the campaign remains UK centric as the most active
Twitter accounts are based in the United Kingdom. The high
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activity of the government-run UK organizations poses the
question whether the hashtag and campaign could continue on
Twitter without their involvement. The use of #DataSavesLives
remains limited on Twitter. However, this can be explained by
the type of messages published online. Most were positive or
neutral toward the campaign, whereas the negative emotions
on social media spread faster than the positive emotions [62].
This should not encourage Tweet authors to start appealing to
negative emotions but rather recognize the limitations of the
positive engagement campaign.

Ethical challenges and issues of trust and transparency around
big data research remain a concern for the public [63]. In 2014,
NHS England launched a promotional campaign showing how
medical records would become part of a larger database. The
project called Care.data was controversial, and a previous study
explored the #caredata controversy on Twitter [28]. At that time,
there was a distinct lack of public engagement or involvement
in big data projects. There now seems to be a clear recognition
that the public should be proactively engaged and involved in
discussions about big data projects. There is an improvement
in how professionals and organizations perceive public
involvment. According to Tweet authors, the public can be
involved at various points. Some suggest only explaining the
benefits of big data research, while others call for and present
examples of having public contributors involved in research
(eg, governance). Limited the public understanding of the use
of big data remains 1 of the largest challenges [64], and more
engagement could, arguably, improve this situation.

Based on our research findings, PT participated in a Tweet chat
hosted by the European Patients’ Forum as part of their regular
conversations around big data research on Twitter. We hoped
that this would allow more online engagement within the
dialogue model. The discussion considered the online movement
and how social media is spreading the campaign's message [65].
We found it beneficial to present our research, discuss the
emerging findings, and engage with Twitter users who had used
the hashtag #DataSavesLives. This was an opportunity to talk
to the people involved in running the campaign about what they
thought the future of the campaign might be. The public member
contributing to the discussion pointed out the need for more
actively involving the public around big data research. This
further confirmed our findings and the need for researchers to
shift engagment to dialogue and participatory models.

Limitations
Organizations in the United Kingdom were the main authors of
downloaded Tweets. This limits our understanding of how much
the results of our study reflect public attitudes toward the

campaign and questions whether the public is actually aware
of it. Twitter offers limited demographics about its users. Some
data, such as location, were unknown (eg, online location
appeared as the third-most popular location, used by 7.6% of
Twitter users) or included 2 or more countries. In addition,
because some demographic data were unavailable, we cannot
say whether the usage differs among different age groups or
other attributes.

The activity of an automated Twitter account, a bot, can
influence Twitter traffic. A bot aims to create tweets and
retweets to expand the coverage of their messages. We manually
coded the data set and did not notice this kind of activity, but
this does not guarantee that it was not there.

Data collection took place when there were new database
scheme controversies in the United Kingdom, which could have
influenced some traffic and messages. Future research should
check whether the Twitter discussion has shifted depending on
the context. Our study explored only usage of #DataSavesLives
in English, but it is also available in German as
#DatenrettenLeben. Our study focused on Twitter, the main
microblogging platform, where users often discuss contentious
or political topics. However, the hashtag is also available on
other social media (Facebook and Instagram), and future
research could explore whether engagement there differs from
Twitter. Other research could also focus on negative hahstags
toward sharing routinely collected health data, such as the
already mentioned #DataGrab.

Conclusion
This study shows how Twitter users used #DataSavesLives
when the hashtag was adopted by the UK government and
during the UK domestic controversies around data linkage and
sharing. There are growing expectations from funders that
researchers will engage with the public. Social media campaigns,
such as #DataSavesLives, may offer an opportunity to further
this goal. This study expands our understanding of the
#DataSavesLives campaign. The results demonstrate the
potential of social media and recognizes the need for engaging
with a wider range of opinions and different Twitter
constituencies. Thus, researchers need to identify new ways of
actively engaging a wider range of the general public. There is
a need to move engagement activities from a deficit model to
dialogue and participatory models that include active 2-way
engagment between researchers and public members and
genuinely include the public in meaningful involvement. Future
research could explore whether and how Facebook and
Instagram users use the hashtag.
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Abstract

Background: Little cigars and cigarillos (LCCs) are popular tobacco products among youth (ie, adolescents and young adults).
A variety of LCC-related promotional and user-generated content is present on social media. However, research on LCC-related
posts on social media has been largely focused on platforms that are primarily text- or image-based, such as Twitter and Instagram.

Objective: This study analyzed LCC-related content on TikTok, an audio and video–based platform popular among youth.

Methods: Publicly available posts (N=811) that contained the LCC-related hashtags #swishersweets or #backwoods were
collected on TikTok from January 2019 to May 2021. Metadata were also collected, including numbers of likes, comments,
shares, and views per video. Using an inductive approach, a codebook consisting of 26 themes was developed to help summarize
the underlying themes evident in the TikTok videos and corresponding captions. A pairwise co-occurrence analysis of themes
was also conducted to evaluate connections among themes.

Results: Among the 811 posts, the LCC presence theme (ie, a visible LCC) occurred in the most prominent number of posts
(n=661, 81.5%), followed by music (n=559, 68.9%), youth (n=332, 40.9%), humor (n=263, 32.4%), LCC use (n=242, 29.8%),
flavors (n=232, 28.6%), branding (n=182, 22.4%), paraphernalia (n=137, 16.9%), blunt rolling (n=94, 11.6%), and price (n=84,
10.4%). Product reviews had the highest engagement, with a median 44 (mean 2857, range 36,499) likes and median 491 (mean
15,711, range 193,590) views; followed by product comparisons, with a median 44 (mean 1920, range 36,500) likes and median
671 (mean 11,277, range 193,798) views. Promotions had the lowest engagement, with a median 4 (mean 8, range 34) likes and
median 78 (mean 213, range 1131) views. The most prevalent themes co-occurring with LCC presence were (1) music (434/811,
53.5%), (2) youth (264/811, 32.6%), (3) humor (219/811, 27%), (4) flavors (214/811, 26.4%), and (5) LCC use (207/811, 25.5%).

Conclusions: LCC-related marketing and user-generated content was present on TikTok, including videos showing youth
discussing, displaying, or using LCCs. Such content may be in violation of TikTok’s community guidelines prohibiting the
display, promotion, or posting of tobacco-related content on its platform, including the display of possession or consumption of
tobacco by a minor. Further improvement in the enforcement of TikTok community guidelines and additional scrutiny from
public health policy makers may be necessary for protecting youth from future exposure to tobacco-related posts. Observational
and experimental studies are needed to understand the impact of exposure to LCC-related videos on attitudes and behaviors related
to LCC use among youth. Finally, there may be a need for engaging antitobacco videos that appeal to youth on TikTok to counter
the protobacco content on this platform.

(J Med Internet Res 2022;24(11):e42441)   doi:10.2196/42441

KEYWORDS

cigarillo; little cigar; social media; TikTok; video; cigar; cigarette; smoker; smoking; tobacco; social media; content analysis;
youth; young adult; adolescent; user generated content
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Introduction

Little cigars and cigarillos (LCCs) comprise over 97% of the
US cigar market and are popular among youth (ie, adolescents
and young adults) [1]. In 2021, LCCs were the third most-used
tobacco product among US adolescents, with 5% reporting
having used cigars in their lifetime [2]. The popularity of LCCs
has been partly attributed to tobacco industry marketing that
promotes a wide range of available flavors [3,4], a lack of
minimum pack size requirements, price, and fewer sales
restrictions than on cigarettes [4,5]. Research has shown that
LCCs are associated with an increased risk of nicotine addiction
and preventable chronic diseases, including cancer and heart
disease [6,7].

A variety of content related to flavored LCCs exists on social
media. Despite restrictions on marketing and sales of flavored
cigar products in the United States [8] and restrictions on
advertising of tobacco products on social media [9,10], platforms
popular among adolescents [11,12] host direct ads from tobacco
brands or promotional tobacco content from microinfluencers
[13-16] (eg, models, bloggers, and brand ambassadors) who
typically post on behalf of tobacco brands. Studies have
demonstrated that promotional content from influencers may
be perceived as more trustworthy than traditional advertising
(eg, banner ads), since content created by influencers may be
perceived as more authentic [17,18] than direct marketing.
Exposure to tobacco-related content from such trusted sources
may increase susceptibility to the use of tobacco products among
social media users, including youth.

Prior research has demonstrated that LCCs are often discussed
on social media in the context of music (eg, rap or hip-hop
lyrics), humor, and other forms of entertainment; these are
positive experiences that could normalize tobacco use among
youth [5,19-22]. For example, research has shown that if
adolescents observe friends, acquaintances, or influencers using
tobacco products on social media and appearing to be happy
and popular, they may perceive tobacco use as a behavior to
emulate [23].

Research to date on LCC-related content on social media has
mostly focused on text-based platforms like Twitter and
image-based platforms like Instagram [5,19-22]. Missing from
this literature is a comprehensive investigation of LCC-related
content on emerging social media platforms, like TikTok. Only
one study, to our knowledge, has analyzed promotional content
for large cigars and Swisher Sweets on TikTok posted in 2016
through 2020 [16]. TikTok is one of the most popular
video-sharing social-networking platforms among youth
[12,24,25]. Posts on TikTok are short (typically less than a
minute long) video clips often created and viewed by youth.
Among TikTok users, 25% are between the ages of 10 to 19
years [24]. Due to its relatively younger user base, TikTok
prohibits not only promoting but also posting any
tobacco-related content or displaying the possession or
consumption of tobacco by a minor [9]. However, despite these
restrictions, the platform does contain promotional and
user-generated tobacco-related content, including for LCCs
[16,26], that could be accessible to youth. Although TikTok

announced that content showing the use of tobacco products
would not be eligible for recommendation by the platform’s
algorithm to its users [27], the effectiveness of this policy
remains unknown.

The goal of this study was to collect and characterize recent
(2019-2021) posts about LCCs on TikTok. We used a detailed
codebook that included 26 themes to conduct this content
analysis. We documented the presence of videos featuring
adolescents and young adults using LCCs and compared the
prevalence of and user engagement with themes normalizing
risky behavior (ie, showing LCC use as a fun experience) versus
themes criticizing or warning others about the consequences of
risky behavior (ie, showing negative health consequences of
LCC use). Lastly, we described the presence of LCC marketing
themes, including the promotion of flavors. This study provides
evidence to keep the public health community abreast of an
important tobacco-related issue at the intersection of social
media and tobacco control.

Methods

Data Collection
TikTok data were collected by scraping (ie, electronically
copying) publicly available posts that contained the hashtags
#swishersweets or #backwoods. Similar hashtags have been
used in prior research [5,19,21] and were chosen based on their
high audience engagement compared to other LCC-related
hashtags on TikTok. Prior to data collection, #swishersweets
had 1.6 million views and #backwoods had 2.5 million views,
while #blackandmild had 345,000 views.

A total of 1570 URLs were initially stored in a csv file.
Metadata, which included the numbers of likes, comments,
shares, and views per video, were also recorded. The study
period ranged from January 2019 through May 2021. A total
of 91% (1429/1570) of videos were posted in 2020 or 2021 and
9% (141/1570) in 2019.

The research team worked collaboratively to become familiar
with the data and developed a codebook based on an inductive
approach. The goal of this approach was to condense the raw
audiovisual data into a summary format and report the
underlying themes that were evident in the data. The unit of
analysis was the post (ie, the TikTok video and the
corresponding caption).

To establish interrater reliability, 2 coders analyzed a subsample
of Backwoods-related posts (n=200), with percentage agreement
ranging from 78% to 100%. Two additional coders analyzed a
subsample of Swisher Sweets–related posts (n=149), with
percentage agreement ranging from 81% to 99%. The senior
author (JPA) served as the arbitrator and resolved disagreements.
Four coders then analyzed all videos in the data set (N=1570)
to document the presence or absence of each theme. If a theme
was present in a post (ie, displayed or mentioned in a video,
text overlay, or corresponding caption), it was coded as “1”;
otherwise, it was coded as “0.” Each post could contain more
than one LCC-related theme.
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There were 358 inaccessible posts at the time of content analysis.
To understand why such posts were inaccessible, the coders
documented the apparent reason a post was no longer publicly
available. These posts could have been taken down by TikTok’s
content moderators, as indicated by the message “Video
currently unavailable.” If the video was directly removed by
TikTok, it was an indication that the platform was enforcing its
community guidelines prohibiting tobacco-related content [28].
Posts could also have been made unavailable by the content
creator due to changes in privacy settings, as indicated by the
message “The account is private.” These posts were not included
in the analytic sample. Additionally, posts coded as
non–tobacco-related (n=401), such as videos with the hashtag
#backwoods that showed wood paint or clothing dye, were also
excluded as being irrelevant to the study, resulting in a final
analytic sample of 811 posts. In this sample, the research team
examined the proportion of each LCC-related theme and
engagement with it, defined as the average (ie, arithmetic mean)
and median numbers of likes, shares, comments, and views.
Since the numbers of shares and comments were low for all
categories, only the numbers of likes and views are reported.

To evaluate connections across themes (ie, the frequency with
which each pair of themes was present in a single post), with
the goal of uncovering the contextual complexities of a post,
pairwise co-occurrence analyses were used. To visualize a
co-occurrence matrix containing the counts of co-occurrences
of themes, the igraph package in R (version 1.2.6; R Software
Foundation) was used. Themes related to positive or negative
health effects and addiction, restrictions on LCC use by
adolescents, and the “other” theme were either absent or only
represented by <1% of the videos and were excluded from the
co-occurrence analysis.

Ethics Approval
The University of Southern California Institutional Review
Board approved all study procedures (UP-21-00135). Usernames
of the content creators were not collected for this study.

Results

The final codebook contained 26 themes (described in Table 1)
that included entertainment, LCC product presence or use,

presence of youth (ie, individuals who appeared younger than
30 years) in the videos, LCC product characteristics (flavors,
packaging, tobacco wrap, and price), marketing and sales, user
testimony, positive or negative health effects of LCC use, and
addiction. Examples for each theme, represented by paraphrased
quotes or descriptions of the videos, are provided in Multimedia
Appendix 1.

The prevalence of the themes in TikTok videos with the
#backwoods and #swishersweets hashtags are shown in Table
2. The most prominent themes in the videos (N=811) were LCC
presence (ie, LCC products were shown, as opposed to only
discussed; n=661, 81.5%); music (n=559, 68.9%); youth
displaying, discussing, or using LCCs (n=332, 40.9%); humor
(n=263, 32.4%); LCC use (n=242, 29.8%); flavors (n=232,
28.6%); branding (ie, LCC logos; n=182, 22.4%); paraphernalia
(n=137, 16.9%); blunt rolling (n=94, 11.6%); and price (n=84,
10.4%). The least prevalent themes (ie, restrictions on LCC use
by adolescents, other, health warnings, and risk-taking) were
present in <1% of the videos for each category. Themes related
to positive or negative health effects and addiction to LCCs
were absent in the analytic sample (since they were present in
videos that were removed by TikTok content moderators or had
been made private by users at the time of content analysis).

Among themes identified in more than 1% of the videos in the
sample, product reviews had the highest engagement, with a
median 44 (mean 2857, range 36,499) likes and median 491
(mean 15,711, range 193,590) views; followed by product
comparison, with a median 44 (mean 1920, range 36,500) likes
and median 671 (mean 11,277, range 193,798) views; negative
sentiment, with a median 44 (mean 983, range 36,500) likes
and median 429 (mean 7545, range 193,790) views; and positive
sentiment, with a median 37 (mean 485, range 4095) likes and
median 563 (mean 4128, range 27,898) views. Promotions had
the lowest engagement, with a median 4 (mean 8, range 34)
likes and median 78 (mean 213, range 1131) views (Table 2).

As shown in Figure 1, the prevalent co-occurring themes with
the LCC presence theme were music (434/811, 53.5%), youth
(264/811, 32.6%), humor (219/811, 27%), flavors (214/811,
26.4%), and LCC use (207/811, 25.5%). Figure 1 in high
resolution is available in Multimedia Appendix 2.
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Table 1. LCC-related themes identified in TikTok videos collected with the hashtags #swishersweets and #backwoods. Videos unrelated to tobacco
were excluded from the analytic sample.

DefinitionTheme

Entertainment

Video that has a sarcastic tone, is satirical, or contains pranks, parody, or jokes (this may include memes—graphics or
images that encapsulate a concept or catchphrase)

Humor

Song including a chorus or instrumentalsMusic

Performing tricks with smokeSmoke tricks

References to rap, hip-hop, or celebrity endorsements (eg, Snoop Dogg or Cardi B)Pop culture

Product presence or use

Visible LCC product packaging, product wrappers, or products displayed on a table, with or without product use; other
tobacco products may be present along with LCCs (videos without the presence of actual products, such as those with
people discussing, but not showing, LCCs or smoke clouds, were not included in this category)

LCCa presence

Self-reported or visible LCC use, including puffing, hitting, rolling, and blowing smoke or an individual holding an LCCLCC use

Blunt making (ie, the hollowing out of an LCC and refilling it with cannabis)Blunt rolling

Use of an LCC in combination with other substances, such as other tobacco products, alcohol, marijuana, or other illicit
drugs

Polysubstance use

Youth

Presence of young people (ie, a person in the video appears younger than 30 years)Youth

Use by adolescents of LCCs during or after school hours on school grounds, possibly combined with disciplinary action
from parents, schoolteachers, or other authority figures for using, or attempting to purchase, tobacco (before reaching the
legal minimum age of 21 years)

Restrictions on LCC
use by adolescents

Product characteristics

Visible flavored LCC products, including flavor names on product packagingFlavors

Unboxing or removing items from their packaging and showing them to viewersProduct review

Showing or discussing LCC prices, including their affordabilityPrice

Marketing and sales

Visible LCC logos on merchandise, apparel, and accessories, including, but not limited to, matches, lighters, and ashtraysBranding

Discussing free products, discounts, or coupons (posts in this theme may contain URLs or provide a store’s physical address
or other contact information)

Promotions

User testimony

Expressions of dissatisfaction with LCCs or disdain for their use (this may include descriptions of the product’s quality,
burning speed, or dislike of the flavors)

Product sentiment
(negative)

Expressions of approval of an LCC (this may include descriptions of the product’s quality, burning speed, or enjoyment
of the flavors)

Product sentiment
(positive)

Comparisons between more than one LCC product (ie, one product being better or worse than another)Product comparison

Positive or negative health effects and addiction

Discussions of addiction to nicotine because of LCC use (these posts may demonstrate a person expressing cravings for
or a desire for LCCs)

Addiction

Expressions of concern about the health effects or adverse effects of LCC use, including lung failure, tongue discoloration,
and cancer (these videos may contain scenes of a physician or medical provider offering medical advice; they do not include
videos showing the nicotine warning label often seen on tobacco packages)

Health warnings

Quitting nicotine or giving up LCCsCessation

Participating in a dangerous behavior to obtain or use an LCC (this may include cliff diving into a lake, sticking an arm
into a vacuum, or inducing vomiting or other forms of self-harm)

Risk-taking

Other themes

Visible LCC-related materials, such as matches, lighters, and ashtrays, that may or may not include LCC brand logosParaphernalia

Videos showing groups of people (more than 3)Crowds/socializing

Tobacco-related posts that do not naturally fit into the abovementioned themesOther
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DefinitionTheme

Content unrelated to tobaccoNontobacco

Post removed by TikTokVideo currently unavail-
able

Post made private by a content creatorThe account is private

aLCC: little cigars and cigarillos.

Table 2. Prevalence of themes featured in TikTok videos discussing the #backwoods and #swishersweets hashtags related to little cigars and cigarillos
(N=811).

Views, meanViews, medianLikes, meanLikes, medianVideos, n (%)Themes

Entertainment

247822825715559 (68.9)Music

673232262420263 (32.4)Humor

38431896941254 (6.7)Smoke tricks

28222475492041 (5)Pop culture

Product presence or use

252924221716661 (81.5)LCCa presence

236520429912242 (29.8)LCC use

42292252801694 (11.6)Blunt rolling

34382772672570 (8.6)Polysubstance use

Youth

491729848321332 (40.9)Youth

2474301112244 (<1)Restrictions on LCC use by adolescents

Product characteristics

370822535018232 (28.6)Flavors

15,71149128574413 (1.6)Product review

39942645642384 (10.4)Price

Marketing and sales

660220495315182 (22.4)Branding

213788413 (1.6)Promotions

Other themes

10,619206156413137 (16.9)Paraphernalia

94622928810 (1.2)Crowds/socializing

38638611111 (<1)Other

User testimony

75454299834449 (6)Product sentiment (negative)

41285634853727 (3.3)Product sentiment (positive)

11,27767119204423 (2.8)Product comparison

Positive or negative health effects and addiction

00000 (0)Addiction

18718716161 (<1)Health warnings

00000 (0)Cessation

735973591071071 (<1)Risk taking

aLCC: little cigar or cigarillo.
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Figure 1. Co-occurrence of themes in little cigar or cigarillo–related videos on TikTok (N=811). The size of the circles represents the frequency with
which the theme occurred. The proximity of the circles and the width of the lines represent the frequency of pairwise theme co-occurrences. LCC: little
cigar or cigarillo.

Discussion

Principal Findings
We conducted a content analysis of TikTok videos featuring
LCCs and found that imagery of LCCs was present in most of
the analyzed videos. Many videos featuring LCCs had music
and humor. Videos showing LCC use; youth displaying,
discussing, or using these products; flavored LCCs; and LCC
brand names and logos were also prevalent.

Entertainment-Focused LCC Videos Featuring Youth
Entertainment-related themes (eg, music or humor) have been
documented in prior research on LCC-related content on social
media [5,16,19-22]. In this study, we created a codebook with
nuanced categories to assess the context in which LCCs were
discussed, displayed, or used by individuals who appeared to
be younger than 30 years. We demonstrated that young-looking
individuals in TikTok videos often displayed, discussed, or used
LCCs while singing, dancing, or making jokes, potentially
normalizing LCC use on social media [23]. At the same time,
videos focused on health-protective behaviors, such as health
warnings or cessation messages, were rarely observed. Thus,
TikTok appears to be a platform that commonly shows risky
health behaviors in an entertainment-focused context, exposing
youth to harmful tobacco-related content [3,4].

Flavored LCC Products
LCC flavors appeared quite frequently in the videos analyzed
in this study. In April 2022, the US Food and Drug
Administration proposed a product standard to prohibit all
“characterizing flavors” (ie, flavors other than tobacco) in cigars

to protect public health, decrease tobacco-related health
disparities, and advance health equity [8]. However, flavored
cigars continue to command a substantial share of the cigar
market, and this study demonstrates that they are commonly
depicted and advertised on social media, further exposing youth
to harmful products.

Marketing and Sales of LCC-Related Content
Among themes related to marketing and sales, only branding
with LCC logos was frequently observed in this study. Videos
showing promotional LCC content, including product offers
with discounts, coupons, or free samples, were less commonly
observed, (unlike, for example, LCC-related content on
Instagram [5], where promotional posts are frequent).
Promotional videos also had low user engagement, with median
and mean numbers of likes and views that were among the
lowest in the data set. This finding can be explained by prior
research on tobacco that demonstrated that sponsored content
is perceived by social media users as less authentic, and
consequently less engaging, than organic user-generated content
[17].

TikTok Policy Related to Tobacco Content
TikTok is now one of the most-used platforms by adolescents
and young adults, having surpassed Instagram in popularity
among adolescents [12,24]. In 2021, 63% of Americans between
the ages of 12 and 17 used TikTok on a weekly basis, compared
to 57% for Instagram [11]. Despite TikTok’s community
guidelines prohibiting the display, promotion, or posting of
tobacco-related content on its platform, including videos
showing the possession or consumption of tobacco by a minor
[9], this study demonstrated that videos showing LCCs were
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present. The removal of posts that violate the platform’s
community guidelines is essential for protecting youth from
exposure to harmful posts, including tobacco-related posts. This
is accomplished through the flagging of suspected violations
by content moderators [28]. In this study, 22.8% (358/1570) of
the original posts collected during the study period were
removed by TikTok, which indicates that its community
guidelines are enforced to a degree. Further improvement in the
enforcement of community guidelines is necessary.

Influence of LCC-Related Social Media Content on
LCC Use Among Youth
Although this study found that young people were featured in
LCC-related videos, little is known about the influence of
LCC-related content on platforms such as TikTok or Instagram
on LCC uptake among adolescents and young adults. This may
be especially important for a comprehensive understanding of
contributing factors to racial and ethnic disparities in health.
For example, non-Hispanic Black populations have a higher
rate of LCC use than non-Hispanic White populations
[1-3,29,30]. While non-Hispanic Black populations are known
to be disproportionately targeted by marketing material from
LCC manufacturers [3,4], little research exists to demonstrate
marketing strategies for tobacco products that target different
racial or ethnic groups in the United States on social media.
Such research could include, for example, a survey focused on
assessing the effect of exposure to promotional LCC-related
TikTok content on LCC use among adolescents with
geographically, socioeconomically, and racially diverse
backgrounds. This could contribute to a better understanding
of the impact of social media marketing for LCCs on diverse
youth populations in the United States.

Limitations
Videos with only 2 hashtags (#backwoods and #swishersweets)
were collected. Given the degree of user engagement with these
2 hashtags, as described in the Methods section, and the fact
that Backwoods and Swisher Sweets represent 2 of the most
popular LCC brands in the United States [5], we believe the
decision to limit our study to these 2 hashtags was justified.
However, it is possible that the sample used in this study was
not generalizable to other LCC brands linked to hashtags.
Additionally, this study focused on TikTok posts, and the
findings may not be generalizable to other social media

platforms. The posts in this study were collected from a
29-month period (24 months in 2019-2020 and 5 months in
2021) and may not extend to other time periods. In addition,
we assumed that user-engagement behavior (eg, liking, viewing,
commenting, and sharing posts) was constant throughout the
studied period, regardless of any external factors that might
have affected this behavior. Data collection relied on the public
availability of posts, which prevented the collection of posts
from private accounts. Many posts that were initially collected
in this study were made unavailable by users or removed by
TikTok administrators. This loss of data may have biased the
current findings. The findings may not be generalizable to all
TikTok users, since we only collected English-language videos.
The coders’ assessment of the perceived age of the individuals
who appeared to be younger than 30 in the videos did not allow
for distinguishing between adolescents and young adults. In
addition, this subjective assessment could have been biased.
However, the 30-year age threshold was conservative enough
to give a fairly accurate estimation of the prevalence of
young-looking people featured in the videos [31]. Finally, while
many videos we reviewed appeared to be user-generated, they
might in fact have been sponsored and lacked the required
sponsorship disclosures [13,32]. An analysis of the content
creators was beyond the scope of this study.

Conclusions
LCC-related content, including videos featuring young
individuals discussing, displaying, or using LCCs, might remain
on TikTok in violation of the platforms’ own community
guidelines. Further improvement in the enforcement of TikTok
community guidelines and additional scrutiny from public health
policy makers is necessary for protecting youth from exposure
to tobacco-related posts. Observational and experimental studies
are needed to understand the impact of exposure to LCC-related
videos on attitudes and behaviors related to LCC use among
youth. Future research is also needed to assess LCC marketing
strategies targeting different racial and ethnic groups on this
platform. Finally, engaging, user-generated antitobacco content
that appeals to youth and could be perceived by TikTok users
as authentic may be needed to counter the protobacco content
on TikTok. Such user-generated antitobacco content may
complement the efforts of public health agencies and nonprofit
organizations that create educational health campaigns to inform
youth about the risks of using tobacco products [33].
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Abstract

Background: Sleep disorders are experienced by up to 40% of the population but their diagnosis is often delayed by the
availability of specialists.

Objective: We propose the use of search engine activity in conjunction with a validated web-based sleep questionnaire to
facilitate wide-scale screening of prevalent sleep disorders.

Methods: Search advertisements offering a web-based sleep disorder screening questionnaire were shown on the Bing search
engine to individuals who indicated an interest in sleep disorders. People who clicked on the advertisements and completed the
sleep questionnaire were identified as being at risk for 1 of 4 common sleep disorders. A machine learning algorithm was applied
to previous search engine queries to predict their suspected sleep disorder, as identified by the questionnaire.

Results: A total of 397 users consented to participate in the study and completed the questionnaire. Of them, 132 had sufficient
past query data for analysis. Our findings show that diurnal patterns of people with sleep disorders were shifted by 2-3 hours
compared to those of the controls. Past query activity was predictive of sleep disorders, approaching an area under the receiver
operating characteristic curve of 0.62-0.69, depending on the sleep disorder.

Conclusions: Targeted advertisements can be used as an initial screening tool for people with sleep disorders. However, search
engine data are seemingly insufficient as a sole method for screening. Nevertheless, we believe that evaluable web-based
information, easily collected and processed with little effort on part of the physician and with low burden on the individual, can
assist in the diagnostic process and possibly drive people to seek sleep assessment and diagnosis earlier than they currently do.

(J Med Internet Res 2022;24(11):e41288)   doi:10.2196/41288
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sleep disorders; search engine queries; search advertising; internet; Bing; sleep; machine learning; questionnaire

Introduction

Studies have suggested that nearly all adults will experience
sleep disturbances over the course of their lives, and that up to
40% of the population experiences chronic sleep disorders [1].
Common sleep disorders include insomnia, sleep apnea,
circadian rhythm disturbances, and chronic insufficient sleep.
These sleep disorders cause a major health and societal burden,
contributing to a loss of personal well-being, development of

chronic disease, loss of work productivity and performance,
and spikes in accidents that result in needless injury and death.

Sleep disorders are diagnosed by specialized physicians, limiting
access and increasing the time to diagnosis in people with sleep
disorders [2]. The shortage of trained sleep experts and the lack
of geographic accessibility, combined with a convoluted sleep
care pathway have led to long waitlists for sleep diagnostics
and intervention, with many patients dropping off along the
care pathway.
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Sleep disorders can be diagnosed using a variety of techniques,
using different sources of subjective and objective information
and with different levels of invasiveness. Some disorders, such
as insomnia, can typically be initially assessed using periodic
screeners by health care professionals to identify potential
symptoms, while an in-depth sleep history is essential for
diagnosis and treatment matching. For example, sleep apnea
requires overnight sleep testing (in the laboratory or at home).
Other conditions may require in-laboratory daytime sleep
testing, at-home continuous sleep-wake monitoring (typically
with medical-grade, wrist-worn activity monitors), physical and
neurological assessments, and even blood analysis [3].
Interestingly, wearable devices for sleep monitoring have shown
limited reliability [4], though some researchers have reported
success in predicting sleep quality [5,6].

One approach for initial screening of sleep disorders is through
web-based questionnaires. Dayzz is a digital sleep program that
provides comprehensive web-based care for multiple sleep
conditions. As part of the program, the Digital Sleep
Questionnaire (DSQ) [7] is administered. The DSQ is a brief,
clinically validated, questionnaire that, using machine learning
algorithms, can provide an assessment of 4 common sleep
disorders.

People’s web-based activity, especially their interactions with
search engines, have been shown to enable early screening for
a range of medical conditions including diabetes [8], Parkinson
disease [9], stroke [10], and several types of cancer [11,12].
The reason for the ability to screen using web-based interactions
include the ubiquity of these services in people’s daily lives and
their service as a gateway to information (especially health
information) for the vast majority of the population [13].
Interactions with search engines are especially useful in this
regard because they are plentiful and are perceived as
sufficiently anonymous, allowing people to express their truthful
information needs, without fear that their sensitive or personal
information will be divulged to third parties [14]. We note that
social media platforms such as Twitter have also been used to
characterize sleep issues [15] but not sleep disorders.

In this study, we aim to evaluate whether search engine activity
can be used to screen for possible sleep disorders. We show that
a machine learning model based on search engine activity can
predict the risk for specific sleep disorders, although currently,
the quality of the prediction is insufficient as a sole method for
screening. Nevertheless, we believe that evaluable web-based
information, easily collected and processed with little effort on
part of the physician and with low burden on the individual,
can assist in the diagnostic process and possibly drive people
to seek diagnosis earlier than they currently do.

Methods

Overview
We implemented a novel experimental protocol whereby
participants are recruited through internet-based advertisements
after they indicated their interest in sleep disorders. People who
clicked on the advertisements and consented to participate in
the study were referred to a digital sleep questionnaire and were

promised general feedback on their sleep patterns as an incentive
to complete the questionnaire. They were then asked for
permission to contribute their search engine data to the study.
Finally, we linked the outcome of the sleep questionnaire with
search engine data of the people who consented. These data are
used to predict the questionnaire outcome.

Recruitment
We advertised on Microsoft Advertising to US-based users of
Bing who queried for one of a range of sleep disorder–related
terms (see Multimedia Appendix 1); those people were shown
1 of 12 advertisements, which are listed in Multimedia Appendix
2. People who clicked on the advertisements were referred to a
dedicated landing page.

The web page described the experiment to potential participants.
Those who consented to join were administered the DSQ [7]—a
brief, clinically validated questionnaire that, using machine
learning algorithms, can provide an assessment of 4 common
sleep disorders: risk for obstructive sleep apnea (OSA), delayed
sleep phase syndrome (DSPS), insomnia, and insufficient sleep
syndrome (ISS). They were then provided general feedback on
their sleep and asked if they agree to have their Bing search
data linked to the results of the DSQ and analyzed.

The data of those users who consented were extracted from up
to 1 year prior to the date of questionnaire completion and up
to the date of the questionnaire. The data comprised an
anonymized user identifier, the time and date of the query, the
zip code of their location, and indicators calculated from user
interactions with search results’ pages, including the duration
of the search session, the number of links clicked, the time they
spent on each link, whether automatic spelling correction was
used, and whether the user scrolled down the search page.

The campaign was gradually improved over time by providing
a conversion optimization signal to the advertising campaign,
such that completion of the DSQ was considered a conversion
“worth” US $1 and the same combined with downloading of a
dedicated sleep improvement app was set to US $10.

Analysis
We represented the activity of users through a set of aggregate
attributes detailed in Textbox 1. These attributes represent
several factors that could typify a sleep disorder or are risk
factors for it. Specifically, we quantified diurnal activity profiles,
as evident from query use; measures of interaction with the
search engine (eg, time to first click), which are proxies for
cognitive function; and keywords, which reflect risk factors,
behaviors that pertain to sleep and its disorders, and the sleep
disorders themselves. A list of the latter was developed on the
basis of the literature.

Since there is no simple definition of when a day begins and
ends for people with sleep disorders, we chose the hour with
the lowest level of activity among participating users to be the
start of a day (ie, a 24-hour period). Thus, 2 AM was set as the
start of the day.

To facilitate comparison of users in our data set with the general
population, we extracted a random sample of US-based Bing
users who were active on the same dates as the study participants
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and presented the percentage of queries at each hour of the day
made by these users. We refer to these users as the “control
population.”

Each user was labeled in accordance with the DSQ as at risk
for up to 2 of 4 sleep disorders (OSA, DSPS, insomnia, and
ISS). We attempted to predict each of the sleep disorders using
a binary classifier. The binary classifier used was a random
forest with 100 trees.

The performance of the models was evaluated using
leave-one-out cross-validation. The best attribute groups were
selected using sequential forward feature selection on the
training set.

Only users with at least 14 days of data and 50 queries were
retained for analysis.

Textbox 1. List of attributes for predicting sleep disorders.

Query time:

• Percentage of queries at each hour of the day

• Time between consecutive queries (average, 5th and 95th percentiles)

• Average first and last hour of queries on each day

• Whether the user had noncontiguous activity during night hours

• The difference between the hourly activity rate on weekdays compared to that on weekends

• Fraction of queries prior to sunrise

• Fraction of queries after sunset

Activity attributes:

• Average click count on each results page

• Average time on links on each results page

• Average session duration

• Average scrolled distance on each results page

• Average time to first click on each results page

• Average time to last click on each results page

• Average, minimum, maximum, and median of the query text probability

• Average number of sessions per day

• Average number of queries that the user repeated

• Average number of queries which mentioned a medical symptom

• Average number of queries that mentioned a medical diagnosis

• Average number of queries that mentioned a medical drug

Terms:

• Number of times a user queried for the following specific terms (terms were used separately, but are grouped here for convenience):

• Apnea, insomnia

• Snoring, gasping, headache, sleepiness, waking, snoozing, dozing, awake, alert, appetite, depression, anxiety, diabetes, obesity, weight loss,
memory, oxygen, breath, tired, exhausted, fatigue, no energy, nap, hypertension, high blood pressure, HBP, emotion, and mood

• Jet lag, porn-related terms, accident, mistake, coffee, caffeine, energy drink, alcohol, alcoholic drinks, smoking, nicotine, baby-related terms,
attention, concentration, pregnancy, movie, TV, credit union, loan, cannabis, CBD, THC, marijuana, gambling-related terms, online banking,
inbox, CNN, and zoom

• Sleeping pill, hypnotic, sedative, sleep aid, melatonin, and exercise

Query topics:

• The distribution of the users’ query topics into 60 topics according to a proprietary classifier.

Demographics:

• User age

• User sex
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Ethical Considerations
The methods were performed in accordance with relevant
guidelines and regulations and approved by the institutional
review board of Advarra Inc (Pro00045152).

Results

We recruited participants between November 11, 2020, and
May 19, 2021. Campaign statistics are provided in Multimedia
Appendix 2. A total of 582 users clicked on the advertisements
and were referred to the DSQ web page. Of them, 397 consented
and completed the DSQ. Among users who completed the DSQ,
305 were matched to their Bing data and 132 had at least 14
days of data and 50 queries.

The age and sex distribution, as provided by the advertising
system, is shown in Figure 1. Two measures are provided: the

percentage of advertisements clicked on among all those shown
(referred to as the clickthrough rate [CTR]), and the percentage
of questionnaires completed among all those who clicked on
the advertisements (denoted by conversion rate). As shown in
Figure 1, younger females were more likely to respond to the
advertisements by clicking on them (higher CTR) and to
complete the DSQ (higher conversion rate). Younger people
were overall more likely to complete the DSQ (that is, to
“convert”).

According to the DSQ, 58 participants were at risk for OSA,
52 for DSPS, 89 for Insomnia, and 46 ISS. The distribution of
ages and sex among sleep disorders is shown in Figure 2. When
comparing among the conditions, males accounted for a larger
proportion of individuals at risk for ISS and those who are at
risk of OSA, while those at risk for DSPS accounted for the
largest proportion of females. DSPS was most prevalent among
young participants; risk for OSA, in older participants.

Figure 1. Clickthrough rate (left) and conversion rate (right) by age and sex. Blue bars denote males and orange bars denote females.

Figure 2. Distribution of ages (left) and sex (right) among sleep disorders. DSPS: delayed sleep phase syndrome; ISS: insufficient sleep syndrome;
OSA: obstructive sleep apnea.

We estimated the comorbidity similarity between sleep disorders
by the Hamming distance applied to the matrix of participants
and their conditions. Figure 3 shows the comorbidity similarity
among conditions and the activity profile of users over the day.
As shown in Figure 3, people with DSPS were most likely to
also have ISS, and those at risk for OSA were most likely to
also have insomnia. The daily activity profile of users is similar
among sleep disorders (though most similar among users who
were at the risk of OSA and those with ISS), but very different

from that of the control population. Specifically, the control
population begin their activity earlier in the morning hours and
end their activity earlier at night, compared to those with sleep
disorders. The best correlation between the activity of the control
population and the activity of all users with sleep disorders was
approached when the activity of the former is shifted by 2 hours
for the risk of OSA and insomnia, and by 3 hours for DSPS and
ISS. The improvement in correlation due to these time shifts
was significantly different (P<.01 with Bonferroni correction).
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Table 1 shows the performance of the sleep disorder classifiers
as evaluated by their area under the curve, together with attribute
classes most commonly selected for classification and the
number of days of data that approached the best performance.
For the latter, we experimented with using different values
between 15 and 120 days. Figure 4 shows the receiver operating
characteristic curve for each sleep disorder.

We also evaluated which terms would best predict each of the
sleep disorders if used without any other attribute classes. This
was achieved by finding the terms that increase in prediction
error if the values of that term are permuted for the test
observations, using the appropriate MATLAB function. The
results are summarized in Textbox 2.

Figure 3. Comorbidity similarity among sleep disorders according to the users who shared them (left) and the daily activity profile of users (right).
The distance among conditions was computed using Hamming distance of users. DSPS: delayed sleep phase syndrome; ISS: insufficient sleep syndrome;
OSA: obstructive sleep apnea.

Table 1. Classifier area under the curve, the best number of days selected for use by the classifier from prior to the Digital Sleep Questionnaire and
until the day of the questionnaire, and the most commonly selected attributes.

Selected attribute classesNumber of daysArea under the curveSleep disorder classifier

Query time, activity attributes, and demographics900.69Risk for obstructive sleep apnea

Query time and demographics900.65Delayed sleep phase syndrome

Activity attributes, query topics, and demographics900.69Insomnia

Query time, activity attributes, and specific terms600.62Insufficient sleep syndrome

Figure 4. Receiver operating characteristic curve for the 4 sleep disorders. The numbers in the legend indicate the number of days during which data
were obtained for each condition and the area under the curve. DSPS: delayed sleep phase syndrome; ISS: insufficient sleep syndrome; OSA: obstructive
sleep apnea.
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Textbox 2. Most predictive terms of each sleep disorder.

Risk for obstructive sleep apnea:

• Coffee

• Tired, exhausted, fatigued

• Waking

• Hypertension

• Awake

Delayed sleep phase syndrome:

• Headache

• Awake

• Porn-related keywords

• Smoking-related keywords

• Pregnancy-related keywords

Insomnia:

• Coffee

• Online banking, inbox, CNN, zoom

• Sleepiness

• Waking

• Awake

Insufficient sleep syndrome:

• Exercise

• Depression

• Memory

• Anxiety

• Pregnancy-related keywords

Discussion

Sleep disorders have a significant personal and societal cost.
However, barriers to wide-scale screening and diagnosis prevent
timely treatment for many people with such disorders. There is
a need for more accessible and affordable tools that enable
remote screening and diagnosis of sleep disorders, especially
those which can be performed passively without any effort from
the user. Here we test whether interactions with search engines
could be used to identify persons at risk for sleep disorders, as
a first step in navigating them to further evaluation and
intervention.

Our campaign was used to the greatest extent by younger
females. In general, younger people were more likely to
complete the web-based screening questionnaire. This is in
agreement with past research, which showed that younger people
are more likely to interact with web-based medical
questionnaires [11,16]. However, this also underscores a
potential bias in screening using an advertisements-based
questionnaire.

The comorbidity among certain sleep disorders found in our
sample is in line with that reported in previous studies, showing
that risk for OSA and insomnia often coexist [17], and that
unmanaged DSPS can often lead to chronic insufficient sleep
[18]. Moreover, we found that adults with sleep concerns and
potentially increased unwanted or unregulated wakefulness at
night tend to browse differently than those without sleep
concerns, with search patterns that started and ended later in
the day. Perhaps unsurprisingly, we also found that those with
natural delays in their biological clock, a distinguishing
characteristic of DSPS, were even more shifted in these internet
usage patterns than those at risk for other sleep disorders. These
findings suggest that when developing algorithms to identify
persons at the risk of sleep disorders—in addition to specific
sleep—and related health and behavior search content that we
found to support differing sleep disorder risk, metadata may
offer more fine-grained activity patterns, increasing the
predictive performance of the models. Interestingly, independent
of the other predictor attribute classes, the search terms that
participants used were indicative of their underlying risk for
certain sleep disorders; in many cases, the search terms they
chose were diagnostic symptoms, functional deficits, or common
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comorbidities of the specific sleep disorder that they were at
the risk of; for example, hypertension and sleepiness-related
terms in the case of risk for OSA [19], and mental health and
cognitive deficits in the case of chronic insufficient sleep [20].
Our findings are promising; however, future research should
focus on additional content, query parameters, and time periods
that can improve and refine the predictive ability of search
engine data to identify individuals at the risk of sleep disorders.

The area under the curve for all 4 conditions ranged between
0.62 and 0.69, indicating that search engine data are predictive
of sleep disorders, with the prediction being of medium
accuracy. We note that sleep disorders are known to be a
difficult problem to assess, as evident, for example, in the low
agreement among experts at different laboratories on the correct
interpretation of diagnostic tests, such as polysomnography, in
people with sleep disorders [21], and modest agreement rates
between telemedicine and in-person diagnosis [22]. Moreover,
our data show that the last 60 to 90 days of search data reach

the highest prediction quality. This may be because people
responded more readily to the campaign advertisements when
their symptoms were more acute.

Our study has several limitations. First, our recruitment occurred
among people who were interested or concerned about their
sleep. Thus, our results focus on the ability to inform people
who are already concerned about possible sleep problems and
not the ones who are not part of the general population. Among
people who saw our advertisements, younger females were more
likely to respond to the advertisements. Among those who
clicked on the advertisements, younger people were more likely
to complete the DSQ. Thus, our prediction model is biased
toward younger people. Future work will attempt to distinguish
between healthy populations and those with sleep disorders as
well as obtain a more balanced sample of people with sleep
disorders. The former will allow a wider application of the
model to additional populations, while the latter will ensure that
the prediction is applicable to people of all ages.
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Abstract

Background: Suboptimal adolescent human papillomavirus (HPV) vaccination rates have been attributed to parental perceptions
of the HPV vaccine. The internet has been cited as a setting where misinformation and controversy about HPV vaccination have
been amplified.

Objective: We aimed to test message effectiveness in changing parents’ attitudes and behavioral intentions toward HPV
vaccination.

Methods: We conducted a web-based message-testing experiment with 6 control messages and 25 experimental messages and
5 from each of the 5 salient themes about HPV vaccination (theme 1: safety, side effects, risk, and ingredient concerns and
long-term or major adverse events; theme 2: distrust of the health care system; theme 3: HPV vaccine effectiveness concerns;
theme 4: connection to sexual activity; and theme 5: misinformation about HPV or HPV vaccine). Themes were identified from
previous web-based focus group research with parents, and specific messages were developed by the study team using content
from credible scientific sources. Through an iterative process of message development, the messages were crafted to be appropriate
for presentation on a social media platform. Among the 1713 participants recruited via social media and crowdsourcing sites,
1043 eligible parents completed a pretest survey questionnaire. Participants were then randomly assigned to 1 of the 31 messages
and asked to complete a posttest survey questionnaire that assessed attitudes toward the vaccine and perceived effectiveness of
the viewed message. A subgroup of participants (189/995, 19%) with unvaccinated children aged 9 to 14 years was also assessed
for their behavioral intention to vaccinate their children against HPV.

Results: Parents in the experimental group had increased positive attitudes toward HPV vaccination compared with those in
the control group (t969=3.03, P=.003), which was associated with increased intention to vaccinate among parents of unvaccinated
children aged 9 to 14 years (r=1.14, P=.05). At the thematic level, we identified 4 themes (themes 2-5) that were relatively

effective in increasing behavioral intentions by positively influencing attitudes toward the HPV vaccine (χ2
5=5.97, P=.31, root

mean square error of approximation [RMSEA]=0.014, comparative fit index [CFI]=0.91, standardized root mean square residual
[SRMR]=0.031). On the message level, messages that provided scientific evidence from government-related sources (eg, the
Centers for Disease Control and Prevention) and corrected misinformation (eg, “vaccines like the HPV vaccine are simply a way
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for pharmaceutical companies to make money. That isn’t true”) were effective in forming positive perceptions toward the HPV
vaccination messages.

Conclusions: Evidence-based messages directly countering misinformation and promoting HPV vaccination in social media
environments can positively influence parents’ attitudes and behavioral intentions to vaccinate their children against HPV.

(J Med Internet Res 2022;24(11):e37559)   doi:10.2196/37559

KEYWORDS

misinformation; vaccine hesitancy; vaccine communication; social media; human papillomavirus; HPV; HPV vaccine

Introduction

Human Papillomavirus Vaccination in the United
States
Human papillomavirus (HPV) is a group of >200 viruses that
can infect all genders [1]. HPV infection can cause 6 types of
cancer, including cancers of the penis, vulva, cervix, vagina,
anus, and oropharynx [1]. The HPV vaccine Gardasil 9 protects
against infection with 7 high-risk types of HPV that cause cancer
and 2 types that cause genital warts [2]. Within 6 years after the
HPV vaccination became available, studies found that the HPV
vaccine had lowered the rate of cancer-causing HPV infections
by 64% and the risk of cervical precancer by 47% [3]. According
to a report by the Centers for Disease Control and Prevention
(CDC) published in 2018, a total of 92% of HPV-associated
cancers can be prevented by the HPV vaccine [4]. Despite
evidence that the HPV vaccine is highly effective in preventing
cancers caused by HPV infections, the percentage of adolescents
starting the vaccine series in the United States is lower compared
with the percentage receiving other routinely recommended
vaccines [5]. Only 51% of teens in the United States received
the full HPV vaccine series in 2018, which is far lower than
that in other industrialized countries, such as the United
Kingdom and the Healthy People 2020 goal of 80% [6-8].

Vaccine Hesitancy and Misinformation on Social Media
Since the HPV vaccine was approved in 2006, the prevalence
of misinformation on social media as well as the lack of
educational campaigns regarding HPV vaccines have contributed
to HPV vaccine hesitancy and refusal [9-11]. Within the first
10 years since the approval of the vaccine, nearly 40% of
Facebook posts about the HPV vaccine contained texts, links,
and images that amplified the perceived risks of the HPV
vaccine [12]. Studies have reported that parents’ knowledge
and HPV vaccine hesitancy are influenced by various factors
and media sources, including repeated exposure to
misinformation on social media [2,13,14]. One study [15] found
that myths and safety concerns about the HPV vaccine were
widespread on Twitter, and Twitter users were more likely to
be exposed to tweets reporting safety concerns than tweets
supporting the evidence of HPV vaccine effectiveness and
safety. When looking at aggregated Twitter data, researchers
found that vaccination rates were lower in the United States,
where tweets on negative representations of vaccines,
misinformation, and conspiracies were most prevalent [16].
Parents who declined to vaccinate their children against HPV
were shown to mistrust health care systems and have negative
attitudes toward HPV vaccination [11]. These psychological

states, resulting from repeated exposure to misinformation about
HPV vaccination, contribute to parents’ resistance and hesitancy
to follow the HPV vaccine recommendation [17]. Effectively
addressing misinformation is critical for resolving vaccine
hesitancy and refusal [16,18].

Health Communication on Social Media for HPV
Vaccine Uptake
Health communication and education programs play a vital role
in countering misinformation regarding HPV vaccines.
According to the CDC, strategic mass media communication
is one of the best approaches to addressing a specific public
health issue [19,20]. Web-based platforms offer a cost-effective
outlet to share, convey, and disseminate health information
without geographic constraints and can be leveraged to engage
hard-to-reach populations and monitor health behaviors in real
time [2]. Despite the potential public health impact and benefits
of public health messages that can be promoted on social media,
a substantial knowledge gap exists in how to design, examine,
and identify effective messages for social media campaigns that
are persuasive in promoting HPV vaccination uptake. Given
the effect of misinformation on eliciting vaccine hesitancy, it
is critical to develop and evaluate accurate and persuasive social
media campaign messages.

In this study, we compared different message themes related to
HPV vaccine hesitancy and refusal and examined the themes
and messages that were more effective in promoting HPV
vaccine uptake. We hypothesized that exposure to HPV vaccine
uptake messages will influence parents’ behavioral intention to
vaccinate their children against HPV by improving their attitudes
toward the vaccine.

Methods

Participant Recruitment and Eligibility
We recruited participants through paid advertisements on
Facebook and Amazon’s Mechanical Turk (MTurk). MTurk is
a web-based labor market with more than 500,000 anonymous
workers worldwide, where requesters distribute tasks and
registered workers complete them. MTurk has been widely used
for various research purposes such as surveys, cognitive tasks,
and web-based experiments [21,22]. Prospective participants
who viewed our recruitment messages on MTurk or Facebook
were redirected to a secure survey platform for consent and
eligibility screening. In our screening survey, we assessed
participant characteristics such as ZIP code, sex, age, and gender
of children. To be eligible, prospective participants needed to
be residents of the United States, have at least 1 child, and
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provide their ZIP code and state of residence. Eligible
participants who provided consent were then directed to the
message-testing experiment.

Message-Testing Experiment
Once directed to the message-testing experiment, participants
completed a pretest survey (see Multimedia Appendix 1 for
survey instruments) that assessed baseline attitudes and
knowledge about HPV and HPV vaccination as well as their
behavioral intention to vaccinate their children against HPV.
After completing the pretest survey questions, participants were
randomly assigned to 1 of 31 messages (25 experimental
messages and 6 control messages), viewing 1 message per
participant. All the stimulus messages were presented in a
simulated social media environment (see Multimedia Appendix
2 for messages). To experimentally control for high elaboration
likelihood (eg, processing information carefully rather than
heuristically), participants were asked to view the assigned
message carefully and report what they read and viewed [23].
After exposure to the assigned message, participants were asked
to complete the posttest surveys. When the participants
completed the posttest survey, they received educational
resources on HPV vaccination.

Message Development
We conducted a series of virtual focus groups with parents to
identify the key barriers and reasons for HPV vaccine hesitancy
and refusal (results reported elsewhere) before this study.
Through focus group discussions, we identified 5 salient themes
to address in our messages on HPV vaccination.

1. Safety, side effects, risk, and ingredient concerns and
long-term or major adverse events

2. Distrust of the health care system
3. HPV vaccine effectiveness concerns
4. Connection to sexual activity
5. Misinformation about HPV or HPV vaccine

We developed 5 experimental messages for each theme and 6
control messages on e-cigarettes. The experimental messages
were grounded in scientific information from published articles
and reputable health organizations (eg, CDC, National Cancer
Institute, and American Cancer Society). The experimental
messages were designed to help the audience understand HPV
and HPV vaccination and included a call to action to vaccinate
their children against HPV.

Message Framing
Message-framing tactics were applied to change parents’
attitudes and behavioral intentions toward HPV vaccination.
To avoid confounding effects, we controlled for elements that
were not part of the experimental manipulation designs. First,
we controlled the length of the messages to no more than 130
words and the message source across all 31 messages to be
identical and neutral (ie, the same Facebook account appeared
as the poster of the simulated Facebook messages). Second, we
controlled the message structure: each message started with
introductory statements, included tailored statements specific
to the message theme, provided a photo or link to a video that
was congruent with the message, and ended with the same call

to action. We countered common myths and misinformation
and added the correct information. This message structure is
consistent across all stimulus messages.

The research team conducted multiple iterative review processes
with content experts in the fields of adolescent health, cancer
prevention, and health communication before finalizing the
messages (Multimedia Appendix 2). Through a web-based
pre-post randomized message-testing experiment, we examined
the persuasion effects of these messages on changing parents’
attitudes toward the vaccine and their behavioral intention to
vaccinate their children against HPV.

Measures

Pretest Survey
Eligible participants were asked to answer pretest questions
assessing their baseline knowledge of and attitudes toward HPV
and HPV vaccination, response efficacy beliefs, and behavioral
intention to vaccinate their children against HPV. For response
efficacy, we developed items that measured the degree to which
participants thought the HPV vaccine was effective in preventing
cervical cancer and mouth or throat cancer on a 5-point Likert
scale (1=not at all effective; 5=extremely effective) with an
additional option indicating “I don’t know.” To measure
attitudes toward HPV vaccination, we used 9 items from a study
by Kim and Niederdeppe [24] and modified them to assess
parents’ attitudes toward the HPV vaccine on the 7-point
semantic differential scale, including measures of bad-good,
harmful-beneficial, useless-useful, and unsafe-safe (see
Multimedia Appendix 1 for the full list of survey items).

To assess the vaccination status of their children against HPV,
we first asked, “Do you have any sons (or any daughters)?”
Among parents who indicated having sons or daughters, we
asked “How old are your sons (or daughters)? Please select all
that apply.” Multiple choice options were available to indicate
the ages of sons or daughters (“less than 5 years old,” “5 to 8
years old,” “9 to 14 years old,” “15 to 18 years old,” and “older
than 18 years old).” For those who reported having sons or
daughters aged between 9 and 14 years, we asked, “Has your
9-14 year-old son (or daughter) been vaccinated for HPV? If
you have more than one son (or daughter) 9-14 years old, please
answer about the son (or daughter) who had the most recent
birthday.” Four response options were available, including “Yes,
s/he has received two or more HPV vaccine shots,” “Yes, s/he
has received one HPV vaccine shot,” “No, s/he has not received
any HPV vaccine shots,” and “I don’t know.” For parents who
indicated not receiving any HPV vaccine shots or “I don’t
know,” we displayed the following behavioral intention item
on a 5-point Likert scale, “Thinking about the same 9-14 years
old son (or daughter), how likely is it that s/he will receive the
HPV vaccine in the next 12 months?” The response options
were 1=very likely and 5=very unlikely. Greater values indicate
a lower intention to not vaccinate their unvaccinated children
against HPV.

Posttest Survey
During the posttest survey, in addition to remeasuring the items
in the pretest survey, such as attitudes toward HPV vaccination,
participants were guided to answer a series of additional posttest

J Med Internet Res 2022 | vol. 24 | iss. 11 | e37559 | p.493https://www.jmir.org/2022/11/e37559
(page number not for citation purposes)

Kim et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


items, including manipulation check questions to ensure
participants had viewed the messages, as well as message
perceptions. To understand message perceptions, we adapted 5
items from the message sensation value scale [25] and 4 items
from the perceived message effectiveness scale [26] and
modified their wording to fit into the study context. Message
sensation value, the degree to which message features elicit
affective and arousal responses, was assessed on a 7-point Likert
scale, and perceived message effectiveness was measured on a
5-point Likert scale. These 2 questionnaires were reported
separately.

An identical behavioral intention question was displayed for a
subgroup of parents who indicated at pretest having
unvaccinated children aged 9 to 14 years (see Multimedia
Appendix 1 for survey measures).

Ethical Considerations
All study procedures were reviewed and approved by the
Committee for the Protection of Human Subjects (the
institutional review board) at Dartmouth College, and the
institutional review board reliance has been approved by
Virginia Commonwealth University and Dartmouth College
(HM20014090 and MOD00009013, respectively). The study
team obtained a waiver for documenting participant signatures
during the consenting process; an information sheet about the
study was provided to prospective participants, and they were
asked to click next to provide their consent and continue to
participate in the study. After a trained researcher verified
worker IDs entered into the survey, participants recruited from
MTurk who completed the experiment were compensated at
US $1.80. Given the length of our experiment, this compensation
rate on MTurk was acceptable, as the average compensation
rate was 10 cents per minute. Worker IDs were deleted and not
linked to any of the study data before analysis. Participants
recruited from paid advertisements on Facebook had a chance
to enter a drawing to receive one of 50 e-gift cards each worth
US $10. To protect the confidentiality of participants who were
recruited via Facebook paid advertisements, the study team did
not collect participant names and only collected email addresses
for the purposes of compensation administration; those email
addresses were collected, stored, and managed securely
separately from the study data.

Data Analysis
We first conducted descriptive statistics on demographic
variables with the sample and by comparing experimental and
control groups. These subgroup comparisons were conducted
for pretest variables, including prior knowledge and response
efficacy beliefs measures. Mean-based composite scores were
generated to assess attitudes toward HPV vaccination on the
pretest (Cronbach α=.96; mean 4.98, SD 1.50) and posttest

survey items (Cronbach α=.96; mean 5.11, SD 1.47). The
attitude change scores were calculated by subtracting the pretest
composite values from the posttest composite values for each
participant (mean difference 0.12, SD 0.92). Greater values
indicate more positive changes in attitudes toward HPV
vaccination. Five posttest items assessing the sensation value
of the viewed messages on a 7-point Likert scale were averaged
to form a composite score (Cronbach α=.92; mean 4.57, SD
1.50). Greater values indicate a more positive sensation toward
the messages. A total of 4 posttest items measuring perceived
message effectiveness on a 5-point Likert scale were averaged
to form a composite score (Cronbach α=.80; mean 3.29, SD
0.99). Greater values indicate a greater perceived effectiveness
of the message.

For thematic-level analyses, a path-modeling approach was used
to model persuasion pathways from message exposure to
attitudinal changes toward HPV vaccination, which indirectly
influenced behavioral intentions to vaccinate. For the eligibility
of thematic-level analyses, which included behavioral intention
measures for HPV vaccination in the next 12 months measured
at the posttest survey, we only included a subset of data from
189 parents with children aged between 9 and 14 years who had
not received any HPV vaccine shot. We used 5 dummy variables
to generate exogenous constructs in the path model. The control
condition was used as the reference group. Path coefficients
from dummy-coded variables to the attitudinal change construct
were the magnitude of the associations compared with those
from the reference group (control group).

For individual message-level analyses, we used the ANOVA
with a Bonferroni correction within each theme. Composite
scores of measures assessing attitudes toward HPV vaccination,
sensation values of the viewed message, and perceived message
effectiveness were evaluated in the ANOVA framework to
statistically identify relatively more effective messages within
each of the 5 thematic blocks.

Results

Participants
A total of 1674 respondents provided consent and participated
in the eligibility screening survey, and 1043 (62.31%) were
eligible to participate in the study. Among the 1043 participants,
45 (4.31%) left the study before being randomized to a message,
and an additional 3 participants left during the posttest
questionnaire, leading to a final sample size of 998 for pretest
data analysis and 995 for the posttest data analysis (Figure 1).
The average age was 35.39 (SD 10.58) years; 616 (61.7%) were
female; 202 (37.5%) had an annual income of US ≤$50,000
(see Table 1 for demographic characteristics of our participants).
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Figure 1. CONSORT (Consolidated Standards of Reporting Trials) diagram showing the flow of participants through pre-post message-testing
experiment.
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Table 1. Baseline characteristics by the assigned group (N=998).

Total (N=998)Control group (n=164)Experimental group (n=834)Characteristics

35.39 (10.6)34.77 (10.5)37.24 (10.5)Age (years), mean (SD)

616 (61.7)96 (58.5)520 (62.4)Female, n (%)

Income

202 (37.5)30 (32.3)172 (38.6)<US $50,000, n (%)a

Education

74 (13.8)16 (17.2)58 (13.1)No college, n (%)

779 (78.1)126 (76.8)653 (78.3)Daughter (yes), n (%)

710 (71.1)125 (76.2)585 (70.1)Son (yes), n (%)

216 (22.6)36 (23.2)180 (22.4)Rural, n (%)

Previous knowledge at pretest

872 (87.9)142 (87.1)730 (88.1)Heard of HPVb? (Yes), n (%)c

827 (83.3)136 (83.4)691 (83.3)Heard of the HPV vaccine? (Yes), n (%)d

2.42 (1.3)2.34 (1.4)2.44 (1.3)Perceived importancee of HPV vaccines, mean (SD)

Response efficacyf at pretest of HPV vaccine

140 (14)22 (13.4)118 (14.1)In preventing cervical cancer? (Do not know), n (%)

287 (28.8)53 (32.3)234 (28.1)In preventing mouth or throat cancer? (Do not know), n (%)

2.52 (1.6)2.48 (1.5)2.53 (1.6)In preventing cervical cancer? mean (SD)

2.23 (1.8)2.08 (1.8)2.26 (1.8)In preventing mouth or throat cancer? mean (SD)

aEducation and income were assessed in the later phase of the experiment after posttest measures; thus, the sample size for these socioeconomic measures
was smaller (n=539 and n=536 for reporting income and education, respectively).
bHPV: human papillomavirus.
cN=992 for this row because 6 people did not answer this question.
dN=993 for this row because 5 people did not answer this question.
eThe perceived importance of vaccinating their children against HPV was measured on a 5-point Likert scale, where 1=extremely important and 5=not
important.
fResponse efficacy belief at baseline=greater values indicate stronger belief in response efficacy.

Outcomes on Pretest Measures
Nearly 88% (872/992, 87.3%) of the participants reported having
heard of HPV before the study, and 83.3% (827/993) reported
that they had heard of the HPV vaccine. At the pretest survey,
14% (140/998) of participants indicated that they did not know
about the efficacy of the HPV vaccine in the prevention of
cervical cancer, and 28.8% (287/998) of participants did not
know of the efficacy of the HPV vaccine in preventing mouth
or throat cancer (Table 1).

From Message Exposure to Behavioral Intention to
Vaccinate
At a group level (experimental group vs control group),
experimental messages about the HPV vaccine significantly
increased positive attitudes toward HPV vaccination compared
with the control messages about e-cigarettes (t969=3.03, P=.003).
Parents’ behavioral intention to vaccinate their children against
HPV was significantly associated with the increase in positive
attitudes toward HPV vaccination (B=1.14, P=.05).

Thematic-Level Outcomes
At the thematic level, according to the results from path
modeling, messages countering 4 themes—theme 2: distrust of
the health care system, theme 3: HPV vaccine effectiveness
concerns, theme 4: connection to sexual activity, and theme 5:
misinformation about HPV or HPV vaccine—were more likely
to increase behavioral intention to vaccinate, in part because of

the increased positive attitudes toward the vaccine (χ2
5=5.97,

P=.31, root mean square error of approximation
[RMSEA]=0.014, comparative fit index [CFI]=0.91,
standardized root mean square residual [SRMR]=0.031). Figure
2 denotes thematic-level path analysis results from message
exposure to changes in behavioral intention among parents with
unvaccinated children aged 9 to 14 years (n=189). Greater values
of the changes in behavioral intention in Figure 2 indicate lower
behavioral intention to vaccinate. A dotted line in Figure 2
indicates a nonsignificant path. Straight lines with standardized
path coefficients are at the 0.05 level of significance. Greater
values to the attitudes construct indicate more positive attitudinal
changes toward the HPV vaccine after viewing the message.
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Figure 2. Thematic-level path analysis. HPV: human papillomavirus.

Message-Level Outcomes
Within each theme, the influence of each message on changing
vaccine attitudes, sensation values of the message viewed, and
perceived message effectiveness were examined. For example,
at the individual message level, compared with message IDs b,
d, and e in theme 1, the message ID c in theme 1, which directly
countered safety concerns on the HPV vaccine with an
educational video that addressed HPV vaccine effectiveness,
significantly increased the sensation value (eg, positive attitudes)
toward the message effectiveness (mean 5.38, SD 1.07,
F4,160=6.59, P<.01) and perceived message effectiveness (mean
3.79, SD 0.83, F4,160=4.06, P=.004; Table 2). Within theme 2,
the message ID b (mean 5.07, SD 1.31) countering a myth about
a pharmaceutical money-making scheme (eg, “vaccines like the
HPV vaccine are simply a way for pharmaceutical companies
to make money. That isn’t true”) was significantly more
effective in increasing positive attitudes toward the message
than the message ID c (mean 3.90, SD 1.76) that countered a
myth about a doctor money-making scheme (eg, “We know
that some people worry that vaccines like the HPV vaccine are
just helping doctors make money”; F4,158=3.01, P=.02). Within
theme 3 countering HPV vaccine effectiveness concerns, the
message ID c (mean 3.65, SD 0.92) reporting statistical evidence
of the HPV vaccine’s effectiveness in preventing cancer (eg,

“...among women who were vaccinated in Finland 15 years ago,
none of them got HPV cancers” and “...we have seen a 71%
decrease in HPV infections that cause most HPV cancers and
genital warts among teen girls vaccinated in the U.S.”) was
perceived more effective than the message ID a (mean 2.91, SD
1.08) that stated the importance of HPV vaccination to
effectively treat HPV infections (eg, “The HPV vaccine does
not treat HPV infections that already exist, though, and there is
no treatment for HPV infections. That’s why it’s so important
for boys and girls to get vaccinated before they can ever get
exposed to HPV infections”), F4,161=3.32, P=.01. Within theme
4, although the ANOVA test reported that the mean values of
the 5 messages differed (F4,160=3.01, P=.02), the significance
did not emerge when a Bonferroni correction was applied. For
theme 5, which focused on countering misinformation about
HPV or HPV vaccination, the message ID e (mean 3.79, SD
0.72) correcting misinformation about HPV vaccine
recommendations (eg, “Why both boys and girls? Because
everyone can get HPV cancers caused by HPV” and “Why two
doses? For full protection against approximately 93% of HPV
cancers, more than one vaccine dose is needed”) was more
persuasive than the message ID d (mean 3.06, SD 1.01)
addressing the misinformation that the HPV vaccine can cause
ovarian failure and fertility issues (F4,159=3.07, P=.02).
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Table 2. Results from ANOVA tests at the message level with a Bonferroni correction. Italicized values indicate a thematic block with a significant
difference less than 0.05 before a post hoc test as shown in F values in ANOVA. The significance of italicization level is noted next to the F value
within the block.

Perceived message effectiveness, mean
(SD)

Perceived sensation value toward mes-
sages, mean (SD)

Changes in attitudes toward HPV vacci-
nation, mean (SD)

Themes and message
IDs

F4,160=4.06, P=.004F4,160=6.59, P<.001Theme 1 (n=162-165)

3.41 (0.98)4.69 e (1.42)−0.10 (0.84)a

3.19 (1.02)4.29 c (1.44)−0.09 (0.61)b

3.79 e (0.83)5.38 b,e (1.07)0.03 (0.89)c

3.35 (1.01)4.18 c (1.68)0.19 (0.62)d

2.85 c (1.05)3.66 a,c (1.50)0.40 (0.92)e

Not significantF4,158=3.01, P=.02Theme 2 (n=163)

3.38 (1.07)4.64 (1.52)0.27 (0.73)a

3.45 (0.88)5.07 c (1.31)0.31 (1.17)b

3.12 (1.12)3.90 b (1.76)−0.003 (0.71)c

2.99 (0.96)4.28 (1.15)0.16 (0.63)d

3.19 (0.99)4.37 (1.38)0.06 (0.83)e

F4,161=3.32, P=.01Not significantTheme 3 (n=165-166)

2.91 c,d (1.08)4.27 (1.48)0.12 (0.81)a

3.44 (0.83)4.93 (1.34)0.24 (0.87)b

3.65 a (0.92)4.92 (1.46)0.34 (1.06)c

3.55 a (0.70)4.91 (1.39)0.33 (1.14)d

3.30 (0.99)4.78 (1.44)0.10 (0.82)e

Not significantF4,160=3.01, P=.02Theme 4 (n=165)

3.48 (0.95)4.33 (1.35)0.24 (1.23)a

3.54 (1.12)5.09 (1.67)0.17 (0.68)b

3.79 (0.95)5.09 (1.44)0.44 (0.95)c

3.16 (1.1)4.09 (1.65)0.03 (0.71)d

3.24 (0.7)4.61 (1.24)0.14 (0.75)e

F4,159=3.07, P=.02Not significantTheme 5 (n=163-164)

3.29 (0.90)4.14 (1.54)0.004 (1.06)a

3.36 (1.10)4.59 (1.62)0.37 (1.67)b

3.15 (0.93)4.48 (1.57)−0.03 (1.02)c

3.06 e (1.01)4.12 (1.36)0.04 (0.85)d

3.79 d (0.72)4.98 (1.47)0.29 (0.68)e

a,b,c,d,eMessage IDs with a significant difference after Bonferroni correction were reported. Superscript letters indicate a significant difference (P<.05)
against the message ID in the row within each theme. Theme 1: safety, side effects, risk, and ingredient concerns and long-term or major adverse events.
Theme 2: distrust of the health care system. Theme 3: HPV vaccine effectiveness concerns. Theme 4: connection to sexual activity. Theme 5:
misinformation about HPV or HPV vaccine. Greater values indicate more positive changes in attitudes toward HPV vaccination, greater sensation and
positive attitude toward the message viewed, and greater perceived effectiveness of the message viewed.
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Discussion

Principal Findings
Findings from path modeling confirmed that HPV messages
can yield positive directions in changing attitudes and behavioral
intentions toward the HPV vaccine. Our path model indicated
that most of the themes were effective in significantly changing
parents’ attitudes toward HPV vaccination, which, in turn, was
strongly associated with behavioral intention to vaccinate their
children against HPV. Those effective communication themes
were targeting the distrust of the health care system by
correcting misinformation (eg, “doctors/pharmaceutical
companies make money-scheme”), addressing HPV vaccine
effectiveness concerns, educating on perceived connection to
sexual activity, and correcting common myths about HPV
vaccination. Given that parental views are often altered because
of misinformation that is easily accessible on social media or
web-based communities, our study demonstrates that
evidence-based messages that directly correct misinformation
may be effective in enhancing public knowledge and attitudes
about HPV vaccination.

As shown in the ANOVA results, certain messages within each
thematic block were more effective than other messages in
generating positive perceptions of the message viewed. For
example, messages that provided numeric evidence from
credible sources (eg, “As you will hear in this video from the
Minnesota Department of Health...”) were perceived more
persuasive than messages that did not refer to a credible source
(eg, “The vaccine’s safety has continued to be studied in the 12
years...”). It should also be noted that there was no message that
generated adverse effects or boomerang effects of persuasion,
such as stimulating the opposite stance [27,28].

We acknowledge that attitudes and behavioral intentions toward
HPV vaccination are likely to differ according to the level of
issue involvement [29], the HPV vaccination status in this case.
Thus, in our path model, we included only a subgroup of parents
with unvaccinated children aged 9 to 14 years (n=189). Thus,
findings based on the path model should be specific to the
parents of unvaccinated children in this age group. However, it
should be noted that the analyses of constructs related to
message evaluations (ie, message sensation and perceived
message effectiveness) were based on the full sample of parents.
Exposure to media and campaign messages is conceptualized
as distal predictors of behavioral changes according to the
Integrative Model of Behavioral Prediction [30]. Evaluations
of messages from parents who had already vaccinated their
children could be different from those of parents who have not
yet vaccinated their children. Although one’s issue involvement
status (ie, whether vaccinated) could influence a parent’s
attitudes and behavior intentions toward HPV vaccination, in
this work regarding perceptions about the messages, we do not
have either predefined theoretical justification or statistical
power to gauge whether message sensation and perceived
message effectiveness will differ by children’s vaccination
status. Future studies should examine whether children’s HPV
vaccination status will influence parents’ perceived message
sensation and perceived message effectiveness.

The prevalence of myths and misinformation about HPV and
HPV vaccination on social media influences parents’ decisions
about HPV vaccination [31,32]. Our study empirically examined
the persuasion effects of messages that were strategically
designed to counter misinformation about HPV vaccines while
promoting HPV vaccination in social media environments. As
evidenced in the path model, we demonstrated that systematic
designs of communication themes and message components
not only influence overall parental attitudes and evaluations of
the messages but also can positively change behavioral intention
toward HPV vaccination for unvaccinated children.
Accumulating evidence suggests that digital technologies,
including social media, are ubiquitous in promoting public
health, even among often hard-to-reach populations such as
rural residents [33]. Our study indicates that social technologies
can be leveraged to deliver strategic public health
communications to people who may have limited health care
resources to intervene in their behaviors and improve their
attitudes toward the HPV vaccine [9,22].

Parents’ hesitancy toward vaccinating their children against
HPV was, in part, because of psychological barriers, such as
skepticism about HPV vaccine effectiveness and distrust toward
the health care system, which was influenced by misinformation
about HPV vaccination. On the basis of the salient themes that
emerged as parents’ reasons not to follow HPV vaccine
recommendations, most of the themes we used in our message
designs focused on addressing the lack of knowledge and
misunderstandings about HPV vaccine recommendations. For
example, we developed messages that directly countered the
misinformation that the HPV vaccine is lucrative for health care
systems and pharmaceutical industries, which had led some
parents not to follow the HPV vaccine recommendations. We
also developed multiple messages that directly countered
misinformation regarding the side effects and safety issues
associated with the HPV vaccine. This type of misinformation
has been prevalent on social media, which has been a
contributing factor in vaccine refusal and hesitancy among
parents [34,35].

It should be noted that our parent sample was slightly younger,
more educated, and poorer than the nationwide samples of
parents reported by the Pew Research Center’s Internet and
American Life Project and the US Census Bureau Social and
Economic Supplement Surveys [36,37]. For example, among
those who reported their income, 37.5% (202/539) of our
participants had annual incomes lower than US $50,000,
whereas in the 2018 Annual Social and Economic Supplement
survey, 32.1% of households with children ≤18 years had an
annual income lower than US $50,000 in 2017 [37]. However,
given that our study was an experiment examining internal
validity, random sampling was not the primary concern in
designing the study. Rather, our primary goals centered on
ensuring random assignment, assessing the status of the
theoretical explanations, and testing whether the findings will
replicate in other settings. Our primary goals of the experimental
study were to “apply the theory beyond the research setting”
and “the degree to which the specific sample represents the
population of interest was of less importance” as emphasized
in Highhouse [38].
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In fact, multiple replication studies support the utility of
web-based samples such as MTurk for experimental studies.
Through a series of 15 replication experiments comparing results
from MTurk convenience samples to probability samples,
Coppock [39] confirmed that estimates of causal effects obtained
on MTurk samples were similar to those obtained on
probability-based national samples. Mullinix et al [40] replicated
20 experiments and found a high level of concordance between
estimates obtained from MTurk-based samples and national
probability samples. Along with the supporting evidence
confirming the utility of web-based convenience samples in
experimental studies, we carefully implemented several methods
to improve our ability to generalize causal inferences across
different settings and contexts. First, to make our findings
relevant and generalizable, we generated stimulus materials that
reflect social media posts that people would encounter in their
real life and conducted the experiment in a real-world setting.
These stimuli were designed to simulate the way people view,
read, and process social media posts. Second, we conducted
formative research to generate the most salient campaign themes
and used multiple instances of a stimulus category (HPV
vaccine-related posts on social media) to ensure that the
experimental stimuli were representative of a predefined
population of stimuli (ie, social media posts related to HPV
vaccine and misinformation) while controlling for possible third
variables (eg, by having the length of the messages consistent
across stimuli and using the same source profile across stimulus
materials).

Our study methods were designed to enhance our understanding
of the theory-based causal process (eg, how parents process
social media messages countering misinformation and promoting
HPV uptake) and ecological validity (ie, “the realism of the
experimental methods, materials, and settings” [38]. Given the
relatively small size of the subgroup sample in the path model,
we have implications of the path model findings only for parents
with unvaccinated children aged 9 to 14 years who use the web,
not generalizing across subpopulations of parents with specific
background factors.

It should be noted that neither external nor internal validity can
be captured through a single experiment. In addition, as Lin et
al [41] argue, there may be a trade-off between internal and
external validity. We posit that the external validity of our
findings should be examined via replication. Moreover, when
a number of studies on this topic become available, conducting
a meta-analysis of the causal process will help examine whether
the message effects found in our study remain reliable across
the results of many studies. As per concerns related to
generalizability, future research should further examine whether
the message effect is moderated by interactions with one or
more demographic factors (parents of children in different age
groups). A strong replication pattern across samples will
improve the credence of the findings.

Limitations
Our findings should be interpreted in light of the limitations
imposed by the study designs and settings. First, the experiment
was based on a pre-post design that measured message effects
without a time lag or long-term follow-up; that is, although our

message-testing experiment used random assignment to a
stimulus message to build internal validity, perceived message
effectiveness and sensation values (eg, attitude toward the
messages) measured after message exposure could be driven
by immediate recency effect and priming effect that can diminish
over time [42]. To measure the long-term effects of message
exposure, a separate condition that entails a pre-post design
with a long-term follow-up should be implemented to rule out
the possible immediate recency and priming effects of message
exposure. Future research should also examine the impact of
social media campaign messages on vaccination behavior during
follow-up assessments.

Second, for our path analyses, we generated dummy-coded
exogenous variables to examine persuasion pathways from the
conditions (eg, experiment condition=1 and control condition=0)
and also from the 5 thematic-level variables, as shown in Figure
2. However, we did not compute dummy-coded variables for
the message-level constructs in the path model. This finding
was partially due to the sample size. If dummy coding were
generated at the message level, the model would entail 25
exogenous variables, leading to overfitting problems and
unspecified model fits. To resolve the issue, we instead
conducted composite score–based tests using ANOVA with a
Bonferroni correction. This approach helped specify the exact
message units that have shown effects on persuasion outcomes.
In this study, although we used a pre-post randomization
experiment as the most suitable design for between-subject tests
across conditions and thematic-level analyses, we suggest that
future research should consider implementing a within-subject
discrete choice experiment [9] to test prespecified message
attributes, such as types of message sources and pictorial vs
moving images.

Finally, although most of our analyses were based on a sample
of over 900 participants, the final path model was based on a
subset of the sample (n=189) with children aged between 9 and
14 years, who did not receive any HPV vaccines at the moment,
to reflect the age range for the HPV vaccination most
recommended by the CDC; that is, we did not ask a hypothetical
question to all participants (eg, “If you had a child aged between
9 and 14, would you consider HPV vaccination in the next 30
days?”). Instead, we asked about the true behavioral intention
for HPV vaccination only among parents with children aged
between 9 and 14 years who had not yet vaccinated their
children against HPV (189/995, 19%). Future experimental
research may replicate the path analysis and further test potential
moderators or mediators discussed in the literature. Identifying
moderators and mediators involved in the persuasion pathway
for HPV vaccination uptake will help to identify effective
communication tailoring strategies.

Conclusions and Public Health Implications
Our study highlights that strategic communication efforts in
social media environments can offer the opportunity to change
parental attitudes and behavioral intentions toward HPV
vaccination. Given how ubiquitous social media platforms are
today, promoting evidence-based messages—such as ours—on
social media may play an important role in promoting accurate
health information and enhancing knowledge and attitudes about
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HPV and HPV vaccination for cancer prevention. We found
that when harnessing social media platforms for public health
communications, directly countering dominant misinformation

themes and providing accurate science-based information can
be particularly effective in promoting HPV vaccination uptake.
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Abstract

Background: HIV self-testing is preferred by many Chinese people for its convenience and confidentiality. However, most
studies on HIV self-testing (HIVST) uptake in China overfocused on men who have sex with men and overrelied on obtrusive
methods such as surveys and interviews to collect data.

Objective: We aimed to explore Chinese HIVST kit users’ authentic experience via their feedback comments posted on
e-commerce platforms using an unobtrusive approach.

Methods: In total, 21,018 feedback comments about buying and using HIVST kits posted on Chinese e-commerce platforms
(Tmall and Pinduoduo) were collected. An inductive thematic analysis based on a random sample of 367 comments yielded
several thematic features. These thematic features were developed into coding categories for a quantitative content analysis of
another random sample of 1857 comments.

Results: Four themes were identified in the first study, including the expression of positive and negative emotions after and
before getting the test, respectively, calling for living a clean and moral life in the future, comments on the sellers and HIVST
kits, and the reasons for buying HIVST kits. The results from the second study suggested that there were significant associations
between different platforms and several thematic features. Nearly 50% of the comments were related to the product itself and the
disclosures of HIV-negative test results. More than 25% of the comments showed users’ feelings of gratefulness after receiving
negative test results such as “thank heavens for sparing my life.”

Conclusions: The results suggested that Chinese users relied on HIVST kits to reduce and prevent HIV infection, while they
also considered HIV infection a punishment related to moral violation such as being sexually promiscuous. The traditional Chinese
health belief that health is influenced by one’s morality still persists among some Chinese users. Many users also lacked appropriate
knowledge about HIV transmission and self-testing kits.

(J Med Internet Res 2022;24(11):e38398)   doi:10.2196/38398
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Introduction

Background
In recent years, there has been an upsurge of HIV infection rates
in China, particularly among young people [1]. Early detection
of HIV is of vital importance to AIDS intervention and
treatment. Among different HIV testing options, HIV self-testing
(HIVST), also known as home testing, is more preferred by
young people for its convenience, confidentiality, control over
disclosing the status to others [2], and social acceptability [3].
HIVST is a process whereby individuals collect their specimens
such as oral fluid and blood to perform and interpret HIV rapid
diagnostic tests themselves in private [4,5]. This procedure was
recommended by the World Health Organization as an option
to expand HIV testing coverage [6]. A recent study has shown
good consistency between HIVST kit results and HIV antibody
detection results [7]. There is a potential of using HIVST to
reach the population at high risk such as sexually active young
adults who preferred HIVST kits to traditional clinical tests for
the accessibility and speed of results of HIVST kits [8].

Many pilot studies showed that HIVST received high
acceptability for populations at risk of HIV infection in multiple
countries such as Kenya [9], Canada [10], and the United States
[11] because it is easy to use and could address stigma-related
barriers to testing [9,12,13]. However, HIVST may result in
risks in some resource-limited settings and bring about concerns
with regard to policies, ethics, privacy issues, users’ safety, and
public health issues such as the lack of linkage to care or failure
to detect accurate HIV infection [4-6]. Although HIVST has its
drawbacks, it expands HIV testing to a wider population,
provides preliminary HIV knowledge [6], and contributes to
informed sexual decision-making [4,12].

To lower the increasing HIV infection rate in China, the State
Council of China issued Thirteenth Five-Year Plan (2017-22)
for HIV and AIDS prevention and control in which the
government encourages the expansion of HIVST by exploring
[14] the strategies to promote HIVST through selling self-testing
kits in pharmacies and sellers on the web. The Chinese Center
for Disease Control and Prevention and Chinese STD and AIDS
Association have also been promoting HIVST by providing
HIVST-related information through different channels [15]. In
2019, the Chinese Center for Disease Control and Prevention
published the “Manual of AIDS Self-testing Guidance” [16] to
provide at-risk populations with informational support.

There are robust HIVST studies examining high-risk populations
such as men who have sex with men (MSM) in China [7,17-19].
Han et al [17] found that self-testing among MSM was positively
related to being married, having ≥6 male anal sex partners in
the past 3 months, and having HIV tested within 12 months.
Another study found that older age and marriage could be
barriers for HIVST uptake, and higher educational levels and
more HIV and AIDS knowledge are positive predictors of
HIVST uptake among MSM [7]. In addition, administering
HIVST among MSM was also preferred by students and those
who have a junior college degree or higher and had anal
intercourse with men in the past 6 months [20].

Objectives
Overall, current HIVST studies in China have been
overemphasizing MSM while ignoring a more general
population who use HIVST. However, the largest group that
uses HIVST kits in China might not be MSM. A recent study
examined the profiles of those who purchased HIVST kits on
the web and found ≥57% of the web-based buyers were
heterosexual [21]. In addition, it is found that web-based buyers
of HIVST kits tended to have higher education and upper-middle
income and to be unmarried young men [21]. It should be noted
that HIVST studies in China have overwhelmingly adopted
obtrusive methods such as survey [7,17-19,21] and interview
[12,22] in which those who took HIVST were approached by
researchers or they were aware of their status as study
participants. Because of HIV stigma in Chinese society [23],
participants who completed the survey or got interviewed may
not disclose truthful information about their self-testing
experiences. In addition, due to the limitations of survey and
interview methods, those studies discussed earlier have seldomly
examined emotional responses and other sociopsychological
factors for those who took HIVST. Taken together, we aimed
to adopt an unobtrusive approach [24] to explore HIVST kit
users’ authentic experiences of administering self-testing based
on the web-based comments posted under HIVST kits sold on
e-commerce platforms. This approach of examining
user-generated health-related information is referred to as
infodemiology, which helps to understand user knowledge,
attitudes, behaviors, and information consumption [25-27].
Infodemiological approaches examined health communication
and information distributed on the internet such as characteristics
of health websites or consumers’ health informatics [25,28].
Infodemiological approaches have been used widely in health
areas [29] to inform public health and policy and obtain
user-generated opinions. Users’ feedback comments on
health-related devices were used as textual data in
infodemiological studies on Amazon customer reviews of
direct-to-consumer hearing devices [28] and penile clamps [30].
However, there are few infodemiological studies on feedback
comments for using HIVST kits in China. It is important to
explore how user-generated comments on Chinese e-commerce
websites reflect HIVST users’ emotional reactions, the reasons
for buying HIVST kits, and concerns with their health status.
More importantly, those comments are generated by a more
general population in China instead of only MSM. As a result,
this infodemiological study expanded on the current HIVST
studies in China and provides a broader picture of Chinese
HIVST kit users by examining their authentic user experience
based on their feedback comments.

Methods

Overview
This research included 2 studies examining HIVST kit feedback
comments on e-commerce platforms. The first study was an
inductive thematic analysis to identify patterns from qualitative
data to generate unanticipated insights [31]. Owing to the limited
number of studies on the user experiences of HIVST kits, there
is little evidence that can be used to derive specific research
questions, so inductive thematic analysis was adopted to provide
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a preliminary picture of HIVST kit users in China. Themes
identified from the comments on HIVST kits in the first study
were discussed and then served as the coding categories for the
second study, a quantitative content analysis. Quantitative
content analysis is frequently used to analyze media messages
to explore the patterns in message contents [32]. In the second
study, we aimed to explore more specific questions raised from
the first study based on a larger sample of comments to
understand HIVST kit users’ profiles and their responses after
purchasing HIVST kits.

Data Selection and Collection
Feedback comments of HIVST kits from Pinduoduo and Tmall
were selected for analyzing the HIVST users’ experiences.
Tmall and Pinduoduo were chosen because both platforms have
a huge number of users in China, but they have a different target
market. Tmall is an e-commerce platform for top-quality
branded products that guarantees all goods on the platform are
authentic [33] and had 500 million users by January 2021 [34].
Pinduoduo is a rapidly growing e-commerce platform and had
867 million active buyers in 2021 [35]. Most Pinduoduo users
are price-sensitive customers who live in lower-tier cities in
China [35].

Data were collected in early December 2021. We searched the
keyword “hiv test” in the platforms and identified the top
10–selling HIVST kits at Tmall mobile app and top 15–selling
HIVST kits on the Pinduoduo mobile app based on their sales
volume within the past month of data collection. The rationale
to choose the top-selling products is that, usually, best-selling
products generate most feedback comments. There were
relatively fewer comments for each HIVST kit posted on
Pinduoduo than Tmall, so more HIVST kits sold on Pinduoduo
were selected to obtain enough comments. The HIVST kits sold
on Tmall or Pinduoduo are either blood based or saliva based.
All the HIVST kits discussed in this paper have passed China’s
National Medical Device Registration Approval.

Feedback comments are defined as information including texts,
signs, and emoticons posted publicly on Tmall and Pinduoduo’s
comment section by HIVST kit users in this study. There were
several comments such as “This user thinks this product is really
good and gives a five-star rating” or “This user does not leave
any comment,” which were automatically generated by the
platforms while data were retrieved. These comments were
excluded from the data corpus because they yielded little
implication for our study and were not made by real
commenters. Duplicated comments for a particular kit from the
same commenter posted during the same period were also
removed from this analysis because they might be fake reviews.
The final data corpus pool included 21,018 comments
(Pinduoduo: n=4989; Tmall: n=16,029).

Ethical Considerations
All the comments retrieved from Pinduoduo and Tmall were
posted publicly on the comment sections and were accessible
to everyone visiting these 2 platforms. All personally identifiable
information (such as commenters’usernames in these platforms
and names of locations mentioned in comments) included in

the comments was removed from the analysis to protect
commenters’ anonymity and privacy.

Results

Study 1: Thematic Analysis

Overview
A sample of 192 comments were randomly selected from the
overall data corpus for thematic analysis. We followed the
procedure of thematic analysis as suggested by Braun and Clarke
[31] to generate initial codes, sort those codes into themes,
review themes, and define themes. We then read another sample
of 175 comments from the overall data to ensure no new themes
appear [36].

Four major themes were identified from 367 comments posted
on Pinduoduo (n=81) and Tmall (n=286), including the
expression of positive and negative emotions, calling for living
a clean and moral life, comments on the sellers and HIVST kits,
and the reasons for buying HIVST kits. These themes are not
mutually exclusive, so a single comment may include all 4
themes.

Expression of Positive and Negative Emotions
Under this theme, HIVST kit users expressed their positive
emotions specifically focusing on gratefulness and relief after
getting their negative test results, their negative emotions before
getting the test, and their hope for others to get negative test
results and stay healthy. In most cases, commenters tended to
express their gratefulness to the heavens such as “Thank heavens
and I will be definitely more cautious about my sexual
activities,” while several commenters express their gratefulness
to many targets. For example, 1 user commented as follows:

At last, I will thank that scumbag guy for not killing
me. Thank heavens for sparing my life. Thank heavens
for not killing me. Thank [the brand of HIVST kits].

In addition, comments expressing positive emotions such as
relief were observed frequently:

Thank heavens for not killing me. Now I finally feel
relief.

Some commenters expressed negative emotions before the test,
such as fear and guilt, and positive emotions (gratefulness and
relief) after the test, in a single comment, for example:

I will never forget the feeling at the day while waiting
for shipping [of the HIVST kits] that I would rather
be dead. Once recalling this, I was trembling all the
time. Luckily, the result turned to be good. Take 20
minutes [to conduct HIVST] to get peace for the
eternal life. Thank heavens. If you are afraid of
[getting HIV]. Don’t panic. Don’s trust information
on the Internet which is exaggerated. Please get
[HIV] test.

I am looking at the reagent paper and thinking about
my life for a while. The result is negative and I feel I
get a rebirth inside. Recalling that experience in a
few months ago, it might be the most regretful thing
I did in my whole life. I would never think that I was
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associated with “AIDS” a few months ago. AIDS had
deeply influenced my life in the past few months, I
was bothered by different kinds of fear and worries
inside. [AIDS] just surrounded me entirely and almost
suffocated me.

I have been scared for a few months. It’s like I had
been living in a hell in the past few months. After the
test today, I finally feel relief. I will live a clean and
moral life in the future and not feel worried any
longer.

In front of [sexual] temptation, you just could not
make any reasonable decision. Previously I committed
such a sin and I was so frightened. I am too young
and have no children. If I really got shot [to get
AIDS], I deserved it. Luckily, thanks for heaven’s
mercy to spare my life. Since this event, I feel so
grateful and I will be a good person.

In addition to gratefulness and relief, HIVST kit users also
expressed their hope for both themselves and other HIVST users
to receive negative results. Two users commented as follows:

Thank heavens for not killing me. I hope the test result
is accurate. I hope everyone who purchases this
[HIVST kits] gets a negative test result!!!

If you found yourself getting infected earlier, you can
get yourself treated earlier. I hope all of you just have
a false alarm! Hope all of you [have] negative [test
results]!

Calling for Living a Clean and Moral Life in the Future
This theme features calling for living a clean and moral life
(Jieshenzihao in original Chinese comments) in the future with
greater self-control for users themselves and other HIVST kit
users. Commenters made promises to resist promiscuous
lifestyles and made a determination to live a self-disciplined
life. The following are a few examples:

I got a box of oral fluid test kits and a box of blood
test kits...both test results are negative. I hope the test
results are accurate. I will live a clean and moral life
so diseases [HIV] will not attack me. I posted this
comment here as a reminder to myself! And I shared
this (comment) with everyone!

AIDS-phobia is so scary. I was so scared while
waiting for the test result. I was too young to know
how harmful it is when I had these risky acts. I could
not fall into sleep these days [because I was]
imagining how I should deal with my family members
if I really got AIDS. Thank heavens for not killing me.
If I was going out for some promiscuous acts in the
future, may thunders strike me down.

Other HIVST kit users shared their experiences as a warning
to raise HIV awareness and to call for others to resist
promiscuous lifestyles:

I am warning everyone here. Never live
promiscuously. You must live a clean and moral life
and be careful about your health. I hope everyone

gets a bright future, and I will start to live my new
life.

After this experience, I have learned the importance
of living a clean and moral life and will no longer
fool around my own life...I hope everyone can live a
clean and moral life and don’t fool around with your
own life so easily.

Comments on the Sellers and HIVST Kits
Under this theme, HIVST kit users provided either positive or
negative evaluations for web-based sellers and HIVST kits. As
for their web-based shopping experiences with sellers on these
e-commerce platforms, most comments were concerned with
privacy and convenience about purchasing HIVST kits on the
web, which is consistent with the previous findings on the
advantages of using HIVST for the sake of privacy and
convenience [18,22,37]. For example, some commenters made
a comparison between using HIVST kits and visiting the clinic
for a test and showed their preference for the former:

I feel that a heavy stone was finally removed from my
heart. This reagent paper was amazing to protect me
from awkwardness for visiting a clinic.

The price is really reasonable and much cheaper than
visiting a clinic. The [shipping] speed is really fast.
I bought it today and it will arrive tomorrow. Shipping
service is really good.

Cheap and useful. Accuracy is as high as testing at
a hospital.

An interesting observation from these comments is that few
HIVST kit users complained about the cost of buying kits.
Unlike previous findings based on MSM samples in which high
cost is one of the top barriers for using HIVST [18,22], some
users in this study even considered HIVST kits sold on
e-commerce platforms to be very cheap. One explanation is that
web-based buyers of HIVST kits tended to have upper-middle
income. This may result from the demographic differences
between the general population examined in this study and
MSM samples in previous studies.

There are comments addressing how patient the customer service
representatives were. Some buyers posted positive comments
about sellers for fast delivery and discreet shipping to protect
their privacy. Because of HIV stigma in China [38], those who
purchased HIVST kits on the web were worried about their
privacy, so discreet shipping plays an important role for those
buyers to assess sellers; for example:

Very nice. The customer service representative is very
patient. I finally feel relief after this test. One line
[appeared on the reagent paper as a negative result]
and there is not any [other] problem.

Shipping speed is fast. Operation is easy and [test
result is] accurate. The package was delivered in
discreet shipping.

This time of torture is finally over. I will definitely
love my life after this. [AIDS] is such terrible. The
reagent paper is good. The package [of HIVST kits]
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was handled in discreet shipping. This seller is
considerate and the speed of delivery is fast.

As for the user experience of administering HIVST, there are
several positive comments on the accuracy of the test and the
speed of getting the result. The following are several examples:

Reagent paper has good quality. The test result is
very accurate. Administering this test at home is so
convenient.

Very good to check health status. I have been worried
for several days and finally I feel relief to work. It’s
so frightening. Reagent paper is nice and operation
is convenient. I conducted [this test] really quick.

The quality is guaranteed. Safe and effective. The
package from this seller is complete. The most
important is to get the result fast and conveniently.
[I] don’t have to worry about this every day!

Previously I used HIVST kits of other brands, but I
still felt unsure [about test results]. Then I found this
[brand name of HIVST kits] and knew many hospitals
and disease control centers all used this [brand]. I
also knew their HIVST kits got certified from World
Health Organization PQ, which makes me trust the
accuracy of test results. Thank [this brand] for
producing such excellent kits.

Accurate, formal, safe, and convenient, but the lancet
to collect blood samples is too short to use. It took
several times to push blood out. Maybe it’s my own
problem.

Interestingly, few commenters mentioned visiting a clinical
center for conventional voluntary counseling and testing (VCT)
to ensure their test results are accurate after obtaining negative
results from HIVST. There are also few comments questioning
the accuracy of the test result, which is not consistent with the
previous findings that MSM in China were worried about the
accuracy of HIVST [18,22]. One study found that MSM in
China recognized HIVST as a supplement rather than a
replacement for facility-based testing [12]. It remained a
question as to whether the general HIVST kit users in China
recognize HIVST as a replacement for facility-based testing
methods without questioning the testing accuracy. Similar to
the aforementioned quotation where a commenter took the
testing accuracy of HIVST kit for granted because of its
certificate from the World Health Organization Prequalification,
most HIVST kit users did not express their concerns with
operation errors and misinterpretation yielding negative test
results, not to mention seeking VCT from clinic centers to ensure
their test results.

There are also a few negative comments on sellers and user
experiences. Some comments complained about the shipping
speed, customer service, and the quality of tools inside HIVST
kits. For example, one user complained about the shipping speed
and finally gave up on waiting for the HIVST kits ordered on
the web:

Shipping is a little bit slow. I ordered [HIVST kits]
on Monday night…and received it on Thursday
afternoon. I could not wait for that and went to a

clinic (to test), which cost me 40 Chinese Yuan and
2 hours to get the result.

Another buyer posted a negative comment on a customer service
representative who denied the problem caused by the quality
of kits:

Thumb down (for this product). [Reagent paper] did
not absorb the collected blood sample. [The customer
service representative] said this was due to my
operation error. I bought HIVST kits from many
[other] sellers and I bought kits from this seller
several times. It is the first time to have this
problem…Please do not buy [HIVST kits] from this
seller.

Several buyers commented on the lancet used to collect blood
samples, such as biosafety of using such a lancet and how hurtful
it would be. Zhang et al [22] reported similar observations in
which MSM were worried that needles or lancets in HIVST kits
were used by other people carrying HIV. A similar result is
observed in this study:

One of the lancets looks like broken. Don’t know
whether or not it was used by someone else. I was so
scared.

Reasons for Buying HIVST Kits
Commenters also provided their reasons about why they decided
to purchase and use HIVST kits. The reasons included risky
sexual activities, nonsexual transmission, pure AIDS phobia,
and preventive purposes. Most of the reasons are related to
commenters’ own or their sexual (ex-) partners’ risky sexual
activities, which made them purchase HIVST kits, for example:

Thanks! Heavens gave me a chance for a new life. I
met a lady…and after that I got neck and spine pain
with slight fever latterly. I saw AIDS prevention
campaigns in my community and I found I got similar
symptoms. I felt so scared. My brothers and sisters,
please live a clean and moral life! I would not behave
like that after this lesson. At last, thanks for this
HIVST kit to bring me a new life.

It is necessary to test. Nowadays young people do not
have only one partner. This disease has a long
incubation period so it is necessary to test.

Don’t date young adults anymore in the future. It’s
scary. Thank heavens for sparing my life. I will
behave myself and I must use a condom. Safety comes
first, my sisters.

I was once got drunk and had sex with someone. I
was so scared but don’t have the courage [to get test].
Thank heavens for sparing my life. I will not drink
alone in the future. I will live a clean and moral life.

There are also reasons focusing on using HIVST because of
fear of nonsexual HIV transmission via blood and oral fluids;
for example:

I was having a meal with a friend and was kissed
suddenly [by this friend]. I felt so scared and decided
to get a [HIV] test. I knew he went out for prostitution
before. I went to a disease control center for
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counseling, and the doctor there was stubborn and
did not give me any clear suggestions. Then I went
to a hospital that specializes in infectious diseases
for counseling. The nurse there told me HIV could
not be transmitted via kissing, even tongue kissing,
and suggested that I seek psychological therapies if
I was so fearful.

While I was giving an injection to someone who might
be a drug addict, [this person’s blood sample or oral
fluids (not specified in the comment)] dropped on my
fingernail. On the second day, it was found out that
this [patient] got AIDS. Although there was no open
wound on my skin, I was scared to death. I am a
pregnant woman and I am so angry. I hope all AIDS
patients should not hide their status while visiting a
clinic. This is really dangerous for health
practitioners. It’s harmful for both others and patients
themselves.

Negative. Thank heavens for sparing me. I went to a
small beauty salon to remove pimples a few years
ago. I was so frightened since the needle used in this
beauty salon might not get disinfected. Listen to me,
if you want to do some cosmetic surgeries like ear
piercing or eyebrow tattoo, you definitely should go
to a formal beauty salon. Otherwise, you might have
to worry about getting AIDS.

Clearly, these commenters know of nonsexual HIV transmission
on some level, and they may have legitimate concerns to worry
about getting HIV infection via medical tools or blood.
However, their self-perceived likelihood of getting infected
might be overestimated because of their misunderstanding of
HIV transmission. They knew the ways of transmission but did
not have a clear picture of the likelihood of getting HIV infection
for each type of transmission and other HIV information such
as how long HIV will be infectious outside the human body,
which finally caused their panic and phobia and the buying of
HIVST kits. The contagiousness of HIV was exaggerated, which
is consistent with the previous study [39].

There are also a few cases in which HIVST kit users tested
themselves because of AIDS phobia elicited by the popular
science of HIV or they chose to test for preventive purposes,
for instance:

I was told getting tooth extraction can even cause
AIDS from popular science [articles or videos (not
specified in the comment)]. I will get a premarital
examination really soon. I was scared so I bought
HIVST kits to test myself. I was so nervous before
testing. My head was buzzing. I wondered what I
should do if I really got [infected by HIV]? I put so
much effort into dating a good boyfriend right now
and I was afraid that [he] would leave me [because
of AIDS]. Later, I realized that I just thought too
much… Thank heavens for sparing my life. Although
I did not fool around, I am neither homosexual nor a
drug addict. However, it is still risky [to get HIV]
from wounds if you do not use any bandage. As

someone on the Internet said: AIDS-phobia makes
me live a discreet life. Same as me.

Interestingly, this commenter did not engage in any risky
behaviors and did not contact anyone who might carry HIV.
She chose to take HIVST only because she was frightened by
the popular science of HIV. She wanted to ensure her HIV status
to prevent any possible embarrassment and loss before her
marriage. This commenter even suggested that AIDS phobia
helped her live a discreet life.

The aforementioned examples also demonstrated the stereotypes
about people who live with HIV or AIDS, such as portraying
people who live with HIV or AIDS as homosexual or drug
addict. It raises a question about the effectiveness and the side
effect of the popular science of HIV and people who live with
HIV or AIDS, which may lead to further HIV-related panic,
fear, and stigma.

In addition to these 4 main themes, there are some minor themes
that did not appear frequently from these comments. For
instance, there are a few comments concerning the
misinformation and rumors about HIV or AIDS that they
searched on the internet. One commenter said: “I will suggest
to everyone that they should not check [a Chinese-based search
engine] because [information searched on this site] frightened
me a lot.” Another commenter was so scared by the
misinformation on the internet about HIV and was not able to
get a test immediately:

I found AIDS symptoms on the Internet matched with
mine perfectly. I had been panicking for almost a
whole year. I was too scared to get a test. I could only
get comfort by telling myself that the chance [of
getting HIV infection] is so slight via searching
information on the Internet. However, it was said that
the more you know, the more you fear. If you search
[HIV] on [a Chinese-based search engine], you find
yourself getting an incurable disease.

There is also a comment concerning the effect of using HIVST
on mental health: “Just a suggestion, make sure you are
psychologically prepared before purchasing [HIVST kits].” This
is consistent with one of the drawbacks of taking HIVST that
HIVST kit users receive little professional and appropriate
psychological support and counseling in a nonclinical setting
[4,13,22].

As a result, 4 main themes were identified from HIVST kit
users’ comments. The first theme is concerned with the
expression of positive and negative emotions. Many commenters
under this theme thanked the heavens for sparing their life and
showed their relief after receiving negative test results. Other
commenters under this theme expressed hope for everyone else
to receive negative test results and stay healthy. In addition, this
theme is also characterized by commenters’ panic and fear of
HIV infection before receiving negative test results and
commenters felt extremely uncertain and unsafe about their
future life interrupted by potential HIV infection. The second
theme is concerned with living a clean and moral life in the
future. Commenters under this theme not only expressed their
determination to live a careful life but also offered sincere
suggestions for others not to be sexually promiscuous around
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in the future. The third theme focuses on the evaluative
comments on either sellers for their services, shipping speed,
discreet shipping, conveniences, and other advantages over
visiting clinics or HIVST kits for their quality. The fourth theme
focuses on commenters’ reasons about why they chose to
purchase HIVST kits. Most of the reasons reflected commenters’
fear of HIV infection by sexual transmission. Other reasons
focused on nonsexual HIV transmission via blood or unclean
medical tools. The implications for these findings are explained
in the Discussion section after the results of the content analysis.

The first thematic analysis study explored some features of
HIVST kit users’ comments posted on e-commerce platforms.
However, owing to the inductive nature of the thematic analysis,
this study only provides a basic picture of users’ concerns with
a limited data sample. More systematic observations are needed
to provide quantitative data about the frequency of each thematic
feature based on a larger sample of comments. In addition, the
sample yielding these 4 main themes was based on the mixed
comments from 2 different e-commerce platforms, so the
possible differences in these themes between platforms were
not observed in this study. We will address these aforementioned
questions in the second study of the quantitative content analysis
based on 1857 comments on HIVST kits.

Study 2: Quantitative Content Analysis

Overview
The second study provides quantitative data about frequencies
of different thematic features of comments based on a larger
sample of comments. In addition, we aimed to explore any

potential differences regarding HIVST kit users’ comments
between different e-commerce platforms. We conducted a
quantitative content analysis of 1857 HIVST kits users’
comments posted on Tmall (n=975) and Pinduoduo (n=882).
These 1857 comments were randomly selected from the entire
data pool including 21,018 comments retrieved in December
2021. Regarding the random selection process for the content
analysis, a Microsoft Excel add-in named Fangfanggezi [40]
that enables random sampling within Excel was used.
Quantitative content analysis was adopted for this study because
it is widely accepted for studying buyers’ feedback comments
[41,42] to understand patterns of a large-sized sample of
messages.

Codebook Development
The codebook was developed based on the main themes
identified in the first study. Different coding categories were
elaborated upon based on thematic features under each theme
including gratefulness, positive emotions (eg, relief and
happiness) other than gratefulness, negative emotions, hope for
negative test results and good health, calling for living a clean
and moral life in the future, comments for sellers, comments
for HIVST kits, and the reasons for buying HIVST kits. In
addition to these coding categories developed from thematic
features mentioned in the first study, there is one newly added
coding category, users’ disclosures of their self-testing results,
which emerged inductively from coders’ training processes. A
single coding unit could be coded for multiple thematic features
mentioned in the codebook. Details of the coding categories are
presented in Table 1.
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Table 1. Coding categories for quantitative content analysis.a

Examplesc,dDescription of each level within the categorybCategory (thematic
features)

Gratefulness • “Thank heavens for sparing my life.” (Coded as 1)• 1=commenters expressed gratefulness after
receiving negative test results • “Thanks. Heavens give me this opportunity. I will live a sexually abstinent

life in the future. Being negative forever.” (Coded as 1)

Positive emotions
other than grateful-
ness

• “I used it but I am not sure about the accuracy of the test result. Anyway,
I feel much better now.” (Coded as 1)

• 1=commenters’ positive emotions (eg, re-
lief and happiness) except from gratefulness

• “Feel relief.” (Coded as 1)

Negative emotions • “I heard about AIDS every and it scared me to death. In the future, I must
live a sexually abstinent life.” (Coded as 1)

• 1=commenters’ negative emotions such as
fear and guilt

• “Finally, I don’t need to have my heart in my mouth any longer. The food
today is so delicious.” (Coded as 1)

Hope for negative
test results and
good health

• “Wish everyone [getting] negative [test results]...” (Coded as 1)• 1=commenters expressed their hope for
everyone receiving negative test results and
staying healthy

• “Hope being negative forever. Hope everyone to stay healthy!” (Coded
as 1)

Calling for living a
clean and moral

life in the futuree

• “Thanks. [Hope] negative always. Keep living a sexually abstinent life.
[Live] healthy and happily.” (Coded as 1)

• 1=commenters called themselves to live a
clean and moral life

• •2=commenters called others to live a clean
and moral life

“Dear strangers. Promise me. Love yourself.” (Coded as 2)
• “Live a sexually abstinent life, bros.” (Coded as 2)

• 3=commenters called both themselves and
others to live a clean and moral life

• “Thank heavens for giving me an opportunity of the rebirth. I must live
a sexually abstinent life in the future. And hope other bros to live a sexu-

• 4=commenters encouraged others to get
HIV tests but did not mention living a clean

ally abstinent life.” (Coded as 3)
• “I can continue to fool around...” (Coded as 5)

and moral life
• 5=keep on fooling around

Comments for sell-
ers

• “It is the discreet shipping. Shipping speed is fast...” (Coded as 1)• 1=positive evaluation for sellers (regarding
convenience, shipping speed, discreet
shipping, price, customer service, etc)

• “First time I bought two kits...now I finally got off from this fear. Thank
the seller for their patient explanations.” (Coded as 1)

• 2=Negative evaluation for sellers • “Customer service representative No. XXX is very irresponsible!!!...Good
attitude before the purchase but attitude changed after the pur-
chase!!!...When the customer had a problem which needed her explanation,
she was not patient! Being distracted!!!...” (Coded as 2)

Comments for kits • “Safe and convenient. Good attitudes for customer service.” (Coded as
1)

• 1=positive evaluation for kits (regarding
testing accuracy, biosafety, and easiness of
operation and interpretation, etc) • “The reagent paper is very good and convenient. Thank the boss.” (Coded

as 1)• 2=Negative evaluation for kits
• “The lancet is broken and could not be used. Please don’t buy it everyone.”

(Coded as 2)
• “Useless. I doubt if this thing can test (the disease) at all.” (Coded as 2)
• “Garbage. The reagent paper is useless...” (Coded as 2)

Reasons • “I must be crazy. I did nothing. Once the teacher mentioned this in class,
I felt panic. I bought the kit and it’s nothing wrong. I just want to feel re-

• 1=commenters’uptake of HIVSTf because
of pure phobia

lief. In the future, I shall no longer look at these websites about hiv...”• 2=commenters’ uptake of HIVST because
of their or their (ex)partners’ risky sexual (Coded as 1)

• “I had two tests and both were negative. In the future, I must stay away
from the scumbag guy. Thank the seller.” (Coded as 2)

activities
• 3=commenters’ uptake of HIVST because

of nonsexual transmission • “I have tattoo. It was said the tattoo needles are not clean. I was scared
so I bought the kit to test as soon as I can...It is best that you don’t get• 4=commenters’ uptake of HIVST because

of feeling bored or curious tattoo or teeth extraction if there isn’t any problem. It saves your time for
worrying about yourself.” (Coded as 3)• 5=commenters’ uptake of HIVST for pre-

ventive purposes • “Bought this for my curiosity.” (Coded as 4)
• “It is necessary for adults to take the test regularly. Very good, easy to

use, and convenient.” (Coded as 5)
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Examplesc,dDescription of each level within the categorybCategory (thematic
features)

• “Being worried for a few days. I received [the kit] and get self-testing.
There is not any problem at all. I can feel relief now.” (Coded as 1)

• “Positive results twice...” (Coded as 2)
• “I am not sure whether the test result is accurate. The operation is conve-

nient.” (Coded as 3)

• 1=there is enough evidence to infer that the
user received a negative test result (eg,
Thank heavens for sparing my life!)

• 2=there is enough evidence to infer that the
user received a positive test result

• 3=commenters felt unsure about results

Disclosures of self-
testing results

aAll coding categories are not mutually exclusive. Krippendorff α values for all categories ranged from .79 to 1.00.
b0=absence of a particular category.
cWe corrected typos and grammar errors.
dExamples were selected from 1857 comments for the content analysis.
eThere are several newly added levels within a category such as levels 3, 4, and 5 in the category of calling for action. They were included during the
training process as suggested by 3 coders.
fHIVST: HIV self-testing.

Coder Training and Procedures of Analysis
Three coders were trained using the codebook to code 50
comments to test the codebook’s clarity and ensure their
understanding of it. Then, each of the 3 coders were provided
the same set of 50 new comments to code independently. After
they completed coding, intercoder reliabilities between them
were calculated, and the coders were brought together to discuss
and reconcile their discrepancies in terms of coding. Their
feedback was also used to modify the coding categories in the
codebook. This procedure of independent coding was repeated
thrice. One new coding category of disclosing HIVST results
mentioned earlier was included in the original codebook during
these 3 trials. The training finally yielded accepted intercoder
reliability (Krippendorff α values ranged from .79 to 1.00 for
all 9 coding categories). Then, each of the coders was provided
a different set of about 600 new comments to code
independently, yielding 1857 comments in total for the
quantitative content analysis.

Frequencies of Thematic Features in Total
The frequencies of different thematic features in total and in
each platform are displayed in Table 2. The top-5 predominant
thematic features in total (N=1857) included comments for
HIVST kits (906/1857, 48.79%), disclosures of self-testing

results (869/1857, 46.79%), comments for sellers (593/1857,
31.93%), gratefulness (493/1857, 26.55%), and calling for living
a clean and moral life (341/1857, 18.36%). It is not surprising
to find that the predominant thematic features observed are
related to evaluations for HIVST kits and sellers since the data
were based on feedback comments on e-commerce platforms.
Surprisingly, there are many comments disclosing their
self-testing results. HIVST kit users may consider e-commerce
platforms as an anonymous stage to express their concerns and
discuss their test results without worrying about HIV stigma.
However, only a few commenters disclosed their positive test
results (6/1857, 0.32%). Most commenters reported negative
test results (833/1857, 44.86%). It is questionable whether those
receiving positive test results may feel more reluctant to disclose
their status in their feedback comments because of HIV stigma.
On the other hand, even though most commenters received
negative test results, their acts of disclosing the test results and
(more importantly) the fact that they conducted HIVST implied
their HIV awareness, self-efficacy, and courage to counter HIV
stigma instead of regarding the taking of HIV tests as a
controversial and stigmatized topic. In addition, regarding the
comments for sellers and kits, there were more positive
evaluations than negative evaluations, which suggested that, at
least for HIVST kit users, most kits sold on the web met their
needs.
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Table 2. Frequencies for thematic features in total and each platform (N=1857; Tmall: n=975; Pinduoduo: n=882).

Pinduoduo, n (%)Tmall, n (%)Total, n (%)Thematic features

287 (32.5)206 (21.1)493 (26.5)Gratefulnessa

87 (9.9)97 (9.9)184 (9.9)Positive emotions other than gratefulness

117 (13.3)134 (13.7)251 (13.5)Negative emotions

33 (3.7)38 (3.9)71 (3.8)Hope for negative test results and good health

202 (22.9)139 (14.2)341 (18.3)Calling for living a clean and moral life in the futureb

186 (21.1)124 (12.7)310 (16.7)Calling themselves to live a clean and moral life

8 (0.9)11 (1.1)19 (1)Calling others to live a clean and moral life

8 (0.9)2 (0.2)10 (0.5)Calling themselves and others to live a clean and moral life

0 (0)2 (0.2)2 (0.1)Keep on fooling around in the future

302 (34.3)291 (29.9)593 (31.9)Comments for sellersa

296 (33.6)266 (27.3)562 (30.2)Positive evaluation

6 (0.7)25 (2.6)31 (1.7)Negative evaluation

436 (49.4)470 (48.2)906 (48.8)Comments for HIVSTc kitsa

426 (48.3)430 (44.1)856 (46.1)Positive evaluation

10 (1.1)40 (4.1)50 (2.7)Negative evaluation

134 (15.1)156 (16.1)290 (15.7)Reasons

55 (6.2)78 (8)133 (7.2)Pure phobia

55 (6.2)30 (3.1)85 (4.6)Risky sexual activities

8 (0.9)21 (2.2)29 (1.6)Nonsexual transmission

3 (0.3)6 (0.6)9 (0.5)Feeling bored or curious

13 (1.5)21 (2.2)34 (1.8)Preventive purpose

452 (51.2)417 (42.8)869 (46.8)Disclosures of self-testing results

440 (49.9)393 (40.3)833 (44.9)Negative

2 (0.2)4 (0.4)6 (0.3)Positive

10 (1.1)20 (2.1)30 (1.6)Unsure about results

aA significant association between this thematic feature and platforms (P<.001).
bThere is level 4 under the category of “calling for living a clean and moral life” in which commenters encouraged others to get HIV tests but did not
mention living a sexually abstinent life (Table 1). This level was added during the training process based on the training data, but there were not any
comments in the main study which can be coded for this level. Hence, it was removed from Table 2.
cHIVST: HIV self-testing.

Differences Between Tmall and Pinduoduo
The relationship between each one of the thematic features and
e-commerce platforms were examined by using Chi-square tests
to explore possible platform differences. Some significant results
were observed. The association between the thematic feature

of gratefulness and platforms was significant (N=1857, χ2
1=30.9,

P<.001). The association between comments for sellers and

platforms was significant (N=1857, χ2
2=17.2, P<.001). The

association between comments for HIVST kits and platforms

was also significant (N=1857, χ2
2=17.1, P<.001). Table 2

presents details on the platform differences.

Other Findings
Chi-square tests were also conducted to examine the
relationships between different types of thematic features, and
some significant relationships were observed. Gratefulness was
associated with multiple other themes: positive emotions other

than gratefulness (N=1857, χ2
1=90.7, P<.001); negative

emotions (N=1857, χ2
1=67.3, P<.001); comments for seller

(N=1857, χ2
2=53.8, P<.001); comments for HIVST kits

(N=1857, χ2
1=202.6, P<.001). In addition, the theme of negative

emotions was associated with positive emotions other than

gratefulness (N=1857, χ2
1=25.3, P<.001); the theme of negative

emotions was also associated with comments for HIVST kits

(N=1857, χ2
1=76.7, P<.001).
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The content analysis of the comments on HIVST kits from the
2 popular e-commerce platforms in China yielded significant
differences in thematic features across the platforms. Some
significant relationships between the themes themselves were
also observed. The frequencies for thematic features also
provided a clear picture of predominant features observed in
these comments. The implications of these findings are
explained in the Discussion section.

Discussion

Principal Findings
On the basis of the infodemiological approach, both studies
yielded important findings on Chinese HIVST kit users’
concerns and health awareness across 2 e-commerce platforms.
To the best of our knowledge, this is the first study examining
the feedback comments of web-based HIVST kit users. The
qualitative thematic analysis identified 4 themes featuring users’
emotional responses before and after self-testing, behavioral
intentions (eg, living a clean and moral life), evaluations for
sellers and kits, and reasons for purchase. The quantitative
content analysis provided the frequencies of different thematic
features, explored platform differences of these features, and
examined the relationships between thematic features. The
implications of both studies are discussed in subsequent sections.

Thematic Analysis
On the basis of the results of the first thematic analysis, many
commenters expressed their gratefulness and relief for receiving
negative results, but few positive-result comments were
observed. This theme features HIVST kits users thanking the
heavens for sparing their life and giving them rebirth. For these
commenters, getting an HIV infection depends on the heavens
instead of themselves. This result also implies HIV fatalism,
which is the belief that HIV acquisition and mortality is beyond
one’s own control [43]. Such a fatalistic attitude might become
an obstacle for health promotion and HIV prevention campaigns
since HIV fatalism is also associated with risky sexual activities
[44,45].

Interestingly, few comments addressed the importance of using
condoms before engaging in risky sexual activities, but many
comments emphasized the importance of living a clean and
moral life in the future (theme 2). This calling for living a better
life suggests HIVST kit users, although being influenced by
HIV fatalism on some level, still believe that they can control
their health in the future by living a moral life. This
contradicting phenomenon might result from Chinese moral
beliefs based on Confucianism and Buddhism [46] that
misbehaviors bring about punishments from the heavens and
correcting misbehaviors bring about the removal of punishments
from the heavens. Confucianists believe that one’s destiny is
determined by their moral efforts and that negative outcomes
are the consequences of moral failures; Buddhists, on the other
hand, believe that good acts will earn positive outcomes and
bad acts will lead to negative repercussions [46]. Chinese virtues
emphasizing sexual purity tend to equalize promiscuous
lifestyles, infidelity, and prostitution as a sin and moral failure
(see the study by Zhai [47] for details on Chinese virtues about
sexual purity). Getting an HIV infection via risky sexual

activities is the sign of punishment from the heavens for
committing a sex-related sin. Therefore, those who expressed
thanks to the heavens may consider themselves sinful or as
failing morally for their debauched and promiscuous lifestyles,
so their HIV status depends on the heavens. If they promise to
the heavens to live a clean and moral life in the future, then the
punishment of an HIV infection is preventable or at least
controllable due to their moral efforts. Future studies should
explore how to emphasize self-efficacy to prevent HIV instead
of equalizing HIV or AIDS as a sin or punishment due to moral
failures.

In addition, few commenters mentioned seeking VCT to ensure
their test results are correct, and there were few doubts about
the accuracy of testing results. It is plausible that commenters
felt no need to confirm since they had received negative results.
However, there is also a risk of misoperation or misinterpretation
of results, not to mention the poor quality of uncertified kits or
kits damaged during shipping that may also result in accurate
results. Although previous studies suggested that the consistency
between HIVST results and antibody detection results was
90.5% [7], and most participants could perform the self-test
correctly and obtain accurate test results at home [48], there is
always a risk of a false negative. Many HIVST users did not
receive appropriate education on the limitations of HIVST kits.
The relief HIVST kit users expressed in the first theme might
just be seeming relief without confirmation from formal VCT
centers. Some comments also showed a misunderstanding of
HIV transmission. The results suggested that more HIV and
AIDS education campaigns are needed.

Content Analysis
The results of content analysis showed that a large number of
commenters expressed their gratefulness suggesting these
commenters considered that whether they get HIV is not fully
controllable but dependent on some spiritual factors outside of
their control. Therefore, there is a need to understand the
underlying reason why these people like to take their chances
rather than refrain from risky activities. The examination of the
reasons for buying HIVST kits revealed that the motivations
behind HIVST self-testing are mostly pure AIDS phobia or
related to risky sexual activities. Many commenters indicated
that they suspected they might get infected after watching an
AIDS-related video on a short video app. On the one hand, such
media-induced AIDS phobia is an effective way to increase
HIVST uptake in the general population. On the other hand,
media-induced AIDS phobia could cause anxiety and worry,
leading to long-term emotional distress. In addition, the
percentage of pure phobia reasons is higher than risky sexual
activities reasons. One possible explanation is that many Chinese
buyers feel uncomfortable sharing their sexual experiences on
the web because people do not usually talk about sex publicly
in traditional Chinese culture [47]. It is reasonable to expect
that there were many more people who took HIVST because of
their previous engagement in risky sexual activities as there is
a high percentage of comments calling themselves to live an
abstinent life. Apart from pure phobia and risky sexual activities,
there are other reasons such as preventive purposes and fear of
nonsexual transmission.
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Nearly 50% of the comments were related to the product itself
and 32% were related to the seller. It suggested that most HIVST
kit users were concerned with the quality of the product and
services that the seller provided. Interestingly, it was observed
that many users commented that “the test result is very
accurate,” although they might not have the result from the
hospital to compare with. Such a comment reflected the users’
sincere hope for a negative result. There were more positive
comments (n=562) than negative comments (n=31) for sellers.
Similarly, for HIVST kits, more positive comments (n=856)
were observed in the data than negative comments (n=50). It is
plausible that Chinese users in our data sample felt reluctant to
report a negative user experience or that some positive feedback
reviews were fabricated. Some firms pay people to write a fake
review using fake identities on the web [49], so the numbers
and frequencies of positive comments on sellers and kits might
be overly estimated.

There were some significant differences between Tmall and
Pinduoduo data. For example, the percentage of expressing
gratefulness in comments is higher for Pinduoduo than Tmall.
One explanation is that there are user differences. The user
portrait of Pinduoduo is notably different from Tmall as a large
portion of Pinduoduo users are older adults looking for
affordable products in small cities [50], and most Tmall users
are between the ages of 30 and 39 years who come from first-tier
cities [51]. In addition, some thematic features were significantly
related to other thematic features. For example, gratefulness
was related to comments on sellers, comments on HIVST kits,
positive emotions other than gratefulness, and negative
emotions. Similarly, negative emotions were related to positive
emotions other than gratefulness and comments on HIVST kits.
This may suggest that expressing feelings of gratefulness and
negative emotions might be an indicator for expressing other
types of emotions and feedbacks. The findings might also imply
that the HIVST kit users’ emotional status was related to their
evaluation on products. Gratefulness felt by these users, as a
positive emotion, was related to users’evaluation on both sellers
and products. Negative emotions, on the other hand, were related
to the evaluation on products rather than sellers. Future studies
may consider conducting sentiment analysis to understand the
contextual meaning of feedback comments of HIVST kits. In
addition, future studies might adopt the survey method to
measure HIVST kit users’gratefulness and other emotions, their
evaluation of products and sellers, their intention to live a clean
and moral life in the future, and their acts of disclosing
self-testing results in feedback comments on platforms.

Implications and Future Directions
Theoretically, this study explored Chinese cultural influences
on attitudes toward HIV prevention and acquisition. Although
comments such as “thank heavens” implied HIV fatalism that
HIV acquisition is out of one’s own control. Many commenters
believed they should live a discreet and virtuous life in the future
since the heavens had decided to spare their life. This implied
a traditional Chinese health belief in which health is influenced
by one’s morality [46]. This belief may result in health-related
stigma leading to fear of moral contamination and of losing face
for people who carry such health stigma [23,52]. People who
live with HIV or AIDS are stigmatized as immoral and indecent

[39]. Some HIVST kit users in this study carried the same moral
judgment toward people who live with HIV or AIDS and HIV
self-stigma when suspecting themselves of getting infected by
HIV. However, by cultivating morality via calling for living a
clean and moral life in the future, HIVST kit users believe that
they still have control over their health to prevent HIV. Public
health scholars, practitioners, and policy makers should explore
how this traditional Chinese health belief relating morality to
health still influences contemporary Chinese users’ responses
to HIV infection and prevention. More specifically, does this
health belief elicit HIV stigma or fatalism in China? Or does
this health belief help to strengthen people’s agency to prevent
HIV? Future studies should consider analyzing HIVST kit users’
feedback comments regarding their self-stigmatization, concerns
with face loss, feelings of shame, and fear of moral
contamination threatening to themselves and their family
members.

Methodologically, relying on authentic user-generated
information from a more general population and the
multimethod approach, this paper heralded a new direction for
HIVST research in China. Previous HIVST studies in China
mostly focused on MSM populations and heavily relied on
obtrusive methods such as surveys [18,53] and interviews
[12,22]. By analyzing user-generated information from 2
e-commerce platforms, this paper avoided possible bias caused
by obtrusive methods such as social desirability bias. In addition,
by adopting the multimethod approach and the infodemiological
perspective, this study provided a detailed picture of HIVST
kit users’ authentic concerns, which were rarely addressed in
previous HIVST studies in China. It is recommended that future
studies should consider adopting machine learning techniques
or the Linguistic Inquiry and Word Count-22 to analyze more
feedback comments of HIVST kits on e-commerce websites.
Techniques detecting fake reviews should be incorporated in a
future study to obtain a more accurate estimation of positive
evaluations on sellers and HIVST kits. There were few
commenters disclosing a positive test result in the data, future
studies should consider how to use unobtrusive methods to
obtain the information about their responses. For example,
HIVST kit users who got a positive test result might seek help
from customer service representatives to ensure their results are
accurate. Future studies may also consider interviewing the
customer service representatives of HIVST kits about their
communication with HIVST kit users to know the latter’s
inquiries and concerns. In addition, little is known about how
these HIVST kit users read the manual included in the kit
package and how they conducted testing based on feedback
comments. These might be addressed by either interviewing
customer service representatives or HIVST kit users themselves
about the difficulties the users encountered during self-testing.

Practically, this study raised a few concerns with the uptake of
HIVST in China. Both studies indicated that only a few Chinese
users questioned the quality of HIVST kits based on the
feedback comments of top-selling HIVST kits sold on popular
e-commerce platforms. In addition, very few commenters
mentioned visiting hospitals to confirm their test results. There
are still possible errors due to misoperation and misinterpretation
while taking HIVST. It is crucial to incorporate counseling and
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confirmation services into HIVST business to avoid potential
false reassurances caused by HIVST. In addition, the results of
this study suggested that HIVST kit users were overwhelmed
by misinformation on the web about HIV transmission,
infection, and symptoms, which led to some users’AIDS phobia.
Future public health campaign designers should consider
including brochures or flyers with credible HIV-related
knowledge inside HIVST kit packages.

Limitations
This study has its limitations. First, the results might be subject
to sampling bias as the buyers whose HIVST results were
positive felt reluctant to share their results on the web. Only
0.32% (6/1857) of the commenters shared their positive results
in the content analysis. In the same vein, the results of the
reasons category may not represent the whole picture as only a
small percent of commenters shared the reason why they took
HIVST. Second, the comments analyzed in this study was based
on the most recent comments on December 2021. It is hard to
know whether an extended data collection period would yield
different results. The comments analyzed in this study were
based on the top-selling products from 2 e-commerce websites
and may not be representative of the whole HIVST products
sold in China. Such limitations may raise some concerns with
the external validity of the results. Third, although platform
differences were observed, there is a lack of users’demographic
information for further analysis due to methodological
limitations of analyzing users’ feedback comments. Fourth, it
is difficult to distinguish the comments based on users’authentic
experiences from intentionally produced fake reviews posted
by sellers or competitive sellers [49]. Many duplicated
comments generated by the same commenters posted during
the same period were observed in retrieved Pinduoduo data.
These comments were doubted for being fake reviews and were
removed from the entire data corpus. Although we took some
procedures to remove potentially fake reviews in the data, there
is no guarantee that all kept comments were authentic. Future

studies should consider adopting fake-review detection
techniques such as developing algorithms based on big data
from the social platforms or adopting sentiment analysis of
written comments [54] to remove fabricated feedback comments.
After removal of the fake comments, future studies may consider
adopting purposive sampling methods to only examine the
relevant comments related to HIVST kit users’ certain
experiences such as the emotional responses after getting
negative test results or their complaints on kits. Fifth, several
HIVST kits were sold as part of kit packages including different
types of self-testing kits for detecting various diseases. Some
packages include the HIVST kit and the kit to test hepatitis B
or syphilis (which also requires a blood sample to conduct
self-testing similar to HIVST). Because the transmission of
hepatitis B and syphilis is similar to HIV transmission, it is
difficult to ensure that all the comments were targeted at HIVST
kits alone. On the other hand, among 1857 comments analyzed
in this study, only 3 mentioned hepatitis B and only 8 mentioned
syphilis. Hence, it is assumed that most comments were still
concerned with HIV and AIDS while future studies should
consider how to distinguish comments specifically targeting
HIVST from other comments. Sixth, all comments were
retrieved from either the Tmall mobile app or the Pinduoduo
mobile app. While Pinduoduo is a mobile-only platform, Tmall
has both mobile and website platforms, and comments from
both Tmall platforms were mixed together. Future studies should
explore how the mobile and website difference influences the
content of feedback comments. Finally, when users enter
feedback comments on Pinduoduo, some pop-up words are
suggested by this platform that are displayed next to the
comment section, such as “good quality and low price.” If users
click these pop-up words, the words will be automatically
entered as a part of feedback comments. It is hard to evaluate
the authenticity of certain comments that have the same content
because of this platform feature, and future studies may consider
how to detect these comments.
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Abstract

Background: The US Food and Drug Administration (FDA) recently restricted characterizing flavors in tobacco products. As
a result, ice hybrid–flavored e-cigarettes, which combine a cooling flavor with fruit or other flavors (eg, banana ice), emerged
on the market. Like menthol, ice-flavored e-cigarettes produce a cooling sensory experience. It is unclear if ice hybrid–flavored
e-cigarettes should be considered characterizing flavors or menthol, limiting regulatory action. Monitoring the public’s conversations
about ice-flavored e-cigarettes on Twitter may help inform the tobacco control community about these products and contribute
to the US FDA policy targets in the future.

Objective: This study documented the themes pertaining to vaping and ice flavor–related conversations on Twitter. Our goal
was to identify key conversation trends and ascertain users’ recent experiences with ice-flavored e-cigarette products.

Methods: Posts containing vaping-related (eg, “vape,” “ecig,” “e-juice,” or “e-cigarette”) and ice-related (ie, “Ice,” “Cool,”
“Frost,” and “Arctic”) terms were collected from Twitter’s streaming application programming interface from January 1 to July
21, 2021. After removing retweets, a random sample of posts (N=2001) was selected, with 590 posts included in the content
analysis. Themes were developed through an inductive approach. Theme co-occurrence was also examined.

Results: Many of the 590 posts were marked as (or consisted of) marketing material (n=306, 51.9%), contained positive personal
testimonials (n=180, 30.5%), and mentioned disposable pods (n=117, 19.8%). Other themes had relatively low prevalence in the
sample: neutral personal testimonials (n=45, 7.6%), cannabidiol products (n=41, 7%), negative personal testimonials (n=41, 7%),
“official” flavor description (n=37, 6.3%), ice-flavored JUUL (n=19, 3.2%), information seeking (n=14, 2.4%), and comparison
to combustible tobacco (n=10, 1.7%). The most common co-occurring themes in a single tweet were related to marketing and
disposable pods (n=73, 12.4%).

Conclusions: Our findings offer insight into the public’s experience with and understanding of ice-flavored e-cigarette products.
Ice-flavored e-cigarette products are actively marketed on Twitter, and the messages about them are positive. Public health
education campaigns on the harms of flavored e-cigarettes may help to reduce positive social norms about ice-flavored products.
Future studies should evaluate the relationship between exposure to personal testimonials of ice-flavored vaping products and
curiosity, harm perceptions, and experimentation with these products among priority populations.

(J Med Internet Res 2022;24(11):e41785)   doi:10.2196/41785

KEYWORDS

electronic cigarettes; Twitter; social media; ice flavors; tobacco policy; public health; infodemiology; FDA; tobacco; smoking;
vaping; e-cigarette; public

Introduction

The use of e-cigarettes, or vaping, among adolescents and young
adults is a public health concern [1,2]. One factor contributing

to e-cigarette use among adolescents and young adults is product
diversity and the availability of appealing flavors [3,4]. Use of
flavored e-cigarettes like fruit, sweet, mint, and menthol are the
most widely used flavors among adolescents and young adults
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[4-6]. In February 2020, to counteract e-cigarette use among
adolescents and young adults, the US Food and Drug
Administration (FDA) restricted the manufacture, distribution,
marketing, and sale of prefilled cartridge-based e-cigarettes (eg,
JUUL) in flavors other than menthol and tobacco [7].
Additionally in July 2020, the US FDA issued warning letters
to 10 prominent e-cigarette manufactures, including Cool Clouds
Distribution, the parent company of the popular brand Puff Bar,
requesting that they remove their flavored disposable e-cigarette
products because they lacked the required premarket
authorization [8,9]. In the context of these regulations, ice
hybrid–flavored products were introduced into the market [3,7].
Ice hybrid–flavored products combine a cooling flavor with
fruit, dessert, or other characterizing flavor (eg, blueberry ice
or melon ice), which may allow e-cigarette companies to
circumvent regulatory action [10,11]. Recent evidence suggests
that the use of ice-flavored e-cigarettes among young adults
may be common and positively associated with combustible
tobacco use [10,12].

Ice hybrid–flavored products may contain menthol. Menthol is
a flavor additive that produces pleasant cooling sensations and
analgesic effects in the throat and mouth, which reduces the
harshness of combustible smoke and nicotine’s irritating effects
on the airways [11,12]. Research from human and animal studies
indicates that menthol increases the intensity of how cigarettes
are smoked (eg, deeper inhalation) and facilitates smoking
initiation and nicotine intake [11,13,14]. In addition, studies
have demonstrated that menthol additives in e-liquids mask the
harshness and irritation associated with vaping nicotine and
increases the liking of vaping products [12,15,16]. Many
ice-flavored e-cigarette products contain synthetic coolants (eg,
menthone, eucalyptol, peppermint oil, and WS-3) that produce
comparable or stronger menthollike cooling and counterirritant
effects [11,12,14]. In fact, even low levels of these cooling
additives, which may not have been classified as a characterizing
flavor, could increase appeal, promote deeper aerosol inhalation,
and encourage more frequent e-cigarette use [11,12,15]. Thus,
ice flavors may not fit into existing flavor profile categories,
such as characterizing flavors (eg, fruit) or menthol, which may
circumvent current regulatory efforts [10].

One approach that may be helpful in informing regulatory efforts
is the tracking and analyzing of real-world conversations and
depictions of novel tobacco products on Twitter [17]. Monitoring
tobacco-related content on Twitter can provide valuable insights
into the public’s beliefs, attitudes, and experiences surrounding
new tobacco products [18-20]. Engagement (eg, seeing, posting,
liking, and sharing) with tobacco-related content and posting
about tobacco products on Twitter, Facebook, and other social
media is associated with an increased risk of tobacco use
[21,22]. While Twitter users have been shown to be vulnerable
to the effects of positive messages about vaping, to the best of
our knowledge, prior research has not assessed ice flavor
discussions with Twitter data [23].

This study used Twitter data to document the themes in posts
pertaining to ice flavors. Examining and monitoring the public’s
conversations about ice-flavored e-cigarettes may help inform
the tobacco control community about these products and uncover
trends, knowledge, and attitudes toward e-cigarette flavors.

Findings from this study may contribute to the US FDA policy
targets and tobacco control campaigns in the future.

Methods

Overview
Twitter posts containing both vaping-related (eg, “vape,” “ecig,”
“e-juice,” “e-cigarette,” or “JUUL”; see Multimedia Appendix
1 for the complete list of keywords) and “Ice,” “Cool,” “Frost,”
or “Arctic” terms were collected from January 1 to July 21,
2021, from Twitter’s streaming application programming
interface. A total of 976,347 posts containing these terms were
identified. Similar to previous studies, after excluding all
retweets, we sampled out a random subset of 2001 posts for a
content analysis [18,20]. Two coders (AG and EG) worked
together with the last author (JPA) to become familiar with the
data, created a codebook, and coded tweets into themes using
an inductive approach. The unit of analysis was the text of the
tweet. The purpose of the approach was to summarize the raw
text-based data into a summary format and report the underlying
themes evident in the data. Saturation was determined to be
reached with 10 themes.

Vaping-related posts that contained the terms “Ice,” “Cool,”
“Frost,” or “Arctic” but were determined to be unrelated to our
research objectives were identified through manual content
analysis and removed. For instance, irrelevant posts contained
the following phrases: “cool vape trick” and “vaping is cool.”
After excluding irrelevant and non-English posts, we were left
with 590 (29.5%) tweets that were included in the content
analysis.

The codebook consists of the following themes: personal
testimonials (which were further divided into the following five
subcategories: positive sentiment, negativesentiment, neutral
sentiment, information seeking, and comparison to combustible
tobacco), marketing, official (promotional) flavor description,
disposable pod devices, JUUL, cannabidiol (CBD) products,
and other. A tweet could be classified into multiple themes. To
establish interrater reliability, the same subsample of posts (590
of the original 2001 posts) were double coded, with percent
agreement ranging from 99.2% to 100% and Cohen κ ranging
from 0.90 to 1.00. JPA served as an arbitrator resolving
discrepancies between the coders.

Descriptive analyses were conducted first to show the prevalence
of each theme. Further, pairwise co-occurrence analyses were
used to evaluate connections across themes, since tweets often
included more than one theme. R base package (version 4.0.2;
R Foundation for Statistical Computing) was used to construct
the co-occurrence matrix, and the igraph package (version 1.2.6)
was used to visualize the results. Since the theme related to
personal testimonials consisted of positive, negative, and neutral
testimonies, Figure 1 does not include the overarching personal
testimonials theme, and only includes its components: positive,
negative, and neutral testimonies. The other category was also
excluded since it had few co-occurrences with other themes.

All Twitter posts in this data set were publicly available and
anonymized, and all analyses adhered to the terms and
conditions, terms of use, and privacy policies of Twitter. To
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further protect privacy, posts exemplifying themes were paraphrased; no tweets are reported verbatim.

Figure 1. Co-occurrences of themes in corpus tweets. The size of the circles represents the frequency of the theme occurrences. The proximity of the
circles and the size of the lines represent the frequency of the theme pairwise co-occurrences. CBD: cannabidiol.

Ethical Approval
The protocol was approved by the university’s institutional
review board (protocol HS-18-00697).

Results

Descriptive characteristics of the 590 tweets from this corpus
and example paraphrased posts are presented in Table 1. Overall,
the most prominent themes were marketing (n=306, 51.9%) of
ice-flavored products and personal testimonials (n=277, 47%).
Mentions of using ice-flavored disposable pod devices (n=117,
19.8%) was also a common theme. Other themes had relatively
low prevalence in the sample: “ice-flavored” CBD products
(n=41, 7%), official flavor description (n=37, 6.3%), and
ice-flavored JUUL (n=19, 3.2%). Positive sentiment (n=180,
30.5%) was the most prevalent theme among personal
testimonials, while the other testimonial themes were less
common: neutral sentiment (n=45, 7.6%), negative sentiment

(n=41, 7%), information seeking (n=14, 2.4%), and comparison
to combustible tobacco (n=10, 1.7%).

The most commonly co-occurring themes in a single tweet were
related to the most prominent themes in the data set: marketing,
positive sentiment, and disposable pod devices. The marketing
of ice-flavored disposable pod devices was mentioned in 73
(12.4%) of the 590 tweets; the marketing of ice-flavored CBD
products was mentioned in 40 (6.8%) of the tweets; the
marketing of ice-flavored products and official flavor
descriptions was mentioned in 37 (6.3%) of the tweets. Positive
testimonies about disposable devices were observed in 31 (5.3%)
of the tweets, and conversations about disposable devices
containing CBD were observed in 26 (4.4%) of the tweets.
Pairwise co-occurrences of the remaining themes were found
in 2% of the tweets (see Figure 1, where the thickness of the
lines represents the frequency of pairwise co-occurrences and
the size of the circles represents the frequency of theme
occurrences).
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Table 1. Definition for each theme, descriptive statistics, and selected paraphrased twitter posts.

Paraphrased postDefinitionPosts (n=590), n (%)Theme

“Lychee Ice is the best e-cigarette flavor”Posts containing a positive experience with (eg, tastes,
smells great) or favorable opinion about (eg, love, like, my
favorite) “ice-flavored” tobacco products, including e-liq-
uids

180 (30.5)Positive sentiment
testimonials

“Recently bought a banana ice vape and it
tastes horrible...”

Posts containing a negative experience with (eg, tastes,
smells horrible, bad) or negative opinion about (eg, hate,
dislike) “ice-flavored” tobacco products, including e-liquids

41 (7.0)Negative sentiment
testimonials

“This tangerine-apple ice e-cigarette tastes
like 7-up”

Posts containing a neutral opinion about “ice-flavored”
tobacco products, including e-liquids (eg, if no valence is
determinable or deemed neutral)

45 (7.6)Neutral sentiment
testimonials

“Do you guys know if a mango ice e-liquid
tastes good?”

Posts where a consumer or potential consumer asks for in-
formation on or opinions about “ice-flavored” tobacco
products, including e-liquids

14 (2.4)Information seeking

“...I am not planning to switch from my
menthol cigarettes to vaping, but I will def-
initely buy one of these lychee ice flavored
disposables...”

Posts containing mentions of or comparisons between “ice-
flavored” products, including e-liquids and combustible
tobacco products

10 (1.7)Comparison to com-
bustible tobacco

“Guava ice e-liquid is now available at
https://xxx...”

Posts promoting/selling/marketing an “ice-flavored” e-liq-
uids or devices

306 (51.9)Marketing

“Banana Ice Puff Bar is worth every pen-
ny...”

Mentions of “ice-flavored” disposable pod devices (ie, Puff
Bar)

117 (19.8)Disposable pod de-
vices

“@xxx Ice flavored JUUL is the best JU-
UL”

Mentions of “ice-flavored” JUUL19 (3.2)JUUL

“New CBD Blackcurrant Ice Disposable
vapes are now in stock at https://xxx...”

Mentions of “ice-flavored” CBD vaping products41 (7.0)CBDa products

“...The sweet juice of Fuji apples combined
with a hint of nectarines & strawberry to
create a well rounded fruity vape experience
with a cool refreshing finish...”

Posts containing an official (ie, “media,” promotional,
marketing) description of “ice-flavored” e-liquids or prod-
ucts

37 (6.3)Official flavor de-
scription

“Use of ice-flavored e-cigarettes may be
associated with nicotine dependence. See
https://xxx...”

Any other posts that contain ice flavor–related themes and
do not fit into any category listed in the codebook

6 (1.0)Other

aCBD: cannabidiol.

Discussion

Principal Findings
This study provides a summary of public Twitter posts collected
over the course of a 7-month period, which includes mentions
of both vaping-related and ice flavor–related terms. Posts in our
corpus were related to ice-flavored e-cigarette product
marketing, personal testimonials, and ice-flavored disposable
pod devices. Theme co-occurrence in a single post was
examined.

Marketing was a common theme in this study, while marketing
and disposable pod devices represented a common theme
co-occurrence in a single post. These findings are consistent
with recent studies suggesting that ice-flavored products are
often promoted in various pod-style cartridge-based disposable
(eg, Puff Bar) and refillable (eg, PUFF Krush, PHIX) e-cigarette
products [11]. These disposable and refillable pod-style products
are among the fastest-growing segments of the e-cigarette
market [3,9,10]. To reduce the appeal of e-cigarette products
among youth, the US FDA took regulatory action (February
2020) to remove prefilled cartridge-based e-cigarettes in flavors

other than menthol and tobacco, and issued warning letters to
10 e-cigarette companies instructing them to stop selling
flavored disposable e-cigarettes by July 2020 [7,8]. Although
some companies (eg, JUUL) voluntarily removed all flavors
except menthol and tobacco, other companies (including those
producing JUUL-compatible pods) continued to manufacture
them. Given that ice hybrid–flavored products may contain both
cooling and fruity flavors, it is unclear how these flavors fit into
current regulatory policies. While the US FDA is moving toward
removing menthol from combustible tobacco products, it is
critical that regulatory actions consider restricting any
constituents that taste/smell like menthol and produce a similar
cooling sensory experience (ie, ice flavors) [12,24].

Personal testimonials was another common theme in this study,
while positive sentiment was the most common category among
testimonials. These findings are consistent with previous studies
showing that Twitter users are exposed to positive messages
about vaping and tobacco [25,26]. Positive messages about
tobacco on social media may be linked with tobacco product
experimentation [21]. Given that the messages about the
ice-flavored products on Twitter are positive and that user
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conversations are not subject to federal policies, public health
education campaigns informing the public on the harms of
flavored e-cigarettes may be beneficial in countering these
messages and reducing positive social norms about these
products [21,26]. For instance, it could be possible to target
individuals posting positive messages about ice-flavored
e-cigarette products and deliver cessation messages directly to
these individuals and their social networks. In addition, the US
FDA regulations banning tobacco marketing on Twitter may
help to limit the promotion of ice flavors to the public.

Limitations
This study was limited to the analysis of discussions on
ice-flavored e-cigarette products and may not pertain to other
e-cigarette flavors. In addition, relatively few (n=2001, 0.2%)
tweets among all identified ice tweets were analyzed
(n=976,347), which limits the generalizability of our results.
Moreover, the word “cool” was one of the four terms used to
identify ice-flavored e-cigarette posts. “Cool” is a colloquialism
and is commonly used to express the enjoyment of someone or
something. The inclusion of this search term resulted in a
collection of many posts that were unrelated to e-cigarette
flavors; nonetheless, we found this limitation unavoidable and
worked diligently to analyze pertinent tweets. This study focused
on the text of the Twitter posts but did not code website links
or accompanying images. Previous studies demonstrated that
there is value in examining both text and image. In other words,
it is possible that additional themes would have emerged had
we coded images. Findings may not generalize to other time
periods or other social media platforms. Our findings may not

extend to all Twitter users or to the population of the United
States.

Conclusions
Our findings may offer valuable insights into the public’s
experience with and understanding of ice-flavored e-cigarette
products. In this study, we found that Twitter discussions about
ice-flavored e-cigarette products focused on marketing, personal
testimonials, and ice-flavored disposable pod devices. Future
studies should evaluate the relationship between exposure to
personal testimonials of ice-flavored vaping products and
curiosity, harm perceptions, and experimentation with these
products among priority populations. Public health education
campaigns informing the public on the harms of flavored
e-cigarettes may be helpful in reducing positive social norms
about ice-flavored products, while flavor regulatory actions may
include ice flavors to prevent new products from circumventing
current regulations. For instance, banning tobacco marketing
posts on Twitter may reduce the exposure to ice-flavored
e-cigarette product promotions. In addition, social media might
be more influential than traditional marketing because
participants can be actively engaged in the content they are
viewing [21,22]. Close monitoring of ice flavor promotions on
social media is needed to ensure that these promotions are not
targeted toward minors and e-cigarette nonusers. Twitter has a
policy prohibiting paid advertising of tobacco products to appear
on its platform [27]. However, promotional posts related to
ice-flavored products are still prevalent. Future studies should
evaluate whether these promotions are sponsored by e-cigarette
manufacturers or e-cigarette product distributors, or generated
by general users.
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Abstract

Background: This paper describes and discusses the transition of and modifications to a weight management randomized
controlled trial among active-duty military personnel from an in-person to a virtual format as a result of the COVID-19 pandemic.
The original pragmatic cohort-randomized controlled trial was designed to compare the effectiveness of an 8-week group weight
management program, ShipShape, to a version of ShipShape enhanced with acceptance and commitment therapy.

Objective: The objective of our study was to assess potential differences between in-person and virtual participation in participants’
demographics, motivation, confidence, credibility, expectations, and satisfaction with the interventions; we also examined the
pragmatics of the technology and participants’ experiences in virtual-format intervention groups.

Methods: A total of 178 active-duty personnel who had failed or were at risk of failing their physical fitness assessment or were
overweight or obese were enrolled in the study. In-person (n=149) and virtual (n=29) participants reported demographics,
motivation, confidence, credibility, expectations, and satisfaction. Interventionists recorded attendance and participation in the
group sessions. Independent-sample 2-tailed t tests and chi-square tests were used to compare the characteristics of the in-person
and virtual participants. Pragmatics of the technology and participants’ experiences in the virtual format were assessed through
surveys and open-ended questions.

Results: Participants were 29.7 (SD 6.9) years old on average, 61.8% (110/178) female, and 59.6% (106/178) White and had

an average BMI of 33.1 (SD 3.9) kg/m2. Participants were highly motivated to participate and confident in their ability to complete
a weight management program. A total of 82.6% (147/178) of all participants attended 5 of the 8 sessions, and participation was
rated as “excellent” by interventionists in both formats. The interventions were found to be credible and to have adequate
expectations for effectiveness and high satisfaction in both formats. There were no differences between in-person and virtual
participants in any of these metrics, other than interventionist-rated participation, for which virtual participants had significantly
higher ratings (P<.001). Technical satisfaction with the virtual sessions was rated as “good” to “very good,” and participants
were satisfied with the content of the virtual sessions. A word cloud of responses identified “mindfulness,” “helpful,” “different,”
“food,” “binder,” and “class” as concepts the virtual participants found most useful about the program.

Conclusions: Modifications made in response to the COVID-19 pandemic were successful, given the recruitment of active-duty
personnel with similar demographic characteristics, attendance levels, and indicators of credibility, expectancy, and satisfaction
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in the virtual format and the in-person format. This successful transition provides support for the use of virtual or digital weight
management interventions to increase accessibility and reach among highly mobile active-duty personnel.

Trial Registration: ClinicalTrials.gov NCT03029507; https://clinicaltrials.gov/ct2/show/NCT03029507

(J Med Internet Res 2022;24(11):e37797)   doi:10.2196/37797

KEYWORDS

virtualization; weight-loss intervention; lessons learned; military personnel; acceptance and commitment therapy

Introduction

To slow the spread of COVID-19, the World Health
Organization declared a global pandemic and urged every
country to take immediate and aggressive action on March 11,
2020 [1]. Stay-at-home orders were announced on March 19,
2020, that mandated all California residents to stay in their
homes unless they needed to leave for essential work or
activities. Like many other institutions, in-person research
activities were halted, including our pragmatic randomized
controlled trial (RCT) of a weight management program in
active-duty military personnel that was funded by the National
Institutes of Health (NIH) [2]. The RCT was designed to
compare Navy’s ShipShape (SS) weight management program
to an acceptance and commitment therapy (ACT)-enhanced SS
program. Over 8 months, our research team transitioned the
protocols and materials for this RCT and the intervention groups
from an in-person to a virtual format. This paper describes and
discusses this transition and identifies lessons learned to make
recommendations relevant to RCTs and interventions with
active-duty personnel.

The US Navy implemented the evidence-based SS program to
address weight management and fitness among active-duty
personnel who had failed or were at risk of failing the Physical
Fitness Assessment (PFA) or were overweight or obese. Given
the growing research that supports incorporating ACT—a
transdiagnostic cognitive behavioral therapy designed to increase
psychological flexibility [3]—into weight loss interventions
[4-6], we obtained NIH funding in 2016 to conduct such a study
with active-duty personnel. The primary aim of this RCT was
to compare the effectiveness of the standard SS program and
an ACT plus SS program on weight loss as a primary outcome
and to examine several secondary outcomes among active-duty
personnel at the Naval Medical Center San Diego (NMCSD),
a large military treatment facility in southern California. Due
to the pragmatic nature of the RCT, which required conducting
the study in a real-world setting, the RCT was implemented in
the NMCSD Health and Wellness Department. Study and clinic
staff worked together collaboratively to carry out the study
procedures and deliver the SS and ACT plus SS group
interventions.

The pandemic-related restrictions initiated in March 2020 led
to the temporary suspension of NMCSD Health and Wellness
Department in-person activities, including the study groups.
Soon thereafter, the Navy’s PFA requirements were suspended
until at least June 2021, and NMCSD made the decision not to
offer the SS program until then. The study team, in consultation
with the NIH program officer and the study safety officer,
determined that the study would continue through community

recruitment and virtual study and intervention procedures. This
decision was based on two rationales: (1) we anticipated that
active-duty personnel, like many others, would continue to
struggle with weight management through the pandemic, and
(2) although there is growing evidence that
technology-supported ACT can be effective in addressing health
issues [7], including weight loss [8], we were not aware of any
studies that had examined group-based virtual interventions for
weight management among active-duty personnel. Further,
examining the feasibility and successful implementation of a
virtual study of active-duty personnel is particularly important
given the limited number of RCTs of behavioral interventions
with military personnel [9] and the well-known challenges of
recruiting and retaining active-duty personnel for in-person
studies [10].

This paper describes a series of modifications that were made
to the study procedures and intervention protocols to transition
the study from an in-person to a virtual format in the context
of the COVID-19 pandemic. Additionally, we (1) assessed
potential differences between in-person and virtual participants
in demographics, motivation, confidence, credibility,
expectations, and satisfaction with the interventions; and (2)
examined the pragmatics of the technology and participants’
experiences in virtual-format intervention groups.

Methods

Original Study Overview

Background
The design, aims, procedures, and interventions of the original
pragmatic cohort RCT trial have been described in detail
elsewhere [2]. In brief, eligible participants included active-duty
personnel between the ages of 18 to 69 years who had failed or
were at risk of failing the PFA or were overweight or obese,
were free of physical limitations that would prevent participation
in physical fitness activities, and were not pregnant or planning
to become pregnant in the next 6 months. Before the pandemic,
in-person recruitment occurred primarily through referrals from
the Navy’s Fitness Enhancement Program with the option to
enroll in SS. Study staff met with interested participants after
a Navy-facilitated orientation, briefly described the study, and
asked them to complete a brief screening assessment. Eligible
participants provided in-person consent after the orientation. If
they consented, they were enrolled in the study and randomized
to receive either an SS or ACT plus SS group intervention. A
computer-generated randomization schedule was developed
prior to the start of the data collection by the study statistician,
and each cohort was randomly assigned to SS or ACT plus SS
with equal probability.
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Participants completed a battery of standardized, self-reported
psychosocial measures and assessments of weight (as the
primary outcome) and body fat percentage at week 1 (baseline),
week 4 (midpoint), week 8 (posttreatment), a 3-month follow-up,
and a 6-month follow-up. Baseline, midpoint, and posttreatment
assessments were completed primarily in person, and
measurements were taken by the SS coordinator or another
member of the NMCSD Health and Wellness Department. The
3- and 6-month follow-up assessments were either scheduled
to be in person or were completed remotely by mail or
telephone, depending on the availability of the participant.

SS Intervention
The SS intervention was standard care at NMCSD and was
based on guidelines from the Navy and Marine Corps Public
Health Center [11]. Intervention topics included education about
nutrition and physical activity; setting weight-loss goals;
tracking eating habits; and initiating, monitoring, and
maintaining physical activity levels. The group sessions were
primarily led by the NMCSD SS coordinator (with 2 sessions
led by an NMCSD social worker) and were held for 2 hours
weekly over 8 weeks.

ACT Plus SS Intervention
The study team developed the ACT plus SS intervention by
incorporating ACT principles and methods into the standard SS
protocol. These concepts and strategies included (1) identifying
thoughts, feelings, and bodily sensations surrounding weight
loss efforts and overcoming limitations of previous efforts to
control or eliminate negative thoughts or emotions, stress, or
food cravings; (2) clarifying personal values that aligned with
goals to improve health and quality of life; and (3) incorporating
mindfulness exercises to increase present-moment awareness.
Sessions were co-led by the NMCSD SS coordinator, who
provided SS materials, and a study interventionist, who provided
ACT content and experiential exercises. Sessions were held for
2 hours weekly over 8 weeks.

Study Transition to Virtual Format

Outline
Table 1 provides an outline of modifications made to
recruitment, screening, consent, assessment, and intervention
procedures.

Table 1. Transition from in-person to virtual recruitment, screening, consent, assessment, and intervention.

Virtual formatIn-person formatStage

The study was advertised through social media platforms, including
Facebook, Instagram, and Twitter. Individuals in the San Diego
community responded to the advertisements.

Referrals primarily from the Navy’s Fitness Enhancement Pro-
gram. Recruits attended a ShipShape program orientation, and
study staff explained the study.

Recruitment

An online screening form asked potential participants questions
about their active-duty status, overweight or obesity status, first
name, phone number, and best time to call. Study staff conducted
additional phone screening to determine the eligibility of interested
participants, and then scheduled a virtual consent appointment.

Study staff met with interested participants after a Navy-facilitated
health and wellness orientation. Potential participants were
screened immediately after orientation.

Screening

Study staff reviewed the study procedures (including compensation,
participation commitment, contacts, and study timelines) and provid-
ed the study consent form to interested and eligible participants
during a virtual consent session. Interested and eligible participants
provided virtual signed consent using approved telehealth technolo-
gy. A study-materials box was mailed to participants ahead of the
virtual orientation session, and all study procedures were reviewed
in detail.

Study staff reviewed the study procedures (including compensa-
tion, participation commitment, contacts, and study timelines)
and provided the study consent form to interested and eligible
participants in person. Interested and eligible participants provided
in-person signed consent after the orientation.

Consent

Medical history and comprehensive demographic information were
collected as part of the baseline packet. Participants were extensively
trained on how to weigh and measure themselves and when to report
that information. Study staff collected self-measured weight and
other measurements through a Webex (Cisco Inc) private chat at
relevant timepoints. Participants brought relevant assessment packets
to the virtual intervention sessions, and the 3- and 6-month follow-
up packets were completed by mail or telephone. Three brief ques-
tions to assess virtual audiovisual quality were asked through Webex
polls at the end of each virtual intervention session. The qualitative
and quantitative virtual format questionnaire assessed the partici-
pants’ experiences with the virtual format.

Medical history and comprehensive demographic information
were collected at the consent stage. The ShipShape coordinator
or another Health and Wellness Department staff member
weighed and measured the participants at the end of baseline,
midpoint, and posttreatment sessions, as well as at the 3- and 6-
month follow-up visits (if in person). Study staff administered
assessment packets at the same time points.

Assessment

Participants received a binder through the mail prior to the start of
the study. Intervention group sizes ranged from 4 to 9 participants.
Recordings of the ShipShape coordinator and study interventionists
were made for the ShipShape and acceptance and commitment
therapy content, respectively, and were played during Webex ses-
sions, based on the study arm. Study interventionists facilitated vir-
tual sessions through a combination of live and recorded materials
presented during Webex sessions.

Participants received a binder with an intervention workbook
during the first session. Intervention group sizes ranged from 6
to 13 participants. The ShipShape coordinator played recordings
of motivational and informational content relevant to ShipShape.
ShipShape materials and acceptance and commitment therapy
activities were provided live and in person.

Intervention
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Recruitment and Screening
Once in-person recruitment was no longer possible, recruitment
for participants in the virtual format occurred through the
community and by self-referral in response to advertisements
within an 80.5-kilometer (50-mile) radius of San Diego. We
contracted with BuildClinical LLC, a marketing company that
specializes in advertisements for clinical studies through social
media. An institutional review board-approved advertisement
was posted on various social media platforms (eg, Facebook
and Instagram). The advertisement provided brief information
on the study and a link to ClinicalTrials.gov. A brief online
screening form asked potential participants about their
active-duty status, overweight or obesity status, first name,
phone number, and the best time for them to receive a phone
call. Study staff then contacted potential participants by phone
to further determine eligibility.

Consent and Assessment
After screened participants were found to be eligible and
interested, they scheduled virtual consent and study preparation
sessions to review the study in detail, provide signed consent,
and review the mailed study materials. Virtual consent and study
preparation sessions were held either by phone or Webex (Cisco
Inc), and signed consent was obtained using secure telehealth
software approved by Veterans Affairs (VA).

The mailed study materials included a binder with
comprehensive instructions on all study procedures, which were
all completed remotely, and the relevant intervention binder,
assessment packets, a digital scale, and other study materials
(eg, a tape measure). Study staff provided extensive training to
the participants on all at-home measurements, including how
to weigh themselves and perform other measurements, prior to
virtual intervention sessions 1, 4, and 8. The data were collected
privately at the beginning of those sessions. Participants were
also instructed to complete their relevant timepoint assessment
packets at the beginning (baseline) or end (midpoint and
posttreatment) of the intervention sessions. Study staff collected
3- and 6-month follow-up assessments through the mail or by
telephone using a protocol that had been used with some of the
prepandemic participants.

Intervention Transition to Virtual Format

Virtual Intervention Delivery Protocol
The NMCSD SS coordinator who had primarily led the SS
sessions was reassigned to COVID-related duties. Thus, we had
to make decisions about how to deliver the intervention materials
virtually. We considered providing the materials asynchronously
(without live discussion with a facilitator or group of
participants) for participants to study at their own pace, allowing
more flexibility for participants and a lower burden on
facilitators. After discussions with stakeholders, we decided to
remain as consistent as possible with the in-person format in
terms of the facilitators. We chose to maintain a group format,
which allows for the review of materials with a facilitator and
opportunities for participants to share experiences and receive
support from others. We opted to prepare video recordings of
the SS coordinator presenting most of the SS content and a study
interventionist presenting the ACT-related content. The virtual

group sessions were then held live, with participants viewing
the recordings interspersed with live discussion with study
interventionists. To maintain live discussion of the SS material,
one interventionist acted as the SS facilitator for the nonrecorded
content in both the SS and ACT plus SS groups, while another
interventionist facilitated the nonrecorded ACT content in the
ACT plus SS group. All decisions were guided by the study’s
principal investigator.

Video recordings of the SS coordinator (for SS materials) and
a study interventionist (for ACT materials) were made with
Zoom (Zoom Inc). Recordings were then reviewed, edited, and
organized by study staff. Study staff were also present at each
session to manage the virtual technology and play the video
recordings while the interventionist was focused on delivery of
the intervention and attending to group processes. All recordings
were reviewed for adherence, competency, content, and logistics
by an ACT-trained clinical psychologist. As with the in-person
sessions, 20% of the virtual sessions were selected at random
and were attended by 2 members of the study team to assign
adherence and competency ratings for both the SS and ACT
plus SS live interventionists.

Session Structure
As with the in-person sessions, participants were required to
attend sessions at designated times in the virtual format.
Participants received instructions and a list of rules relevant to
the virtual format (eg, logging in on time and keeping the camera
on at all times). Given that video recordings are inherently less
interactive than in-person interactions, the SS and ACT video
recordings were followed by interventionist-led live content
and discussions. To best support individual behavioral change,
some content, such as monitoring hunger level and selecting a
personal weekly action plan, was live. Interventionists asked
questions about each participant and included interactive content
approximately every 30 minutes to encourage engagement.
Approximately the same amount of time was spent delivering
recorded and live content and group discussions in both
conditions.

Session Content
Overall, the content of the SS and ACT plus SS interventions
remained the same with the transition to the virtual format. The
transition from the in-person to the virtual format for the SS
condition did not require many modifications, because there
were fewer physically interactive activities embedded in the
program. The SS coordinator led the in-person sessions with
slide show presentations, relevant videos, and discussions. With
the transition to the virtual format, these sessions were recorded,
with the videos embedded in the recordings.

The transition from in-person to virtual delivery for the ACT
plus SS condition required more modifications, because some
of the interactive activities were not feasible in the virtual
format. The objective was to make modifications to the ACT
exercises and metaphors while still targeting the same ACT
processes. For example, “tug of war” is an experiential activity
that requires a physical prop and at least 2 individuals to
demonstrate the ACT processes of acceptance, defusion, and
committed action. The study team determined that it was not
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possible to conduct “tug of war” virtually. This exercise was
replaced with “unwanted party guest,” an activity that includes
a video and discussion and demonstrates the ACT processes in
a similar way. Another example of an activity modification was
“cravings and trigger foods.” The study staff brought
participant-identified trigger foods to the in-person sessions.
For the virtual sessions, participants were instructed to provide
their own trigger foods or an image of the food.

Measures

Demographics
Self-reported sociodemographic information was collected at
either screening or baseline, including age (in years), sex (male
or female), race (American Indian or Alaskan Native; Asian or
Pacific Islander; Black or African American; or White, not of
Hispanic origin), ethnicity (Hispanic or Latino), paygrade
(enlisted or officer), living status (off base or on base), and
relationship status (married, partnered, or in a significant
relationship).

Anthropometrics
In-person measurements were collected by the NMCSD SS
coordinator or another member of NMCSD. Weight and height
were measured objectively using a stadiometer (Health O Meter
500KL; Pelstar, LLC). BMI was calculated as weight in
kilograms divided by height in meters squared. Measurements
were made of neck and waist circumference for males, and neck,
waist, and hip circumference for females. Study staff calculated
body fat percentage with a health and fitness Navy PFA app
(Vandersoft, Navy PFA). Virtual participants weighed
themselves using a study-provided calibrated digital scale (Body
Smart Weight and BMI Digital Scale, Withings SA) and
reported their weight and self-reported height to study staff,
who calculated BMI. Self-measured neck and waist
circumference for males and neck, waist, and hip circumference
for females were used by study staff to calculate body fat
percentage using the Navy PFA app.

Motivation and Confidence
Participants answered the following questions either at screening
or baseline: “How motivated are you to participate in a
structured weight management/fitness program?” and “How
confident are you to complete a structured weight
management/fitness program?” Responses to both questions
ranged from not at all (0) to extremely (10). Total sum
motivation and confidence scores were calculated.

Attendance and Participation
Attendance at each of the 8 group sessions was recorded.
Participants who completed a minimum of 5 of 8 sessions were
predefined as “completers” based on Health and Wellness
Department practice. For those who were present at each session,
interventionists scored their level of participation as poor (1),
adequate (2), or excellent (3). An overall average participation
score was calculated.

Credibility and Expectations
The 6-item Credibility and Expectations for Improvements
(CEI) scale was administered to assess how logical the

intervention seemed and how much the participants expected
to benefit [12]. Individual items on this measure were
transformed to standardized scores (z scores) and summed into
2 subscales: credibility and expectancy. Higher scores indicated
greater credibility and expectancy.

Satisfaction
The 8-item Client Satisfaction Questionnaire (CSQ) was used
to measure satisfaction with the interventions [13]. Responses
were summed to calculate a total satisfaction score ranging from
0 to 32, with higher scores indicating greater satisfaction.

Pragmatics of Technology
To determine if the virtual sessions had adequate audio and
video quality, virtual-format participants responded to 3
questions through Webex polls at the end of each virtual session.
Questions were asked about audio quality, video quality, and
overall satisfaction with the technical aspects of the session,
with ratings ranging from very poor (1) to very good (5). An
average score was calculated for each item across all participants
and visits.

Evaluation of Virtual Format
Virtual participants completed an investigator-created virtual
format questionnaire (VFQ) with both open-ended and
multiple-choice items to examine their perceptions of
virtual-format effectiveness after the completion of the
intervention. Participants responded to the open-ended question
“Overall, what did you find most useful in the course?” and a
word cloud map was used to assess the most common words
from participants’ responses to this question (Multimedia
Appendix 1). Five Likert-type items asked about satisfaction
with the virtual format, with responses ranging from strongly
dissatisfied (1) to strongly satisfied (5). An additional 4 items
asked about the timing and frequency of sessions to assist with
the design of future virtual interventions.

Statistical Analyses
Descriptive statistics were computed to characterize the samples.
Data distributions were examined, and independent sample t
tests (for continuous outcomes) and chi-square tests (for
categorical outcomes) were used to compare the characteristics
of in-person to virtual participants. Descriptive statistics were
used to assess the participants’ experience in the virtual format.
A power analysis was not performed, as this was a secondary
analysis of already collected data. All statistical tests were
2-tailed. The significance level was set at P<.05. Data analysis
was performed in SPSS (version 28; IBM, Inc). Qualitative
analysis of the open-ended VQF question was conducted using
Atlas.ti Word Cloud (version 9, Atlas.ti Inc).

Ethics Approval
All methods and technology for the virtual format were approved
by the Veterans Affairs San Diego Healthcare Systems
institutional review board and research and development
committee (H160150) and were Health Insurance Portability
and Accountability Act–compliant. The original trial was
registered on ClinicalTrials.gov (NCT03029507).
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Results

Before the pandemic, a total of 248 potential participants were
screened through the NMCSD, of whom 154 (62.1%) were
enrolled and randomized to in-person groups. During the
pandemic, there were 35 potential participants identified through
BuildClinical, of whom 23 (65.7%) were enrolled and
randomized to virtual groups. Five participants who had
consented through the NMCSD immediately prior to the
pandemic restrictions were also included in the virtual groups.
The average group size was 10 (SD 2.4; range 6-13) for the
in-person groups and 6 (SD 2.2; range 4-9) for the virtual
groups.

Overall, there were 178 participants, who were on average 29.7
(SD 6.9) years old, 61.8% (110/178) female, 59.6% (106/178)
White, and 28.7% (51/178) Hispanic or Latino. Most participants
were enlisted (166/178, 93.3%), lived off base (133/178, 74.7%),
and were married, partnered, or reported being in a significant
relationship (126/178, 70.8%) (Table 2). The average weight
was 94.7 kg (208.7 lbs) for the participants overall, 105.1 kg
(231.8 lbs) for males, and 87.6 kg (193.1 lbs) for females;

average BMI was 33.1 kg/m2 (33.5 kg/m2 for males and 32.9

kg/m2 for females), which falls in the obese range. Average
body fat percentage was 35.6% (27.2% for males and 40.9%
for females), which also indicated obesity for both men and
women. There were no significant differences between formats
in participant characteristics.

On average, participants were highly motivated (mean score
8.1, SD 1.7) to participate and confident (mean score 7.6, SD

1.9) in their ability to complete a weight management program.
Of the 149 participants in the in-person format, 123 (82.6%)
completed at least 5 of the 8 sessions; 24 of 29 (82.8%)
participants in the virtual format completed at least 5 of 8
sessions. Overall, participation was rated as “excellent” by
interventionists in both formats, but participants in the virtual
format had significantly higher ratings for participation
(P<.001). The intervention was found to be credible and have
adequate expectations for effectiveness across all participants,
with no significant differences for credibility (P=.1) or
expectancy (P=.07) across the 2 formats. The average
intervention satisfaction score was high (mean score 29.3, SD
3.2), with no significant differences between formats (P=.82).

Across all virtual sessions, average ratings for audio quality
(mean score 4.57, SD 0.74), visual quality (mean score 4.59,
SD 0.76), and overall technical satisfaction (mean score 4.62,
SD 0.71) were between “good” and “very good.” Sixteen of the
29 virtual participants completed the VFQ (Table 3). All
respondents were “somewhat satisfied” or “strongly satisfied”
with the video and live portions of the virtual classes. Most
participants used the intervention binders “weekly” or “a few
times a week” and reported being “always” or “mostly attentive”
to the video recordings. Over half of the respondents reported
using the skills learned in class “at least a few times a week”
to “daily.” The word cloud generated from the responses of 16
participants to the open-ended question “Overall, what did you
find most useful in the course?” identified 110 unique words.
The most common 6 words reported were “mindfulness,”
“helpful,” “different,” “food,” “binder,” and “class,” depicting
the concepts participants found the most useful (Multimedia
Appendix 1).
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Table 2. Characteristics of in-person and virtual participants (N=178).

Virtual format (N=29)In-person format (N=149)Total (N=178)Characteristics

Sociodemographics

34.4 (6.6)28.7 (6.6)29.7 (6.9)Age, mean (SD) years

16 (55.2)94 (63.1)110 (61.8)Female, n (%)

Race, n (%)

3 (10.3)5 (3.4)8 (4.5)American Indian or Alaskan Native

1 (3.4)14 (9.4)15 (8.4)Asian or Pacific Islander

5 (17.2)39 (26.2)44 (24.7)Black or African American

20 (69)86 (57.7)106 (59.6)White (not of Hispanic origin)

11 (37.9)40 (26.8)51 (28.7)Hispanic/Latino ethnicity

Pay grade, n (%)

26 (89.7)140 (94)166 (93.3)Enlisted

3 (10.3)9 (6)12 (6.7)Officer

Living status, n (%)

25 (86.2)108 (72.5)133 (74.7)Off base

4 (13.8)41 (27.5)45 (25.3)On base

20 (69)106 (71.1)126 (70.8)Married, partnered, or in a significant relationship, n (%)

6 (20.7)149 (100)155 (87.1)Navy referral, n (%)

Health statusa, mean (SD)

217.6 (39.8)207.5 (36.4)209.1 (37.0)Weight

37.4 (10.1)35.3 (8.6)35.6 (8.9)Body fat percentage

34.1 (3.9)33.0 (4.0)33.2 (3.9)BMI

Study experience

7.8 (1.6)8.2 (1.7)8.1 (1.7)Motivation, mean (SD) score

7.6 (1.7)7.7 (1.9)7.6 (1.9)Confidence, mean (SD) score

24 (82.8)123 (82.6)147 (82.6)Attendance, n (%)

2.9 (0.4)b2.5 (0.5)2.6 (0.5)Participation, mean (SD) score

–0.5 (3.5)–0.13 (4.3)–0.12 (4.1)Credibility and Expectations for Improvements Scale, mean (SD) score

0.20 (1.6)–0.13 (1.9)–0.70 (1.9)Credibility, mean (SD) score

–0.20 (2.5)0.01 (2.8)–0.02 (2.7)Expectancy, mean (SD) score

27.7 (3.0)29.6 (3.2)29.3 (3.2)Client Satisfaction Questionnaire, mean (SD) score

aN=148 for in-person group.
bP<.001.
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Table 3. Responses to the virtual format questionnaire (N=16).

ResponsesQuestions (range of responses)

5, n (%)4, n (%)3, n (%)2, n (%)1, n (%)

6 (38)10 (63)0 (0)0 (0)0 (0)How satisfied were you with the information provided
in the video recordings? (1 to 5: “strongly dissatisfied”
to “strongly satisfied”)

8 (50)8 (50)0 (0)0 (0)0 (0)How satisfied were you with the live discussion portion
of each class? (1 to 5: “strongly dissatisfied” to
“strongly satisfied”)

0 (0)6 (38)8 (50)0 (0)2 (13)How frequently did you use the binder (packet of written
materials) outside of the classroom? (1 to 5: “never” to
“daily”)

4 (25)11 (69)0 (0)1 (6)0 (0)During the videos, how much of the time were you able
to pay attention (not be distracted by family, environ-
ment, email, or other things)? (1 to 5: “rarely” to “al-
ways”)

5 (31)9 (56)0 (0)1 (6)1 (6)If the video recordings were available to you outside of
class, how likely would you have been able to watch
the videos on your own before class? (1 to 5: “strongly
unlikely” to “strongly likely”)

1 (6)3 (19)4 (25)7 (44)1 (6)What would be the ideal total amount of time spent
watching video recordings during each class? (1 to 5:
“10-20 mins,” “20-30 mins,” “30-40 mins,” “40-50
mins,” and “50-60 mins,” respectively)

0 (0)6 (38)6 (38)4 (25)0 (0)What would be the ideal class length? (1 to 5: “<30
mins,” “30-60 mins,” “60-90 mins,” “90-120 mins,” and
left blank, respectively)

4 (25)9 (56)3 (19)0 (0)0 (0)How many classes in a course would be ideal for you?
(1 to 5: “1-2 classes,” “3-4 classes,” “4-6 classes,” “6-
8 classes,” and “>8 classes,” respectively)

3 (19)7 (44)4 (25)2 (13)0 (0)How often have you used the skills learned during this
course? (1 to 5: “never” to “daily”)

Discussion

Principal Findings
This paper describes the transition of a weight management
RCT among active-duty personnel from an in-person format to
a virtual format following the onset of the COVID-19 pandemic.
Our study adds to the few existing resources [14-17] on adapting
recruitment procedures, protocols for study implementation,
and lessons learned for transitioning in-person RCTs to virtual
delivery. Major changes from the transition to a virtual format
included recruitment, modifications to the study procedures,
and intervention delivery. These modifications were deemed
successful, as we were able to recruit active-duty personnel with
similar demographic characteristics and attendance levels and
similar indicators of credibility, expectancy, and satisfaction as
the in-person format. Additionally, participants in the virtual
format provided positive feedback regarding their experiences
and study materials.

Lessons Learned for Recruitment and Logistics
Recruitment and retention of active-duty personnel in
interventional or other longitudinal studies is especially
challenging for a variety of reasons, such as the need to obtain
command approval, restrictions on the use of incentives,
transportation difficulties, frequent change in duty station,

deployment and military exercises, and retirement or discharge
from the service [10]. We found that community-focused
advertisements on social media pages (through BuildClinical)
were effective for recruitment, screening, and enrollment.
Community-based recruitment broadened our efforts to include
the region (as opposed to a specific military medical treatment
facility) and was more flexible. This strategy allowed us to
recruit quickly and at about the same or higher enrollment rate
(23/35, 65.7%, vs 154/248, 62.1%) as the in-person recruitment
strategy, which is consistent with previous research [18].
Additionally, study procedures were successfully completed
remotely. Future research among active-duty personnel may
benefit from using a virtual, community-based recruitment
approach and remote study procedures to address the mobility
and job demands of this population.

Lessons Learned About Adapting Intervention
Protocols
Adapting the SS and ACT plus SS intervention protocols from
in-person to virtual delivery took approximately 8 months. This
development period ensured that we could integrate prerecorded
content with live content while targeting key SS and ACT
concepts. Some content was more easily translated to
presentation via recordings (eg, mindfulness exercises, stress
management, healthy eating behavior, and exercise information)
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than other content (eg, experiential exercises that relied on live
props). This was challenging, and it took some consideration
to re-create these experiential experiences virtually while still
targeting the key ACT concepts.

In the initial in-person session, clear behavior guidelines were
reviewed and provided in writing, including rules such as
“Attendance at all 8 sessions is expected.” In the virtual format,
guidelines regarding virtual group behavior were developed,
provided to participants in their binders, and reviewed in the
first session and as needed during the group sessions. For
example, virtual guidelines included rules such as “Keep your
camera on and have sufficient lighting so you can be seen” and
“Unless you are speaking, please mute your audio.” Setting
behavioral guidelines early on and reminding participants of
these guidelines were critical to the success of the virtual
sessions.

Lessons Learned About Participants’ Experiences in
a Virtual Class
Other than significantly higher facilitator-rated participation
for the virtual participants, participants in the virtual and
in-person sessions were similar in demographic characteristics
and study satisfaction levels, which is consistent with previous
studies [19]. The higher levels of participation might have been
due to the facilitators specifically requesting participation in
the virtual format. It is also possible that the smaller group size
(ranging from 4 to 9 people) of the virtual sessions allowed for
more interaction [20]. Overall, the virtual participants reported
good audio and visual quality and few technical difficulties,
which is contrary to previous research with virtual interventions
[21]. They also reported being satisfied with the video and live
portions of each session, were attentive to the video recordings,
and used the study and intervention materials (ie, the binder)
frequently. We found that 100% of participants were “somewhat
satisfied” to “strongly satisfied” with the discussion portions,
reinforcing the usefulness of brief live content presentations
and discussions. Results from the word cloud reflected critical
aspects of SS and ACT, including an emphasis on mindfulness,
food, and helpful strategies. This suggests that virtual delivery
of the intervention materials was effective, and that they
resonated with participants. Together, these findings indicate

that the virtual transition was successful, and that SS and ACT
plus SS can be delivered virtually for greater reach and
accessibility. Future research can focus on a large-scale virtual
RCT of ACT among active-duty personnel to determine its
efficacy for weight management.

Limitations
Although the current study provides valuable insight into how
to transition from an in-person RCT to a virtual format, there
are a few limitations. First, before the pandemic, active-duty
personnel were mandated by the Navy to attend SS, whereas
after the pandemic, recruitment was from the community. Thus,
it is possible that the virtual participants self-selected to
participate in the virtual format instead of doing so based on a
Navy mandate. Second, the samples of in-person and virtual
participants were unequal, with a much smaller number of
participants in the virtual groups; this may also have skewed
the findings. Third, data collection strategies were heterogeneous
and weight and height assessments were self-measured and
self-reported in the virtual format, which may have increased
bias [22]. Nevertheless, while we found no significant
differences between the groups in demographic or
anthropometric characteristics, suggesting that participants in
the virtual groups were similar to participants in the in-person
groups, our quantitative findings should be interpreted with
caution. Additional research with larger samples is needed to
determine optimal designs for virtual RCTs of active-duty
personnel with overweight or obesity.

Conclusions
During COVID-19, our research team successfully transitioned
a weight management RCT with active-duty personnel from an
in-person to a virtual format, including aspects of study design
such as recruitment, screening, assessments, procedures, and
content delivery. The virtual format led to similar levels of
satisfaction and attendance as the in-person format. The
successful transition of this study to a virtual format provides
support for the use of virtual interventions among active-duty
personnel. Furthermore, virtual ACT-based weight management
and fitness interventions may be a promising approach to
increase the accessibility and reach of these interventions among
highly mobile populations, such as active-duty personnel.
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Multimedia Appendix 1
Word cloud map of the most common words from participants (N=16) in response to the open-ended question “Overall, what
did you find most useful in the course?”.
[PNG File , 791 KB - jmir_v24i11e37797_app1.png ]

Multimedia Appendix 2
CONSORT-eHEALTH checklist.
[PDF File (Adobe PDF File), 65 KB - jmir_v24i11e37797_app2.pdf ]
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Abstract

Background: Following the Riyadh Declaration, digital health technologies were prioritized in many countries to address the
challenges of the COVID-19 pandemic. Digital health apps for telemedicine and video consultations help reduce potential disease
spread in routine health care, including follow-up care in orthopedic and trauma surgery. In addition to the satisfaction, efficiency,
and safety of telemedicine, its economic and environmental effects are highly relevant to decision makers, particularly for the
goal of reaching carbon neutrality of health care systems.

Objective: This study aims to provide the first comprehensive health economic and environmental analysis of video consultations
in follow-up care after knee and shoulder interventions in an orthopedic and trauma surgery department of a German university
hospital. The analysis is conducted from a societal perspective. We analyze both economic and environmental impacts of video
consultations, taking into account the goal of carbon neutrality for the German health care system by 2030.

Methods: We conducted a prospective randomized controlled trial comparing follow-up care with digital health app video
consultations (intervention group) to conventional face-to-face consultations in the clinic (control group). Economic impact
included the analysis of travel and time costs and production losses. Examination of the environmental impact comprised the
emissions of greenhouse gases, carbon monoxide, volatile hydrocarbons, nitrogen oxides, and particulates, and the calculation
of environmental costs. Sensitivity analysis included calculations with a higher cost per ton of carbon dioxide equivalent, which
gives equal weight to the welfare of present and future generations.

Results: Data from 52 patients indicated that, from the patients’ point of view, telemedicine helped reduce travel costs, time
costs, and production losses, resulting in mean cost savings of €76.52 per video consultation. In addition, emissions of 11.248
kg of greenhouse gases, 0.070 kg of carbon monoxide, 0.011 kg of volatile hydrocarbons, 0.028 kg of nitrogen oxides, and 0.0004
kg of particulates could be saved per patient through avoided travel. This resulted in savings of environmental costs between
€3.73 and €9.53 per patient.

Conclusions: We presented the first comprehensive analysis of economic and environmental effects of telemedicine in the
follow-up care of patients in orthopedic and trauma surgery in Germany. Video consultations were found to reduce the environmental
footprint of follow-up care; saved travel costs, travel time, and time costs for patients; and helped to lower production losses. Our
findings can support the decision-making on the use of digital health during and beyond the COVID-19 pandemic, providing
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decision makers with data for both economic and environmental effects. Thanks to the pragmatic design of our study, our findings
can be applied to a wide range of clinical contexts and potential digital health applications that substitute outpatient hospital visits
with video consultations.

Trial Registration: German Clinical Trials Register DRKS00023445; https://tinyurl.com/4pcvhz4n

(J Med Internet Res 2022;24(11):e42839)   doi:10.2196/42839

KEYWORDS

carbon neutrality; digital health; environmental impact; health economics; net-zero; orthopedic; sustainability; telemedicine;
trauma surgery; video consultations

Introduction

Medical care does not always require patients’ attendance in
the hospital [1], mainly because digital health affords physicians
and patients the opportunity to have synchronous video
consultations online [2]. When used for outpatient follow-up
care in orthopedic and trauma surgery, for example, video
consultations can relieve patients of any restrictions on their
mobility or of the need to travel long distances [3-5]. Patient
satisfaction, physician satisfaction, and clinical outcomes often
show comparable results between telemedicine and conventional
face-to-face (F2F) examinations in the hospital, demonstrating
that video consultations can be a safe and efficient alternative
for patient care in orthopedic and trauma surgery [6-13].

After the outbreak of the COVID-19 pandemic, the role of
digital health has been highlighted by the Riyadh Declaration
[14]. Following the global pandemic response, there has been
an increasing interest in telemedicine in clinical practice to
reduce potential disease spread as well as in science, which is
reflected in a growing number of literature reviews [2,15-20].
The number of clinical trials, however, remains limited. In
particular, there are only a few health economic analyses of the
use of telemedicine in orthopedic and trauma surgery follow-up
care [15,21].

In addition to patient satisfaction and quality of care, the societal
perspective needs to consider both economic and environmental
effects in order to support stakeholders in deciding whether to
implement telemedicine in orthopedic and trauma surgery.
Following the United Nations Sustainable Development Goals,
the 125th German Medical Assembly declared in 2021 that the
German health care system should become carbon-neutral by
2030 [22]. One way of meeting this requirement might be the
implementation of video consultations to supplement or
substitute clinic consultations. Whether this is possible, however,
must first be determined by investigations. A positive
environmental impact of telemedicine has already been
demonstrated in certain cases: for example, in the reduction of
carbon monoxide, carbon dioxide, and nitric oxides [23-25].
However, analyses of the environmental impact of video
consultations in the field of orthopedic and trauma surgery are
limited, and no studies based on German data exist to date.

The aim of this study is to provide the first health economic
analysis comparing telemedicine in the follow-up of patients in

orthopedic and trauma surgery with knee and shoulder disorders
with conventional F2F examinations in the clinic in Germany.
The analysis focuses on the societal perspective, considering,
on the one hand, the patients’point of view in terms of potential
time and cost savings and, on the other hand, the environmental
impact regarding potential savings of emissions and
environmental costs.

Methods

Study Design
The data used for the health economic analysis were obtained
by a prospective randomized controlled trial (RCT) conducted
at a single German university hospital—University Hospital
Giessen, Department of Trauma, Hand and Reconstructive
Surgery, Level-1 trauma center—between September 2020 and
April 2021. The RCT was reported according to the
Consolidated Standards of Reporting Trials (CONSORT) [26].
Patients in orthopedic and trauma surgery were randomly
assigned 1 to 1 to an intervention group or a control group for
a single follow-up appointment. The intervention group did not
attend a standard outpatient follow-up appointment in the clinic
but had a real-time online video consultation with the treating
physician instead. The control group, on the other hand, was
treated conventionally and received a F2F examination in the
clinic. In both the intervention group and the control group, the
examinations were performed by the same physicians. The study
population had already received conservative or surgical
treatment for various knee and shoulder conditions in the clinic.

Ethical Considerations
Patients who were eligible for the study based on the inclusion
and exclusion criteria in Textbox 1 were asked either at the
clinic or by telephone if they wished to participate in the RCT.
After a detailed verbal explanation of the study, including the
conduct of a health economic analysis as part of the study, all
study participants provided written informed consent. To protect
the privacy of participating patients, pseudonymization of the
study data took place. Study participants were not compensated
for their participation. The local ethics committee of the
University of Giessen approved the RCT (AZ 73/20), and the
study was registered in the German Clinical Trials Register
(DRKS00023445).
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Textbox 1. Inclusion and exclusion criteria of the randomized controlled trial.

Inclusion criteria:

• 18 years or older

• Previous outpatient or inpatient stay at the clinic, with an operation or conservative therapy

• Need of a follow-up that does not require more than a visual examination

• Ownership of a computer, laptop, tablet, or smartphone with microphone and camera

• Stable internet connection

• Mental and physical ability to consent and to participate

• Sufficient knowledge of German in order to understand the declaration of consent

• Shoulder International Classification of Diseases, Tenth Revision (ICD-10) codes: M75.1, M75.6, M75.0, Z96.60, M75.4, M19.91, S43.1, S42.20,
S42.00, M75.2, M75.3, and S43.0

• Knee ICD-10 codes: S83.53, S83.54, S83.2, S83.0, M22.0, M23.32, M23.35, M17.1, M17.5, M21.16, M21.06, S83.3, S83.44, S83.43, S82.18,
S82.0, S72.3, S72.43, M25.56, M76.5, S83.6, S76.1, and S86.8

Exclusion criteria:

• Neurological diseases that preclude the use of digital devices

• Diagnosis of dementia, blindness, or deafness

• Need for presence in the clinic and on-site treatment and diagnostics (ie, imaging, laboratory, stitches, and drainage)

• Appointments where the patient has to be touched and moved by the treating physicians

• Lack of willingness to participate

• Failure to consent

Sample Size and Randomization
The sample size calculation of the underlying RCT was based
on an a priori power analysis. As a conservative estimate, we
used half of the effect size of 2.19 that was observed for the
findings of patient satisfaction with telemedicine in a study by
Sharareh and Schwarzkopf [8]. The effect size of 1.095 yielded
19 patients per study arm for a power of 90% in a 2-sided t test
with a 5% significance level. To increase statistical power and
to compensate for potential withdrawals and dropouts, missing
responses, and a skewed distribution of results, the number of
participants was expanded to 30 patients for each group. In total,
60 eligible patients were recruited for the study.

Using block randomization with randomly varying block sizes
(ie, 4, 6, and 8), 30 patients were assigned to a follow-up with
telemedicine (intervention group), and 30 patients were assigned
to a conventional F2F follow-up in the clinic (control group).
The parallel-design randomization and assignment process was
performed independently of the treating physicians by study
staff using sealed envelopes.

Course of the Study
The video consultations in the intervention group were browser
based for physicians and multiplatform for patients, including
a digital health app or browser-based software from a German
telemedicine provider. The software complies with the legal
requirements in Germany and is recognized by the National
Association of Statutory Health Insurance Physicians. The
university hospital paid a monthly fee for each physician to use
the software. Video consultation procedures were deliberately
kept as simple and as functional as possible to ensure that they

would be viable in regular clinical practice: all video
consultations were performed directly between the physicians
in the clinic and the patients, regardless of their location. No
other medical providers, such as local caregivers or others, were
involved. Patients received written instructions on how to
conduct the video consultation, and no additional clinical staff
were required to assist the patients. This pragmatic study design
appeared to be the most promising one for a health economic
evaluation seeking to produce valid, generalizable results [27].
Patients in the intervention group did not have to bear any
additional costs or out-of-pocket payments for using
telemedicine, as the digital health app or browser-based software
was free for them to use. They were only required to have a
smartphone, tablet, laptop, or computer with a microphone and
camera, and an adequate internet connection. The examination
itself was paid for by their respective health insurance. Patients
in the control group did not have to pay any additional costs
either; their costs for an in-clinic follow-up appointment (eg,
travel costs) were the same as those they would have paid
outside of study participation.

After the follow-up appointments, patients in both the
intervention and control groups completed questionnaires. These
questionnaires included questions about the distance between
the patients’ homes and the clinic, the amount of time spent for
the appointment (eg, travel and waiting time), and the potential
need to be absent from work to attend the appointment. Further
information on the study can be found in a previous publication
by Muschol et al [13].
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Statistical Analysis and Health Economic Evaluation
The RCT data are presented as mean and SD, median and IQR,
or percentage. To compare the intervention and control groups,
the Mann-Whitney U test was used for continuous variables
and the Fisher exact test was used for categorical ones. Statistical
significance was assumed at P≤.05.

The health economic analysis was based on data collected from
the questionnaires and other official, external data. The study
design was guided by recommendations for health economic
analyses in the context of eHealth interventions, and the study
examined non–health care costs associated with the use of
telemedicine from a societal perspective [27,28]. The analysis
proceeded in two steps. In the first step, economic effects of the
societal perspective were examined from the patients’ point of
view. This involved, firstly, calculating and comparing three
types of non–health care costs associated with medical
appointments:

1. Travel costs were calculated following recommendations
for empirical standard costs for health economic evaluations
in Germany [29].

2. Time costs were assessed by assigning monetary values to
patients’ travel time, waiting time, and total time spent on
appointments based on Verbooy et al’s [30] valuation
approach to unpaid work and leisure time.

3. Production losses due to patients’absence from work while
attending their appointments were computed using
Germany’s average gross hourly wage in 2021 and average
working hours for all German full-time and part-time
employees in 2019 [31,32].

When tallying total costs from a societal perspective, it was felt
to be appropriate to differentiate between patients who were
employed and patients who were not employed, given that
production losses are only relevant for patients who are
employed.

In the second step, the effects of the societal perspective were
evaluated in the form of the environmental impact of
telemedicine. The analysis of the environmental impact was
conducted using data from the German Federal Environment
Agency. It comprised three different aspects. First, the
environmental impact in terms of greenhouse gases, carbon
monoxide, volatile hydrocarbons, nitrogen oxides, and
particulates was calculated by multiplying the average emissions
per passenger-kilometer (pkm) by the kilometers patients
traveled by car to and from the clinic. This calculation was based
on an average car occupancy of 1.4 passengers, as the average
emissions are specified by the Federal Environment Agency on
the basis of this value [33]. A separate calculation of emissions
from public transportation was not performed within the study
because only 1 patient in the control group and 1 patient in the
telemedicine group used or would have used public
transportation. Second, the average environmental costs incurred
per pkm by the patients’ trips per car were calculated. For this
purpose, the cost rate of the Federal Environment Agency of
€195 per ton of carbon dioxide equivalent was applied (a
currency exchange rate of €1=US $0.97 is applicable) [34,35].
This value is based on a higher weighting of the welfare of
current versus future generations [35].

In a third step, the potential savings in emissions and
environmental costs were estimated in a model calculation if 8
patients per week would conduct a video consultation instead
of a clinic consultation, as was the case in our study [33-35].

Sensitivity Analysis
Finally, a sensitivity analysis was performed to evaluate the
robustness of the findings. For the patients’ point of view in the
societal perspective, this analysis studied the effect of
differentiating between full-time and part-time employment
when calculating production losses [32]. For the environmental
impact of the societal perspective, the sensitivity analysis
considered the following:

1. A cost rate from the Federal Environment Agency for the
calculation of the environmental costs of €680 per ton of
carbon dioxide equivalent, which gives equal weight to the
welfare of present and future generations [34,35].

2. A total of 16 patients with a video consultation per week
for the analysis of potential savings in emissions and
environmental costs [33-35].

For the calculation of the environmental costs, both €195 and
€680 per ton of carbon dioxide equivalent were considered
[34,35]. As the Federal Environment Agency reports both cost
rates, the aim of the sensitivity analysis was to show how the
equal weighting of the welfare of present and future generations
(€680) compared to the higher weighting of the welfare of
present versus future generations (€195) affects the
environmental costs.

Results

General Findings
Of the 60 patients recruited—intervention group (n=30) and
control group (n=30)—4 patients in each of the groups withdrew
from the study. Thus, data from a total of 52 patients could be
considered for the health economic evaluation, with several
variables displaying a lower n value due to missing items on
some patient questionnaires. The progress of the recruited
patients through the trial is shown in a CONSORT flow diagram
in Multimedia Appendix 1.

Demographic patient characteristics are shown in Table 1. No
significant differences were observed between the telemedicine
group and the control group.

Regarding the variables used for calculating costs, however,
the differences between the groups were partially significant,
as shown in Table 2. Treatment duration in the intervention
group, at 8.23 minutes on average, was significantly shorter
than that in the control group, at 10.92 minutes on average
(P=.02). The average waiting time in the online waiting room
for the telemedicine software was also significantly shorter than
that experienced in the clinic (6.73 minutes vs 36.88 minutes,
respectively; P<.001). The largest intergroup difference,
however, was observed in total patient time spent per follow-up
appointment. An appointment in the telemedicine group took
an average of 21.92 minutes out of the patients’ days, whereas
an appointment in the control group required patients to spend
154.80 minutes on average (P<.001). There was no significant
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difference between the potential travel distance and travel time
the telemedicine group would have faced if required to travel
to an in-clinic appointment and the actual travel distance and
travel time faced by the control group. The groups also did not
differ significantly in patients’ absence from work due to their
appointments. Nevertheless, of the employed patients, only 5%
(1/20) were absent from work so they could attend the

appointment in the telemedicine group, compared with 16%
(3/19) in the control group, as shown with the Fisher exact test
(P=.34). In the telemedicine group, 1 patient had to visit the
clinic again for further treatment. As this would also have been
required after an F2F consultation and, therefore, occurred
independently of the video consultation, this additional visit
was not included in the cost calculation.

Table 1. Demographic characteristics of patients.

P valueaControl group (n=26), n (%)Telemedicine group (n=26), n (%)Characteristics

.99Medical indication

9 (35)10 (38)Knee

17 (65)16 (62)Shoulder

.36Age (years)

5 (19)7 (27)18-40

15 (58)17 (65)41-60

6 (23)2 (8)>60

.9910 (38)11 (42)Female

.9919 (76)b20 (77)Employed

aP values were based on the Fisher exact test.
bPercentage of n=25 due to missing item on questionnaire.

Table 2. Variables included for cost calculation.

P valueaControl group (n=26)Telemedicine group (n=26)Variables

Median (IQR)Mean (SD)Participants, n (%)Median (IQR)Mean (SD)Participants, n (%)

.0210.00 (8-14.5)10.92

(5.58)

25 (96)6.00 (5-10)8.23

(4.45)

26 (100)Treatment duration

(minutes)

.6528.00 (15.5-45)31.58
(22.62)

25 (96)30.00 (10-46.25)37.00
(32.06)

26 (100)Travel distance

(kilometers)

.4230.00 (20-40)34.80
(20.89)

25 (96)40.00 (18.75-46.25)38.46
(21.72)

26 (100)Actual and potential
travel time (minutes)

<.00130.00 (15-48.75)36.88
(27.54)

24 (92)5.00 (1.75-10)6.73

(6.84)

26 (100)Waiting time (minutes)

<.001150.00 (105-197.5)154.80
(79.75)

25 (96)22.50 (13.75-30)21.92
(10.40)

26 (100)Total time spent on ap-
pointment (minutes)

aP values were based on the Mann-Whitney U test.

Patients’ Perspectives
The cost calculation from the patients’ point of view in the
societal perspective showed that patients in the control group
had to pay an average of €18.95 in travel costs, based on a cost
of €0.30 for each kilometer travelled to and from the clinic, as
shown in Table 3. There were no travel costs for patients in the
telemedicine group because they did not have to attend the
clinic. If they had had an in-clinic follow-up, however, their
average travel costs would have been €22.20.

The time costs resulting from follow-up appointments in both
groups were estimated at €16.00 per hour to account for both
unpaid work time and leisure time that patients lost. The average
cost of patients’ travel time was €18.56 in the control group.

Again, patients in the telemedicine group faced no travel time
costs due to the trip they avoided. Yet, the potential cost of their
travel time would have been €20.51. The increased waiting time
in the clinic was reflected in time costs of €9.83 in the control
group, compared with €1.79 in the intervention group.

The difference in time costs between the groups became even
more pronounced when the total time patients spent on their
follow-up appointments was valued. Whereas patients with a
telemedical appointment had average total time costs of €5.85,
those with an in-clinic appointment had total time costs of
€41.28. In other words, a telemedical rather than an in-clinic
follow-up appointment would have saved patients €35.43 in
average time costs.
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Finally, the production loss due to patients’ absence from work
while they were attending their appointments was calculated.
This was based on an average hourly wage of €29.48 in
Germany and an overall average of 6.96 working hours per day
per full-time or part-time German employee. With 1 patient
absent in the telemedicine group and 3 patients absent in the
control group, total production losses were €205.18 and €615.54,
respectively. With 20 employed patients in the telemedicine
group and 19 employed patients in the control group, the costs

due to lost production averaged €10.26 for a telemedical
follow-up and €32.40 for an in-clinic one.

Taking employment status into account, the total costs of a
follow-up appointment were €16.11 for an employed patient in
the telemedicine group and €92.63 for an employed patient in
the control group. For an unemployed patient, the total costs
decreased to €5.85 in the telemedicine group and to €60.23 in
the control group due to the irrelevant production loss.
Multimedia Appendix 2 presents the cost calculations in detail.

Table 3. Cost calculation from the patients’ perspective.

DifferenceControl groupTelemedicine groupCosts

18.9518.95 (13.57)0 (0)Travel costs (€a), mean (SD)

18.5618.56 (11.14)0 (0)Travel time costs (€), mean (SD)

8.049.83 (7.34)1.79 (1.82)Waiting time costs (€), mean (SD)

35.4341.28 (21.27)5.85 (2.77)Total time costs (€), mean (SD)

410.36615.54205.18Production loss (€)

aA currency exchange rate of €1=US $0.97 is applicable.

Environmental Impact
To calculate the emissions saved in the telemedicine group due
to the avoided trips to and from the clinic, 152 g/pkm for
greenhouse gases, 0.94 g/pkm for carbon monoxide, 0.15 g/pkm
for volatile hydrocarbons, 0.38 g/pkm for nitrogen oxides, and
0.006 g/pkm for particulates were applied based on an average
car occupancy of 1.4 passengers. This led to the result that
around 11.248 kg of greenhouse gases, 0.070 kg of carbon
monoxide, 0.011 kg of volatile hydrocarbons, 0.028 kg of
nitrogen oxides, and 0.0004 kg of particulates were saved per
patient with the help of video consultations. Table 4 also shows
the total emissions saved for the 26 patients in the telemedicine
group. For example, as a result of the video consultations,
emissions of 292.448 kg of greenhouse gases could be avoided
in our study. The calculation of environmental costs saved in
the telemedicine group is based on environmental costs of

€0.05045 per pkm. This value represents the average
environmental costs of gasoline and diesel powered cars. The
use of telemedicine saved approximately €3.73 in environmental
costs per patient, resulting in a total of €97.07 for all patients
in our study. Finally, the potential savings can also be seen in
the model calculation for 1 year if 8 patients per week had a
video consultation instead of a clinic consultation, as was the
case in our study. For this calculation, the average distance
between the home of the patients in the telemedicine group and
control group and the clinic was used. With a total of 384
patients who would not have to travel to the clinic each year
due to video consultations, a total of 4009.88 kg of greenhouse
gases, 24.80 kg of carbon monoxide, 3.96 kg of volatile
hydrocarbons, 10.02 kg of nitrogen oxides, and 0.16 kg of
particulates could be avoided. In addition, at €195 per ton of
carbon dioxide equivalent, €1330.91 in environmental costs
could be saved.

Table 4. Saved emissions and environmental costs in the telemedicine group.

TotalPer patientEmissions and costs

292.44811.248Greenhouse gases (kg)

1.8090.070Carbon monoxide (kg)

0.2890.011Volatile hydrocarbons (kg)

0.7310.028Nitrogen oxides (kg)

0.0120.0004Particulates (kg)

97.073.73Environmental costs (€a)

aA currency exchange rate of €1=US $0.97 is applicable.

Sensitivity Analysis
In the subsequent sensitivity analysis, several adjustments were
made. First, the cost calculation from the patients’point of view
was modified to test the effect of alternative assumptions on
the valuation of production losses. Assuming that all patients
who were absent from work were employed full time (ie, 8.2

hours per day), the societal cost of lost production would have
increased to €241.74 (mean €12.09, SD 54.05) in the
telemedicine group and to €725.21 (mean €38.17, SD 90.56)
in the control group. In contrast, assuming only part-time
employment of 3.9 hours per day for all patients who were
absent from work, the costs of lost production would have
decreased to €114.97 (mean €5.75, SD 25.71) in the
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telemedicine group and to €344.92 (mean €18.15, SD 43.07)
in the control group. These assumptions would have changed
the total costs for employed patients to €17.94 for full-time
employees and €11.60 for part-time employees in the
telemedicine group, as well as to €98.40 for full-time employees
and €78.38 for part-time employees in the control group.

Second, the calculation of environmental costs was adjusted to
the cost rate of €680 per ton of carbon dioxide equivalent, which
increased the average environmental costs of gasoline and diesel
cars to €0.12885 per pkm. Due to this adjustment, the
environmental costs saved in the telemedicine group would
have been €9.53 per patient and €247.91 in total.

In addition, if a total of 16 patients per week had a video
consultation instead of a clinic consultation, approximate
emissions of 8019.76 kg of greenhouse gases, 49.60 kg of carbon
monoxide, 7.91 kg of volatile hydrocarbons, 20.05 kg of
nitrogen oxides, and 0.32 kg of particulates could be saved.
Environmental costs could furthermore be reduced by €2661.82,
at €195 per ton of carbon dioxide equivalent, or by €6798.33,
at €680 per ton of carbon dioxide equivalent.

Discussion

Principal Findings
This analysis of the economics of using telemedicine in
follow-up care for patients in orthopedic and trauma surgery in
a German university hospital showed that implementing video
consultations enabled time and cost savings for patients, savings
in environmental costs, and reductions in emissions.

Implications for Patients
Seen from the patients’ point of view in the societal perspective
of the health economic analysis, the use of telemedicine was
not associated with additional costs (eg, out-of-pocket payments)
for the patients in our study. On the contrary, compared with
the control group, telemedical appointments resulted in cost
savings due to the avoidance of travel and the reduction in time
costs.

Previous economic evaluations by Buvik et al [36] and Ohinmaa
et al [37] also showed that telemedicine saved travel time and
travel distance—and, thus, travel costs—in sparsely populated
Scandinavian countries even though patients had to travel to a
local caregiver for their appointment [36,37]. Similarly, RCTs
by Sathiyakumar et al [9] and Kane et al [12] found savings in
travel distances and time spent as well, but these studies did not
feature economic analyses [9,12]. Reducing travel burdens is
an important societal benefit of telemedicine, as it can ensure
better access to medical care. In particular, patients in rural
regions and hospitals that seek to offer their medical services
beyond their own region stand to benefit. At the same time,
however, all patients must still be able to reach their local clinic
when video consultations are not sufficient.

Since our trial ended in 2021, our analysis did not consider the
energy pricing dynamics following the 2022 European energy
crisis. Actual savings in travel costs could be far higher in future
digital health deployments.

In addition, the results of the analysis showed that the average
costs of lost production were lower for a video consultation
compared to a clinical consultation, indicating that telemedicine
may have a positive impact in this regard as well. The potential
of telemedicine to reduce lost work time—and, thus, production
losses—reported here is consistent with the findings of other
RCTs [9,12,36,37].

From a societal point of view, the use of telemedicine saved
average total costs for employed patients of €76.52 per
follow-up appointment, ranging from €66.78 to €80.46 in the
sensitivity analysis. Most likely, the real savings would be even
higher, as patients often wish or require an accompanying person
for a clinic consultation, and the cost and time savings of
companions were not considered in the study. The finding that
video consultations save overall costs compared with
conventional F2F examinations in follow-up care is also
confirmed by Buvik et al’s [36] analysis. It should be noted,
however, that in our calculation patient time lost due to a
follow-up appointment was assigned a monetary value
independently of any production losses, because including such
time costs is strongly recommended in health economic
methodology [28,30].

Implications for the Environment
In addition, from the environmental point of view in the societal
perspective, our analysis showed that for each patient who
received a video consultation instead of a clinic consultation,
emissions of 11.248 kg of greenhouse gases, 0.070 kg of carbon
monoxide, 0.011 kg of volatile hydrocarbons, 0.028 kg of
nitrogen oxides, and 0.0004 kg of particulates could be saved
due to avoiding traveling by car. International studies have also
demonstrated the reduction of emissions through the use of
telemedicine, although the level of individual emissions differs
in the respective studies [38,39]. For example, in a study by
Udayaraj et al [23], telemedicine led to a reduction of 3527
miles and saved 1035 kg of carbon dioxide for kidney transplant
patients in the United Kingdom. A retrospective analysis of
patients in vascular surgery in the United States by Paquette
and Lin [24] found a reduction of 1632 kg of carbon dioxide;
42,867 g of carbon monoxide; and 3160 g of nitric oxides by
performing a total of 146 telemedicine encounters. In addition,
based on Spanish data, a study by Vidal-Alaball et al [25]
showed an average reduction of 3248.3 g of carbon dioxide,
4.05 g of carbon monoxide, and 4.86 g of nitric oxides per
patient in a telemedicine program that included different
specialties.

In our study, up to 8 patients could be treated weekly via
telemedicine, which can lead to an annual improvement in the
environmental footprint for a single German university
orthopedic and trauma surgery department alone. Although the
performance of telemedicine is not suitable for all patients in
orthopedic and trauma surgery, the reduction in emissions could
be improved by increasing the number of patients treated by
video consultations each week. If the number of patients were
expanded to the 1903 hospitals in Germany and included
specialties suitable for telemedicine, such as general and visceral
surgeries or dermatology, the call of the 125th German Medical

J Med Internet Res 2022 | vol. 24 | iss. 11 | e42839 | p.544https://www.jmir.org/2022/11/e42839
(page number not for citation purposes)

Muschol et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Assembly in 2021 for a net-zero German health care system
could be substantially supported [22].

In addition to the emission savings themselves, our study also
showed that the introduction of telemedicine can also contribute
to a reduction in environmental costs from the societal
perspective.

Implications for Practice
This health economic analysis provides clinical evidence that
can improve stakeholders’ decision-making on implementing
telemedicine both in and beyond the current COVID-19
pandemic. It was shown that the use of telemedicine in the
follow-up care of orthopedic and trauma surgery benefits both
patients and the environment from an economic perspective.
Given the pragmatic design of this study, it can be expected
that its main findings can be applied by decision makers in other
clinical contexts as well.

When deciding whether to implement telemedicine, however,
health care providers should consider other aspects besides the
economic and environmental benefits. First, the quality of care
provided by telemedicine must be ensured. Patient and physician
satisfaction, efficiency, and the safety of the video consultations
in terms of the same clinical outcomes achieved in F2F
consultations play an important role. Various studies show that
these goals can be achieved by introducing telemedicine in
orthopedic and trauma surgery [6-12]. In addition, we have
extensively analyzed patient and physician satisfaction, as well
as quality of care for the study cohort in a previous publication
[13]. Second, the costs of the technological infrastructure for
telemedicine (eg, for electricity, internet connection, and
hardware, such as computers and laptops with cameras and
microphones) have to be considered. This infrastructure,
however, is expected to be part of the standard equipment in
most hospitals, as was the case in our study.

Limitations
This study also has some limitations that should be noted. First,
although the results were primarily based on actual data
collected in the course of an RCT, some assumptions had to be
made to be able to calculate costs. Travel costs saved, for
example, were calculated based on the assumption that patients
have their video consultations at home. In fact, they could have
them anywhere, meaning that patients’ actual travel costs from
that place to the hospital may well be higher or lower. The

distance from home and the time spent on the appointments (eg,
travel and waiting times) were furthermore queried via a
questionnaire, and the actual distances and times could
potentially differ slightly from the information provided by the
patients. In addition, the original calculation of production loss
lacked information on whether patients were employed full time
or part time. For this reason, a sensitivity analysis sought to
identify possible deviations and to evaluate the robustness of
the findings.

Furthermore, given that data on time costs for German patients
were missing in the literature, Verbooy et al’s [30] valuation
approach was used, which was based on Dutch data. However,
assuming that the Dutch population is reasonably similar to the
German one, this minor inconsistency appears unlikely to have
distorted overall results.

Finally, one of the inclusion criteria of the study was patients’
ownership of a technical device (smartphone, computer, etc)
that allowed them to make video calls. This requirement could
lead to socioeconomic inequalities being exacerbated, because
only patients with adequate financial means might be able to
benefit from cost savings due to telemedicine [40]. This inequity
could not be avoided within the study, but it is an important
issue with practical relevance and should be taken into account
by policy makers.

Conclusions
The use of telemedicine was found to reduce the environmental
footprint and to save travel costs, travel time, and time costs for
patients, and it helped to lower production losses from a societal
perspective compared to F2F consultations in Germany. Thus,
telemedicine helps to reduce costs in multiple dimensions. These
results were demonstrated in the first health economic analysis
of the use of telemedicine in follow-up care for patients with
knee and shoulder disorders in orthopedic and trauma surgery,
based on data from Germany. Simultaneously, this study
provided economic and environmental evidence supporting
stakeholders, such as hospitals, patients, and policy makers,
who may consider extending the use of telemedicine in and
beyond the COVID-19 pandemic. In addition, these findings
might be relevant beyond the medical specialty of orthopedic
and trauma surgery; they could be applied to other clinical
contexts and to a wide range of potential digital health
applications that substitute outpatient hospital visits with video
consultations.
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Abstract

Background: Previous studies have demonstrated telemedicine (TM) to be an effective tool to complement rheumatology care
and address workforce shortage. With the outbreak of the SARS-CoV-2 pandemic, TM experienced a massive upswing. However,
in rheumatology care, the use of TM stagnated again shortly thereafter. Consequently, the factors associated with physicians’
willingness to use TM (TM willingness) and actual use of TM (TM use) need to be thoroughly investigated.

Objective: This study aimed to identify the factors that determine TM use and TM willingness among German general practitioners
and rheumatologists.

Methods: We conducted a secondary analysis of data from a German nationwide cross-sectional survey with general practitioners
and rheumatologists. Bayesian univariate and multivariate logistic regression analyses were applied to the data to determine which
factors were associated with TM use and TM willingness. The predictor variables (covariates) that were studied individually
included sociodemographic factors (eg, age and sex), work characteristics (eg, practice location and medical specialty), and
self-assessed knowledge of TM. All the variables positively and negatively associated with TM use and TM willingness in the
univariate analysis were then considered for Bayesian model averaging analysis after a selection based on the variance inflation
factor (≤2.5). All analyses were stratified by sex.

Results: Univariate analysis revealed that out of 83 variables, 36 (43%) and 34 (41%) variables were positively or negatively
associated (region of practical equivalence≤5%) with TM use and TM willingness, respectively. The Bayesian model averaging
analysis allowed us to identify 13 and 17 factors of TM use and TM willingness, respectively. Among these factors, being female,
having very poor knowledge of TM, treating <500 patients per quarter, and not being willing to use TM were negatively associated
with TM use, whereas having good knowledge of TM and treating >1000 patients per quarter were positively associated with
TM use. In addition, being aged 51 to 60 years, thinking that TM is not important for current and future work, and not currently
using TM were negatively associated with TM willingness, whereas owning a smart device and working in an urban area were
positively associated with TM willingness.
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Conclusions: The results point to the close connection between health care professionals’ knowledge of TM and actual TM
use. These results lend support to the integration of digital competencies into medical education as well as hands-on training for
health care professionals. Incentive programs for physicians aged >50 years and practicing in rural areas could further encourage
TM willingness.

(J Med Internet Res 2022;24(11):e40304)   doi:10.2196/40304

KEYWORDS

telemedicine; rheumatology; primary care; secondary analysis; health services research

Introduction

Telemedicine (TM) offers the opportunity to overcome spatial
distances in health care delivery [1]. Thus, TM represents a
promising way to support rheumatology care [2,3] in light of
the rising worldwide burden of musculoskeletal diseases [4]
and growing workforce shortage [5,6]. However, the effective
implementation of TM in standard care is only possible if the
end users are willing and able to use TM [7,8].

With the outbreak of the SARS-CoV-2 pandemic, physicians’
face-to-face consultations declined considerably [9,10]. The
possibility of contactless medical care is now more important.
Advantageously, through TM, medical care could be provided,
avoiding contacts and thus infections [11,12]. Hence, TM has
received a tremendous upswing worldwide [13] and regionally
[9,14]. Although the pandemic situation, involving social
distancing and multiple lockdowns, provided an ideal
environment for the implementation of TM, this momentum
soon stagnated again [10,15]. Particularly in rheumatology,
health care professionals’ use and acceptance of TM fell short
of expectations [10]. Apparently, other factors may play a role
in the willingness to use TM (TM willingness) and actual use
of TM (TM use) among general practitioners (GPs) and
rheumatologists. Identifying these factors is a rather challenging
task but could have implications for the development of TM
strategies aiming to improve health outcomes and access to care
and make health care delivery systems more efficient and
cost-effective.

To gain a better understanding of these factors, we performed
a secondary analysis using data from a nationwide
cross-sectional survey conducted earlier in Germany [7]. Our
objective was to identify the underlying factors associated with
TM use and the TM willingness among German GPs and
rheumatologists.

Methods

Overview
This work reports on findings from a secondary analysis of data
collected as part of a cross-sectional, self-completed, and
paper-based survey of German GPs and outpatient
rheumatologists. The initial study was conducted from
September to November 2018 and investigated the acceptance,
opportunities, and obstacles to the implementation of TM. Of
the 2395 questionnaires that were sent out, 497 (20.75%) were
returned. Of the 497 responses, 12 (2.4%) were excluded from
the data set because fewer than half of the questions were
answered. The final response rates were 18.94% (437/2307)

and 55% (48/88) for GPs and rheumatologists, respectively.
The exact methodology applied for the nationwide survey has
been described previously [7].

Regression Analysis
Both Bayesian univariate and multivariate logistic regression
analyses were applied to the data to determine which factors
were associated with TM use (question [Q]3) and TM
willingness (Q4A), respectively. In total, 22 independent
variables were considered for each univariate regression analysis
(Multimedia Appendix 1). The individuals who missed
providing information on age or gender or answers to Q3
(467/492, 5.1%) and Q4A (454/492, 7.7%) were excluded.
Otherwise, missing values (no answer) were considered as a
new category for the univariate regression analysis. For instance,
Q28, “assigning physician or rheumatologist,” previously had
2 categories and was revised to have 3 categories, “assigning
physician,” “rheumatologist,” or “not answered”. For statistical
analysis, all the categorical variables having >2 modalities, for
example, “yes,” “no,” or “do not know,” were transformed into
dummy or binary variables. For instance, Q21 was transformed
into 3 dummy variables.

For each model, odds ratios (ORs) with 95% credible interval
(CI) are presented. All the individual variables associated
(positively or negatively) with TM use and TM willingness in
the Bayesian univariate analysis were considered for analysis
in the later Bayesian multivariate analysis (model selection)
after variable selection. This variable selection was based on
the region of practical equivalence (ROPE) percentage
(ROPE%≤5) [16] and a subsequent selection based first on the
variance inflation factor (VIF) [17]. Collinear covariates, with
a VIF>2.5, were excluded in the multivariate models [18].
Finally, the determinants of TM use and TM willingness were
identified through Bayesian model averaging (BMA) [19]. The
“best” model (ie, model with the highest posterior probability)
from BMA was detailed. All models were stratified by sex. In
addition, determinant factors (question answers), defined as
variables with a posterior probability of ≥10% with BMA, were
identified and used to establish the profile of the individuals
using or willing to use TM and the profile of the individuals
not using or not willing to use TM using spider charts. For each
determinant factor, the percentage of individuals who chose a
specific answer was displayed on the spider chart. This
percentage could range from 0 (the inner circular line, the closest
to the center) if no individuals chose the specified answer for
the considered question to 100 (the outer circular line, the
farthest from the radar center) if all individuals answered the
question with the specified answer. Green points and lines on
the spider charts refer to the individuals who use or want to use
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TM, whereas red points and lines correspond to the individuals
not willing to use or not using TM. For each question, there
were 3 possible situations. When the green and red points
overlapped (were similar), it meant that there was no difference
between the individuals whether they were using TM or not or
willing or not to use TM, that is, the proportion of similar
answers was high. When the green point was higher (higher
percentage) than the red point, it indicated that the individuals
using or willing to use TM chose the specified answer more
often than those not willing to use or not using TM, which meant
that this factor (question) had a positive impact on TM use or
TM willingness. Finally, when the green point was lower (lower
percentage) than the red point, it indicated that the individuals
willing to use or using TM chose the specified answer less often
than the individuals not willing to use or not using TM, which
meant that this factor (question) had a negative impact on TM
use or TM willingness.

All statistical analyses were performed using R software (version
4.1.2, R Foundation for Statistical Computing) for Windows
10. The tidyverse package (version 1.3.2) was used [20]. VIFs
were calculated using the car package (version 3.1-0) [21].
Bayesian estimation was performed using the rstanarm package
(version 2.21.1) [22,23]. Weakly informative priors (default
priors in rstarnarm) were used. The default priors in rstanarm
2.21.1 are designed to be weakly informative. The Bayesian
model adds priors (independent by default) to the coefficients
of the generalized linear model. The Bayesian estimation was
performed via the Markov chain Monte Carlo Bernoulli model,
with 4 randomly initialized Markov chains, each for 2000
iterations (including a warm-up period of 1000 iterations that
is discarded). Posterior distributions were described using the
bayestestR package (version 0.12.1) [24]. The selection of the
“best” model through BMA was undertaken using the BMA
package (version 3.18.15) [25]. Regarding priors for BMA, we
assumed that all candidate models were equally likely a priori
(same prior weight). The spider charts were created using the
fmsb package (version 0.7.3) [26].

Ethics Approval
Primary data collection was conducted in compliance with the
current data protection regulations of the General Data
Protection Regulation [27] and the Helsinki Declaration. All
study participants were informed about the research project and
provided written informed consent. Data were anonymized
before analysis. The ethics committee of the Theodor Fontane
Medical School in Brandenburg stated that no written consent
was necessary owing to the noninterventional study design,
which also applies to the secondary analysis.

Results

Population Characteristics
A total of 94.9% (467/492) and 92.3% (454/492) of individuals
were selected for the analysis of TM use and TM willingness,

respectively. Most participants (247/454, 54.4%) were female.
Most individuals were GPs (408/454, 89.9%) and were aged
between 51 and 60 years (215/454, 47.4%). Although most
individuals were not using TM (344/454, 75.8%), two-thirds
(282/454, 62.1%) were willing to use it in the future.

Bayesian Univariate Logistic Regression Analysis
Only significant results are presented in the main text, but all
the results can be found in the Multimedia Appendices 1-5 and
Figures S1-S4 in Multimedia Appendix 6. A total of 26
questions were answered (83 answers) and analyzed using the
univariate logistic regression analysis. Out of 83 variables, 36
(43%) and 34 (41%) variables were found to be positively or
negatively associated (ROPE%≤5%) with TM use and TM
willingness, respectively (Multimedia Appendix 2). Regarding
sociodemographic factors (Figure 1), not owning a smart device
(OR 0.36, 95% CI 0.11-0.99; ROPE%=3.0); being female (OR
0.59, 95% CI 0.38-0.90; ROPE%=2.8); and being female with
a practice located in rural area (<5000 inhabitants; OR 0.43,
95% CI 0.16-0.99; ROPE%=4.0) were negatively associated
with TM use, whereas being aged between 51 and 60 years (OR
0.60, 95% CI 0.40-0.86; ROPE%=1.2) was negatively associated
with TM willingness. By contrast, being male (OR 1.70, 95%
CI 1.13-2.65; ROPE%=2.8) was positively associated with TM
use, whereas owning a smart device (OR 2.26, 95% CI
1.18-4.24; ROPE%=0.3); being aged 31 to 40 years (OR 3.05
95% CI 1.26-7.37; ROPE%=0); and having a practice located
in town (20,000-100,000 inhabitants) were positively associated
with TM willingness. For more details, please refer to Figures
S1 and S2 in Multimedia Appendix 6.

Regarding work characteristics, being a rheumatologist, working
in a medical care center, and treating >1000 patients per quarter
were positively associated with TM use, whereas treating <500
patients per quarter and being an assigning physician were
negatively associated (Multimedia Appendix 2 and Figures S3
and S4 in Multimedia Appendix 6).

Regarding the opinion and knowledge about TM, having at least
good TM knowledge, thinking that TM is suitable for exchange
in rheumatology, wanting to exchange information with
specialists via TM, and thinking that TM is at least rather
important for current and future work were positively associated
with both TM use and TM willingness (Multimedia Appendix
2 and Figures S3-S6 in Multimedia Appendix 6). By contrast,
having poor or very poor TM knowledge and thinking that TM
is not important at all for current and future work were both
negatively associated with both TM use and TM willingness.
Individuals willing to use TM were strongly and positively
associated with TM use.
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Figure 1. Bayesian univariate logistic regression—Relationship between the actual use of telemedicine (TM use) or willingness to use telemedicine
(TM willingness) and sociodemographic factors. The percentage indicates the region of practical equivalence (ROPE) percentage, that is, the probability
that the considered credible factor values are not negligible. The dashed lines indicate the 95% credible interval (CI) of the ROPE. OR: odds ratio; Q:
question.

BMA and Bayesian Multivariate Logistic Regression
Analysis
A total of 6 BMA analyses were conducted, with 3 (both sexes,
male, and female) for TM use and 3 for TM willingness. Figure
2 presents the determinants identified through BMA for the 6
analyses. Only variables with a posterior probability of ≥10%
were considered determinant factors. A total of 16 answers were
selected using BMA. Variables above the dashed horizontal
line refer to factors positively associated with TM use or TM
willingness (cells with color from light yellow to red). By
contrast, variables under the dashed horizontal line refer to
factors negatively associated with TM use or TM willingness
(cells with colors from light green to dark blue). The value in
each cell corresponds to the posterior probability that the
considered variable is nonzero (in percentage). Darker the color,
the higher the posterior probability percentage.

Regarding TM use, a total of 13 determinant factors (13 answers
from 8 questions) were identified. Being female, having very
poor knowledge of TM, treating <500 patients per quarter,
thinking that TM is not important at all for current work, and
not being willing to use TM were negatively associated with
TM use. By contrast, having good or very good knowledge of
TM, thinking that TM is important or very important for current
work and at least rather not important for future work, treating
>1000 patients per quarter, and thinking that TM is suitable for
exchange in rheumatology were positively associated with TM
use.

Regarding TM willingness, a total of 17 determinant factors
(17 answers from 11 questions) were identified. Not wanting
to exchange information with specialists using TM, thinking
TM services have no place in the care process, being aged 51
to 60 years, thinking that TM is not important for current and
future work, and not currently using TM were negatively
associated with TM willingness. By contrast, owning a smart
device, thinking that TM is at least rather not important for
future work, thinking that TM is relevant in subareas in
rheumatology, and thinking that there should be exchange with
TM were positively associated with TM willingness.

For more details about the BMA analysis, please refer to
Multimedia Appendix 4, which synthesizes BMA results for
the top 5 models, as well as to Figures S7-S11 in Multimedia
Appendix 6 for TM use and for TM willingness, which represent
all the variables considered (in the y-axis) for the full list of
models selected (in the x-axis). Blue color indicates variables
negatively associated with TM use or TM willingness, whereas
red color indicates variables that are positively associated.

Results for the “best” model identified through BMA indicated
that being female (OR 0.57, 95% CI 0.35-0.90; ROPE%=3.2);
thinking that TM is not important at all for current work (OR
0.15, 95% CI 0.08-0.29; ROPE%=0); and not being willing to
use TM (OR 0.22, 95% CI 0.10-0.38; ROPE%=0) were
negatively associated with TM use for both sexes. When
stratified by sex, it was found that treating <500 patients per
quarter was negatively associated with TM use. Regarding TM
willingness, being aged 51 to 60 years (OR 0.43, 95% CI
0.26-0.74; ROPE%=0); not using TM (OR 0.14, 95% CI

J Med Internet Res 2022 | vol. 24 | iss. 11 | e40304 | p.552https://www.jmir.org/2022/11/e40304
(page number not for citation purposes)

Muehlensiepen et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


0.06-0.31; ROPE%=0); thinking that TM is not suitable for
exchange in rheumatology (OR 0.13, 95% CI 0.05-0.35;
ROPE%=0); and thinking that it is not important for future work

(OR 0.13, 95% CI 0.05-0.35; ROPE%=0) were factors
negatively associated with TM willingness for both sexes.

More details about the “best” models are available in Multimedia
Appendix 5.

Figure 2. Determinants of the actual use of telemedicine (TM use) or willingness to use telemedicine (TM willingness) identified through the Bayesian
model averaging analysis. A total of 28 answers from 16 questions were selected with Bayesian model averaging. The value in each cell corresponds
to the posterior probability that the considered variable is nonzero (in percentage). Q: question.

Profile of TM Users or Individuals Willing to Use TM
Determinant factors, defined as variables with a posterior
probability of ≥10% with BMA, were identified and used to
establish the profile of individuals using or willing to use TM
and the profile of individuals not using or not willing to use
TM. Figure 3 presents the profiles identified based on gender.

Regarding TM use, TM users more frequently had TM
knowledge and treated, on average, more patients (>1000
patients per quarter) than non-TM users.

TM users were more often women, more often thought that TM
is not important at all for current work, more frequently had

very poor TM knowledge, and were less inclined to use TM
compared with TM users.

Regarding TM willingness, the individuals who were willing
to use TM owned a smart device and thought that there should
be TM exchange more often than the individuals who were not
willing to use TM. By contrast, the individuals not willing to
use TM were more often aged 51 to 60 years and more
frequently thought that TM is not suitable for exchange in
rheumatology, is not important at all for current and future work,
is not relevant for future work in medical subareas, and has no
place in the care process. In addition, they used TM less often
than the individuals who were willing to use TM.
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Figure 3. Profile of telemedicine (TM) users versus nonusers and individuals willing to use TM versus those not willing to use TM using Bayesian
model averaging (BMA). Variables displayed on the spider or radar chart correspond to factors selected with BMA that had a posterior probability of
≥10%. Percentages refer to the percentage of individuals with the answer specified for each question. NI: not important; NIAA: not important at all;
RI: rather important; RNI: rather not important; VG: very good; VI: very important; VP: very poor; TM willingness: willingness to use telemedicine;
Q: question.

Discussion

Overview
We performed a secondary analysis to identify factors associated
with TM use and TM willingness on data collected as part of a
cross-sectional, self-completed, and paper-based survey of
German GPs and outpatient rheumatologists. The initial study
[7] was conducted from September to November 2018, with
the goal of exploring general acceptance, opportunities, and
obstacles for the implementation of TM. The current secondary
analysis was conducted to identify the most relevant factors
affecting TM use and TM willingness to enable more effective
TM strategies.

Principal Findings
Regarding the factors associated with TM use, our results
revealed that having good or very good knowledge of TM and
treating >1000 patients per quarter were positively associated
with TM use. By contrast, being female, having very poor
knowledge of TM, treating <500 patients per quarter, not owning
a smart device, working in a rural area, thinking that TM is not
important at all for current work, and not being willing to use
TM were negatively associated with TM use.

Regarding the factors associated with TM willingness, owning
a smart device, thinking that TM is relevant in subareas in
rheumatology, working in urban areas, and thinking that there
should be exchange with TM were positively associated with
TM willingness. By contrast, not wanting to exchange

information with specialists using TM, thinking that TM services
have no place in the care process, being aged 51 to 60 years,
thinking that TM is not important for current and future work,
and not currently using TM were negatively associated with
TM willingness.

Comparison With Prior Work
To the best of our knowledge, this is the first work analyzing
specific factors influencing TM use and TM willingness among
German GPs and rheumatologists. A major strength of this study
lies in its ability to guide TM implementation strategies.

Our results underline the close connection between knowledge
and technology use, as described by Paul Attewell [28].
According to his theory on technology diffusion and
organizational learning, knowledge barriers—that is, the lack
of knowledge about the technology and how this technology
can be applied in an organizational setting—are in fact the
reasons why technology diffusion remains low. Consistently,
we found that having good or very good self-perceived
knowledge of TM is positively associated with TM use, whereas
having very poor knowledge is negatively associated with TM
use. Similarly, a previous survey study identified the
unawareness of suitable software solutions as the main factor
that prevented rheumatologists from using electronic instead of
paper-based questionnaires [29]. Concurringly, German
rheumatologists were only aware of a fraction of the available
rheumatology apps, limiting their use in clinical routine [30].

Tanriverdi and Iacono [31] extended Attewell’s theory to a
multidimensional concept including the economic,
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organizational, and behavioral knowledge barriers that hamper
the diffusion of TM. Our results support this
multidimensionality. For instance, larger medical practices
providing for more patients are more likely to use TM than
smaller organizational units. Furthermore, in line with the results
of Knörr et al [32], physicians in rural areas appear to use TM
less frequently than physicians in urban areas, which seems
counterintuitive and might also be due to the limited technical
infrastructure in rural areas in Germany [8]. However, Vossen
et al [33] reported a positive correlation between the traveling
time to the treating rheumatologist and the willingness of
German patients with rheumatoid arthritis to use video
consultations.

In addition, the purchase of technology equipment,
administration effort, and inadequate reimbursement (system)
of TM services in Germany were identified as the main barriers
to TM use in the primary analysis [7]. These barriers were later
confirmed in a multiprofessional survey to impact TM use in
other medical domains as well [34].

In line with the previous results reported by Alkureishi [35],
our analysis results indicated a negative association between
being female and TM use. We were surprised by this finding,
as eHealth literacy was recently reported to be higher among
women, both among health care professionals [36] and the
overall German population [37]. Apparently, higher eHealth
literacy does not translate directly into higher TM use. The
reasons for the gender difference need to be specifically explored
in further research, particularly as the proportion of women
among physicians continues to increase in Germany [38].
Furthermore, the negative association between being aged 51
to 60 years and TM willingness is striking, as the average age
of physicians in Germany is currently 54.2 years with an
increasing trend [38]. This is linked to substantial concerns
about increasing workforce shortage [5], which TM is actually
intended to address [6,39]. However, a previous study on mobile
health found no gender differences in patients with rheumatoid
arthritis yet revealed a negative correlation with age [40]. Thus,
the differences between the study findings may also be explained
by specific TM approaches queried and terminology, which
should be further researched.

Implications
Because TM use is closely intertwined with physicians’
knowledge in this domain, we strongly support the integration
of digital competencies into medical education and offering of
dedicated training courses for physicians [41-43]. Continuous
education in this area seems to be particularly important, as
telemedical options continuously increase, including not only
medical apps but also completely new procedures such as patient
self-sampling. Health care professionals also seem concerned
with an increasing workload due to increasing communication
and transmitted information via TM [8]; education could help
to implement the most successful TM strategies. As Tanriverdi
and Iacono [31] discussed earlier, these training courses should
also reflect on the multidimensionality of knowledge barriers
by addressing the economic, organizational, and behavioral
framework conditions of digital health implementation.
Administrative, technical, and reimbursement requirements

should be addressed first, as these have been reported as key
barriers to the use of TM [7], just as they have recently been to
the use of prescribed and regulated digital therapies in Germany
[44].

Concomitantly, our data point to the importance of the
organizational determinants of TM use. Although there are
already numerous studies that point to the effectiveness of TM
use [3], it remains unclear how TM needs to be integrated into
organizational structures to ensure its effective and sustainable
use in routine health care. Therefore, we recommend
investigating the organizational and social factors of the
implementation of TM and digital health in health care delivery.

Furthermore, our findings will inform private and public
stakeholders on TM implementation. Public stakeholders, such
as health policy makers, might use our findings to promote TM
and upgrade infrastructure in rural areas. Specific target groups
for incentive schemes could be female physicians aged 51 to
60 years in particular. Private stakeholders, such as TM
companies or start-ups, might infer from our findings that health
care professionals need low-threshold instructions on the use
of their products. Finally, we recommend organizational and
structural guidance, including setup, staff planning, billing of
services, and administration, for the implementation of TM in
routine health care delivery.

Limitations
The primary data on which this analysis was based were
collected in 2018 before the SARS-CoV-2 outbreak. Owing to
the need to reduce physical contact and thus minimize the risk
of infection, TM use initially received a major uptake in global
health care delivery [13]. Hence, more physicians and likely
other subgroups will have tried TM by now [23], which has led
to an increased use and awareness of TM in routine practice.
Nevertheless, recent studies suggest that even after the
SARS-CoV-2 outbreak, the same barriers continue to prevent
widespread TM adoption [9,10,35,44,45]. However, a replication
of the initial survey is essential to identify whether and how the
identified factors have changed in the surveyed target group.
Thus, the results from our study represent a baseline to future
studies that would investigate the change in TM experience and
perceptions due to the SARS-CoV-2 pandemic.

Apart from the aforementioned shortcomings, the limitations
of the primary data still apply [7]. Only a relatively small
proportion (44/454, 9.7%) of the survey sample are
rheumatologists, which accounts for 7% of all of the
rheumatologists in outpatient care in Germany [46]. Although
the survey was directed at physicians from all over Germany,
it was primarily physicians from Brandenburg who participated
because of the recruitment strategy. We suspect a high potential
of self-selection and nonresponse bias. Health care professionals
in inpatient care as well as other professions involved in
rheumatology care (eg, nurses) were not included in the survey.
Furthermore, our results cover the perspectives of German
physicians only. Their acceptance of TM might be strongly
influenced by the specifics and policy drivers of the German
health system. Previous studies reported [8,45] weak
remuneration, high bureaucracy, and a lack of digital
infrastructure to hamper TM use in Germany. Owing to these
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influences, the transferability of our results to other countries
and health care systems may be limited. Finally, physician
engagement is an important factor in the adoption of telehealth
into routine care delivery, but it represents only one side of the
coin. The patient perspective and TM willingness represent the
other side that needs to be investigated as a priority.

Regarding the statistical analysis, we used a Bayesian approach
to conduct the secondary analysis of the aforementioned survey.
A practical limitation of the Bayesian approach is that it requires
the specification of prior distributions both on the parameters
of each model and on the distribution of the models themselves.
Because we had no a priori assumption, we used weakly
informative priors. Choosing another prior distribution may
have had substantial influence on the outcome [47,48].
Regarding the variable and model selections, a 3-step approach
was used. First, all the individual variables associated (positively
or negatively) with the use of or TM willingness in the Bayesian
univariate analysis were selected based on the ROPE percentage
(ROPE%≤5). Choosing a different ROPE percentage threshold
may have yielded different results. Then, we performed a
conservative selection based on the VIF (VIF≤2.5) to deal with

potential variable multicollinearity. Finally, we used the
remaining variables with BMA for model selection and
identification of determinants. BMA was chosen in particular
because it reduces overconfidence and is relatively robust
against model misspecification [47,49-51]. Markov chain Monte
Carlo was used to deal with the intractable computational
challenge of BMA that comes from the candidate model
enumeration [52].

Conclusions
TM use is intertwined with health care professionals' knowledge
of TM. Limited knowledge restricts the implementation of TM
in rheumatology care. Dedicated education courses could
provide the necessary knowledge and improve TM uptake.
These courses need to reflect on the multidimensionality of
knowledge barriers by addressing the economic, organizational,
and behavioral framework conditions of TM implementation.

TM willingness is associated with age and practice location,
and incentive programs for advanced physicians practicing in
rural areas have the potential to increase the implementation of
TM in standard care.
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Abstract

Background: Virtual care (VC) visits (telephone or video) and email-based patient communication have been rapidly adopted
to facilitate cancer care during the COVID-19 pandemic. Inequities in access and patient experience may arise as these digital
health tools become prevalent.

Objective: We aimed to characterize inequities in access and patient-reported experience following adoption of digital health
tools at a tertiary cancer center during the COVID-19 pandemic.

Methods: We designed a cross-sectional study of outpatients with visits from September to December 2020. Patient characteristics
and responses to an email-based patient-experience survey were collated. Inequities in access were assessed across three pairs of
comparison groups: (1) patients with VC and in-person visits, (2) patients with and without documented email addresses, and (3)
responders and nonresponders to the survey. Inequities in patient-reported experience were assessed among survey responders.
Demographics were mapped to area-level averages from national census data. Socioeconomic status was mapped to area-level
dimensions of the Canadian Index of Multiple Deprivation. Covariate balance between comparison groups was assessed using
standardized mean differences (SMDs), with SMD≥0.2 indicating differences between groups. Associations between patient
experience satisfaction scores and covariates were assessed using multivariable analyses, with P<.05 indicating statistical
significance.

Results: Among the 42,194 patients who had outpatient visits, 62.65% (n=26,435) had at least one VC visit and 31.15%
(n=13,144) were emailable. Access to VC and email was similar across demographic and socioeconomic indices (SMD<0.2).
Among emailable patients, 21.84% (2870/13,144) responded to the survey. Survey responsiveness was similar across indices,
aside from a small difference by age (SMD=0.24). Among responders, 24.4% received VC and were similar to in-person responders
across indices (SMD<0.2). VC and in-person responders had similar satisfaction levels with all care domains surveyed (all P>.05).
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Regardless of visit type, patients had variable satisfaction with care domains across demographic and socioeconomic indices.
Patients with higher ethnocultural composition scores were less satisfied with the cultural appropriateness of their care (odds
ratio [OR] 0.70, 95% CI 0.57-0.86). Patients with higher situational vulnerability scores were less satisfied with discussion of
physical symptoms (OR 0.67, 95% CI 0.48-0.93). Patients with higher residential instability scores were less satisfied with
discussion of both physical (OR 0.81, 95% CI 0.68-0.97) and emotional (OR 0.86, 95% CI 0.77-0.96) symptoms, and also with
the duration of their visit (OR 0.85, 95% CI 0.74-0.98; P=.02). Male patients were more satisfied with how their health care
provider had listened to them (OR 1.64, 95% CI 1.11-2.44; P=.01).

Conclusions: Adoption of VC and email can equitably maintain access and patient-reported experience in cancer care across
demographics and socioeconomic indices. Existing health inequities among structurally marginalized patients must continue to
be addressed to improve their care experience.

(J Med Internet Res 2022;24(11):e39728)   doi:10.2196/39728
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Introduction

Virtual care (VC), referring to the delivery of care using
information and telecommunications technologies [1], has been
adopted at cancer centers during the COVID-19 pandemic to
promote adherence to physical distancing and other public health
measures [2-5]. At the Princess Margaret Cancer Centre
(Toronto, Ontario), VC visits were rapidly implemented 12 days
after declaration of the pandemic to reduce in-person visits by
50% while maintaining continuity of care [2]. The hospital-wide
VC platform developed in-house was also leveraged to email
patient-reported experience surveys to all patients after VC or
in-person visits, allowing quality improvement data collection
to continue during the pandemic [2].

As digital health tools such as VC and email-based patient
communications are increasingly adopted, it is possible they
may mitigate or exacerbate existing health inequities [6].
Differential access to and benefit from digital resources is
termed the digital divide [7-9]. Digital divides are modulated
by the social determinants of health, including age, gender,
income, housing, rurality, race, and language. Some have noted
the potential benefits of VC and email for enhancing equitable
care [10-12], including increased health care utilization among
racialized minorities and those with travel restrictions. Others
have expressed concerns about digital divides in access to VC
due to structural marginalization [13-17], particularly among
marginalized populations known to be more prone to adverse
oncologic outcomes [18,19]. These concerns underscore the
importance of investigating inequities following the adoption
of digital health tools and addressing their impact on oncologic
care [20,21]. Herein, we aimed to characterize inequities in
access and patient-reported experience following adoption of
digital health tools at a Canadian tertiary cancer center.

Methods

Study Design
A cross-sectional study was designed. Inequities in access were
assessed across three pairs of comparison groups: (1) patients
with one or more VC visits and those with only in-person visits;
(2) emailable and nonemailable patients (effectively, patients

with and without documented email addresses); and (3)
responders and nonresponders to an email-based,
patient-reported experience survey. Inequities in patient-reported
experience were assessed among survey responders. We
characterized digital divides in access to and use of VC and
email using group comparisons by demographics and clinic
type. We characterized inequities in patient experience among
all patients by identifying associations between satisfaction with
care and demographics or visit type. This study was conducted
in accordance with the STROBE (Strengthening the Reporting
of Observational Studies in Epidemiology) reporting guidelines.

Setting and Participants
All patients with outpatient VC or in-person clinic visits at the
Princess Margaret Cancer Centre, University Health Network
(Toronto, Ontario, Canada) from September 1 through December
31, 2020, were included in this study. This center conducts
approximately 2000 outpatient visits daily, including close to
1000 ambulatory clinic encounters and 1000 ambulatory
procedures and treatments [2]. We extracted study data,
including age, gender, postal codes, clinic type, and visit type
(in-person vs VC), and completed patient-reported experience
surveys from the electronic medical record system and the
hospital-wide VC platform.

Characterization of Demographics
The following demographics were selected for use in this study:
age, gender, income, low-income status, area type, and the four
dimensions of the Canadian Index of Multiple Deprivation
(CIMD), namely residential instability (RI), economic
dependency (ED), ethnocultural composition (EC), and
situational vulnerability (SV) (Multimedia Appendix 1). Age
and gender data were extracted from the electronic medical
record, while the other demographics were derived from
dissemination area (DA)-level data reported in the Statistics
Canada 2016 census. Each individual’s DA was captured by
linking their postal code to Statistics Canada 2016 census data
using Postal Code Conversion File (PCCF+) version 7B.

Individual patient income was estimated using the neighborhood
income per single-person equivalent, a household size–adjusted
measure of household income (before tax), based on 2016
Census Summary profile data at the DA level. Low-income
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status was determined by comparing neighborhood income per
single-person equivalent to Statistics Canada low-income cutoffs
in 2016, based on area type (rural vs small vs medium vs large
population center) and family size of one person. Per Statistics
Canada, rural was defined as a population less than 1000, small
population was defined as 1-29,999, medium population was
defined as 30-99,999, and large population was defined as
100,000 or more. Socioeconomic status was mapped to the four
DA-level dimensions of the CIMD (RI, ED, EC, and SV). For
each dimension, we provided the CIMD in two forms: factor
scores (higher scores correspond to more marginalized areas)
and quintiles (a value of 1 corresponds to the least deprived area
and 5 corresponds to the most deprived area). The constituent
elements of each CIMD dimension are significantly correlated
with only one dimension and are described in Multimedia
Appendix 1.

Patient-Reported Experience Survey
We emailed an adapted version of Your Voice Matters [22], a
validated patient-reported experience survey provincially
mandated by Ontario Health, to all patients with documented
email addresses at the Princess Margaret Cancer Centre after
each outpatient VC or in-person clinic visit starting in September
2020. The survey was available in eight languages: English,
French, Simplified Chinese, Traditional Chinese, Spanish,
Portuguese, Italian, and Vietnamese. The adapted survey
included new questions regarding the utilization of VC [23]
(Multimedia Appendix 1, section 1.2; Q3-5), as well as existing
questions regarding satisfaction with various care domains such
as discussion of physical and emotional symptoms and cultural
appropriateness of care. The survey is found in Multimedia
Appendix 1 (section 1.2).

Statistical Methods
Summary statistics were calculated to describe demographics
and clinic types of the full cohort and comparison groups.
Categorical variables are summarized as numbers (percentages)
and continuous variables are summarized as means (SD),
medians (IQR), deciles (for income), and quintiles (for RI, ED,
EC, and SV). The first completed survey from each respondent
was utilized for this analysis. A sensitivity analysis was

performed to assess the influence of intrapatient correlation
among all survey responses (if there were multiple responses
from the same respondent) on the overall results. Within survey
responders, a large proportion reported their satisfaction as 4
or 5 out of 5, and therefore responses were dichotomized for
each question as “satisfied” (reported 4 or 5) and “not satisfied”
(reported 1, 2, or 3). Standardized mean differences (SMDs)
were calculated for group comparisons by demographic variable
and clinic types; SMDs of 0.2, 0.5, and 0.8 were considered
small, medium, and large differences, respectively. Multivariable
logistic regression was used to assess associations between
satisfaction scores and demographic variables, as well as visit
type, with income on a log scale. Statistical significance was
judged at P<.05. Complete case analyses were performed to
address missing survey responses. To correct for bias due to
nonresponse, multivariable models for outcome variables were
fitted with potential predictors of nonresponse as covariates
[24]. Analyses were performed using R version 4.0.2 (R
Foundation for Statistical Computing).

Ethics Statement
This study was reviewed by the institutional research ethics
board; ethics approval was obtained, along with a waiver for
written informed consent (University Health Network Quality
Improvement Review Committee #21-0148).

Results

Participant Characteristics
From September 2020 through December 2020, 42,194 patients
had outpatient clinic visits (Table 1). The median age of the full
cohort was 64 (IQR 52-73) years and 51.7% of the patients
self-identified as male. The majority of patients lived in a large
urban population center. The mean income of the full cohort
was CAD $62,400 (SD CAD $27,700), with CAD $1=~US
$0.75. Approximately 7% of patients were classified in a
low-income category. For the full cohort, the most common
clinical specialties visited were genitourinary, head and neck,
and gastrointestinal oncology. Full cohort characteristics are
listed in Table S1 of Multimedia Appendix 1.
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Table 1. Patient demographic characteristics of the full cohort (N=42,194).

ValueCharacteristics

Age (years)

61.6 (15.5)Mean (SD)

64 (52 to 73)Median (IQR)

Gender, n (%)

20,388 (48.32)Female

21,806 (51.68)Male

Areaa, n (%)

2830 (6.71)Rural area

2127 (5.04)Small population center

1494 (3.54)Medium population center

35,743 (84.71)Large urban population center

BTIPPEb (CAD $c)×1000

62.4 (27.7)Mean (SD)

58.4 (46.2 to 72.6)Median (IQR)

3594 (8.52)1st decile, n (%)

3668 (8.69)2nd decile, n (%)

3888 (9.21)3rd decile, n (%)

3925 (9.30)4th decile, n (%)

3795 (8.99)5th decile, n (%)

3899 (9.24)6th decile, n (%)

3750 (8.89)7th decile, n (%)

4103 (9.72)8th decile, n (%)

4822 (11.43)9th decile, n (%)

6750 (16.00)10th decile, n (%)

Low incomed, n (%)

39,173 (92.84)No

3021 (7.16)Yes

Residential instabilitye

0.3 (1.2)Score, mean (SD)

–0.1 (–0.6 to 1.2)Score, median (IQR)

6747 (15.99)1st quintile, n (%)

7025 (16.65)2nd quintile, n (%)

7100 (16.83)3rd quintile, n (%)

7500 (17.78)4th quintile, n (%)

13,822 (32.76)5th quintile, n (%)

Economic dependencye

–0.1 (1.1)Score, mean (SD)

–0.2 (–0.8 to 0.4)Score, median (IQR)

10,764 (25.51)1st quintile, n (%)

8685 (20.58)2nd quintile, n (%)

7983 (18.92)3rd quintile, n (%)
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ValueCharacteristics

7398 (17.53)4th quintile, n (%)

7364 (17.45)5th quintile, n (%)

Ethnocultural compositione

0.5 (1.1)Score, mean (SD)

0.3 (–0.4 to 1.2)Score, median (IQR)

2663 (6.31)1st quintile, n (%)

4616 (10.94)2nd quintile, n (%)

7606 (18.03)3rd quintile, n (%)

12,195 (28.90)4th quintile, n (%)

15,114 (35.82)5th quintile, n (%)

Situational vulnerabilitye

–0.3 (0.8)Score, mean (SD)

–0.5 (–0.8 to 0.1)Score, median (IQR)

14,348 (34.00)1st quintile, n (%)

9219 (21.85)2nd quintile, n (%)

7277 (17.25)3rd quintile, n (%)

6126 (14.52)4th quintile, n (%)

5224 (12.38)5th quintile, n (%)

Clinic type, n (%)

8885 (21.06)Genitourinary

4594 (10.89)Head and neck

4220 (10.00)Gastrointestinal

3478 (8.24)Breast

3316 (7.86)Gynecologic

17,701 (41.95)Other

aRural area was defined as a population of less than 1000, small population was defined as 1-29,999 people, medium population was defined as 30-99,999
people, and large population was defined as 100,000 or more people.
bBTIPPE: before-tax neighborhood income per single-person equivalent.
cCAD $1=~US $0.75.
dLow-income status refers to neighborhood income per single-person equivalent below the Statistics Canada low-income cutoffs in 2016, based on area
type (rural vs small vs medium vs large population center) and family size of one person.
eHigher factor scores and quintiles correspond to more marginalized areas.

Among the full cohort (N=42,194), 26,435 patients (62.65%)
had at least one VC visit and 13,144 patients (31.15%) were
emailable (Table 2). Among the emailable patients, 2870
(21.84%) responded to the survey. The majority of patients
(97%) completed the survey once; the first or only completed
surveys were included in the subsequent analysis. Sensitivity
analysis accounting for multiple completed surveys by the
minority of patients (3%) did not identify undue influence from
intrapatient correlation. The percentage of missing responses
was low (<5%) for most survey questions (Tables S6-S10 and
S14 of Multimedia Appendix 1). Almost all responders (97.9%)

completed the survey in English (Table S5 of Multimedia
Appendix 1). Among responders, 36.1% reported that they were
explicitly provided the option to have an in-person or VC visit
(Table S9 of Multimedia Appendix 1).

In-person and VC visits were reported by 73.2% and 24.4% of
respondents, respectively (Table 3). A visit type was not reported
by 2.4% of responders. Among VC respondents, 84.6% reported
having a phone visit, while 15.4% reported having a video visit
(Table S9 of Multimedia Appendix 1). Additional group
characteristics are found in Table 2, Table 3, and Multimedia
Appendix 1 (section 1.3).
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Table 2. Effect size measurements of differences by visit type, access to email, and survey responsiveness.

Survey responsivenessAccess to emailVisit typeCharacteristics

SMDResponder
(n=2870)

Nonresponder
(n=10,274)

SMDEmailable
(n=13,144)

Nonemailable
(n=29,050)

SMDa≥1 virtual visit
(n=26,435)

In-person only
(n=15,759)

Age

0.24163.7 (13.4)60.1 (15.8)0.06360.9 (15.4)61.9 (15.6)0.07262 (15.5)60.9 (15.4)Mean (SD)

—65 (56-73)62 (51-71)—63 (52-72)64 (53-73)—b64.0 (53.0-
73.0)

63.0 (52.0-
72.0)

Median (IQR)

Gender, n (%)

0.0661513 (53)5077 (49)0.0536590 (50)13,798 (47)0.1512,035 (45)8353 (53)Female

—1357 (47)5197 (51)—6554 (50)15,252 (53)—14,400 (55)7406 (47)Male

0.008——0.047——0.097——Area type

BTIPPEc (CAD $d)×1000

0.13766.3 (29)62.5 (27.4)0.04563.3 (27.8)62 (27.7)0.0963.3 (28.6)60.9 (26.1)Mean (SD)

—61.4 (49-76.5)58.4 (46.3-
72.6)

—59 (46.8-73.4)58.1 (45.8-
72.1)

—58.8 (46.5-
73.4)

57.6 (45.4-
70.8)

Median (IQR)

0.182——0.068——0.088——Decile distribu-
tion

Low incomee, n (%)

0.0532628 (92)9552 (93)0.0112,180 (93)26,993 (93)0.07424,357 (92)14,816 (94)No

—242 (8)722 (7)—964 (7)2057 (7)—2078 (8)943 (6)Yes

Residential instabilityf

0.0230.4 (1.2)0.3 (1.2)0.0210.3 (1.2)0.3 (1.2)0.0550.3 (1.2)0.3 (1.2)Score, mean (SD)

0.046——0.022——0.071——Quintile distribu-
tion

Economic dependencyf

0.045–0.1 (1.1)–0.1 (1)0.046–0.1 (1)–0.1 (1.1)0.009–0.1 (1.1)–0.1 (1.1)Score, mean (SD)

0.05——0.049——0.015——Quintile distribu-
tion

Ethnocultural compositionf

0.1860.3 (1)0.5 (1.1)0.0060.5 (1)0.5 (1.1)0.0120.5 (1)0.5 (1.1)Score, mean (SD)

0.177——0.057——0.081——Quintile distribu-
tion

Situational vulnerabilityf

0.156–0.4 (0.7)–0.3 (0.8)0.078–0.4 (0.7)–0.3 (0.8)0.069–0.3 (0.8)–0.3 (0.8)Score, mean (SD)

0.15——0.082——0.07——Quintile distribu-
tion

0.247——0.612——1.112——Clinic type

aSMD: standardized mean difference.
bNot applicable.
cBTIPPE: before-tax neighborhood income per single-person equivalent.
dCAD $1=~US $0.75.
eLow-income status refers to neighborhood income per single-person equivalent below the Statistics Canada low-income cutoffs in 2016, based on area
type (rural vs small vs medium vs large population center) and family size of one person.
fHigher factor scores and quintiles for correspond to more marginalized areas.
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Table 3. Effect size of differences by visit type among survey responders.

SMDaVirtual visit (n=700)In-person visit (n=2101)Characteristics

Age

0.10964.8 (13)63.3 (13.7)Mean (SD)

—b67 (58-74)65 (56-73)Median (IQR)

Gender, n (%)

0.197319 (45.6)1163 (55.4)Female

—381 (54.4)938 (44.6)Male

0.093——Area type

BTIPPEc (CAD $d)×1000

0.11669.1 (30.9)65.7 (28.3)Mean (SD)

—64 (51.5-77.2)61 (48.4-76.5)Median (IQR)

0.176——Decile distribution

Low incomee, n (%)

0.052633 (90.4)1931 (91.9)No

67 (9.6)170 (8.1)Yes

Residential instabilityf

0.060.3 (1.2)0.4 (1.2)Score, mean (SD)

0.097——Quintile distribution

Economic dependencyf

0.034–0.1 (1.1)–0.1 (1.1)Score, mean (SD)

0.1——Quintile distribution

Ethnocultural compositionf

0.1830.2 (0.9)0.4 (1)Score, mean (SD)

0.18——Quintile distribution

Situational vulnerability

0.093–0.5 (0.7)–0.4 (0.7)Score, mean (SD)

0.109——Quintile distribution

0.646——Clinic type

aSMD: standardized mean difference.
bNot applicable.
cBTIPPE: before-tax neighborhood income per single-person equivalent.
dCAD $1=~US $0.75.
eLow-income status refers to neighborhood income per single-person equivalent below the Statistics Canada low-income cutoffs in 2016, based on area
type (rural vs small vs medium vs large population center) and family size of one person.
fHigher factor scores and quintiles for correspond to more marginalized areas.

Characterization of Digital Divides in Access to and
Use of VC and Email
VC and in-person patients were similar across demographics,
with negligible differences in age, gender, area, and income, as
well as deprivation indices, including RI, ED, EC, and SV
(Table 2). Clinic types differed between VC and in-person
patients (SMD=1.112); the most common clinic types among
VC patients were genitourinary (29.5%), gastrointestinal
(11.0%), and breast (10.3%) oncology (Multimedia Appendix

1, Table S11). Emailable and nonemailable patients were similar
across demographics (SMD<0.2). Clinic types differed between
emailable and nonemailable patients (SMD=0.612); the most
common clinic types among emailable patients were
genitourinary (16.6%), gastrointestinal (11.0%), and breast
(10.9%) oncology (Multimedia Appendix 1, Table S12). Survey
responders and nonresponders were similar across
demographics, aside from a small difference in age
(SMD=0.241). Clinic types differed between responders and
nonresponders (SMD=0.247); the most common clinic types
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among responders were genitourinary (15.1%), gynecologic
(12.4%), and breast (12.2%) oncology (Multimedia Appendix
1, Table S13). VC and in-person respondents were also similar
across demographics (SMD<0.2) (Table 3). Clinic types differed
between VC and in-person respondents (SMD=0.646); the most
common clinic types among VC respondents were genitourinary
(29.1%), breast (11.9%), and lymphoma (9.4%) oncology
(Multimedia Appendix 1, Table S14).

Inequities in Patient Experiences Across Visit Types
VC and in-person respondents had similar satisfaction levels
with all care domains surveyed (all P>.05; Table 4), although
VC respondents were less satisfied with their experience overall
compared to in-person respondents (Table 4). Regardless of
visit type, structurally marginalized patients were less satisfied

with their care (Figure 1; Multimedia Appendix 1 Tables
S15-S24). Patients with higher EC scores were less likely to
characterize their care as culturally appropriate (odds ratio [OR]
0.7, 95% CI 0.57-0.89; P<.001). Patients with higher SV scores
were less satisfied with discussion of physical symptoms (OR
0.67, 95% CI 0.48-0.93; P=.02). Patients with higher RI scores
were less satisfied with discussion of physical (OR 0.81, 95%
CI 0.68-0.97; P=.02) and emotional (OR 0.86, 95% CI
0.77-0.96; P=.009) symptoms. Patients with higher RI scores
were also less satisfied that enough time had been spent with
them during their visit (OR 0.85, 95% CI 0.74-0.98; P=.02).
Male patients were more satisfied with how their health care
provider had listened to them (OR 1.64, 95% CI 1.11-2.44;
P=.01). Older patients were more satisfied with six of nine care
domains surveyed.

Table 4. Associations between visit type (virtual vs in-person) and satisfaction with care quality domains.

P valueORa (95% CI)bDomain

.400.83 (0.55-1.27)HCPc listened to what you had to say?

.720.93 (0.62-1.39)HCP discussed any of your physical symptoms?

.371.12 (0.87-1.45)HCP discussed any of your emotional worries or concerns?

.981 (0.73-1.36)HCP spent enough time with you?

.510.88 (0.6-1.29)HCP let you ask questions?

.741.07 (0.72-1.6)HCP explained things in a way you could easily understand?

.651.09 (0.76-1.54)HCP involved you in decisions (choices) about your care in the way that you wanted?

.880.97 (0.62-1.51)HCP provided care that you felt was appropriate given your ethnic/cultural background?

.481.23 (0.69-2.2)HCP treated you with respect?

.020.68 (0.49-0.94)Overall experience at your last visit?

aOR: odds ratio.
bValues obtained from multivariable analyses of associations between demographics/visit type and satisfaction with surveyed care domains (see
Multimedia Appendix 1 page 17-20); an odds ratio greater than 1 corresponds with greater satisfaction among patients with virtual care visits than those
with in-person visits.
cHCP: health care provider.

J Med Internet Res 2022 | vol. 24 | iss. 11 | e39728 | p.568https://www.jmir.org/2022/11/e39728
(page number not for citation purposes)

Safavi et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 1. Associations between demographics and satisfaction with care quality domains. Values obtained from multivariable analyses of associations
between demographics/visit type and satisfaction with surveyed care domains (see Multimedia Appendix 1 page 17-20). An odds ratio (OR)>1 for
residential instability, ethnocultural composition, and situational vulnerability corresponds to increasing satisfaction with increasing marginalization.
Box plots display the median value (central bar) and the IQR (lower and upper hinges denote the 75th and 25th percentiles, respectively). Whiskers
indicate the minimum and maximum values within a distance of 1.5 times the IQR from the lower and upper hinges, respectively. Outlier data beyond
the boundary of the whiskers are depicted by circles.

Discussion

Principal Results
Our study quantitatively shows that VC and email are digital
health tools that can equitably maintain patient access and
experience at a publicly funded tertiary cancer center. Among
the 42,194 patients analyzed, VC and email accessibility and
survey responsiveness were similar across demographics and
socioeconomic indices. These findings are encouraging, as
continuing adoption of digital health tools in cancer care may
improve clinical trial enrollment [20,25], patient-reported
outcome collection [20,26], and timely participation in expert
supportive care among underserved populations. Regardless of
visit type, patients structurally marginalized by ethnocultural,
situational, and residential status, as well as gender, were less
satisfied with their care. These results reinforce the reality that
social determinants of health have tangible impacts on the
patient experience, and necessitate further characterization using
targeted questionnaires and focus groups of patients, community
members, and advocates, and engagement with these
stakeholders in designing solutions for mitigating these
inequities. These outcomes may also suggest that for the
majority of patients, pre-existing social inequities, rather than
the adoption of VC, may contribute to worse patient experiences.
Thus, our work highlights the imperative for proactive and
continuous quantification of social determinants of health to
improve equitability of the patient experience.

Comparison With Prior Work
Our work presents findings that may appear incongruent with
other contemporary published studies. A recent analogous study
based on administrative claims data from the United States
found differential use of telemedicine by socioeconomic status
among 16,006 newly diagnosed cancer patients during the
COVID-19 pandemic [27]. Compared to our findings, the

different conclusions in this study may be attributable to the
differences between publicly funded and private health care
ecosystems, regionality (large Canadian urban setting vs United
States–wide), as well as differences in the demographic and
oncologic characteristics, which together determine the systemic
inequities faced by the patient populations in these studies.
These factors highlight the challenges of generalizing findings
between health care settings. Nonetheless, we believe that the
granularity of demographic characterization provided in our
study may promote transferability of findings to other tertiary
cancer centers located in large, diverse urban centers.

Future Directions
Some findings of our study may warrant further investigation.
First, the majority (83.7%) of VC was provided by phone instead
of by video. Here, we did not include a comparison between
patients with phone and video visits, as a robust assessment of
factors influencing the allocation of VC modalities would also
require characterization of provider and disease characteristics.
This future analysis is required, as previous work has suggested
that marginalized patients participate in video visits less often
than nonmarginalized peers due to limitations of technological
access and literacy [15]. Second, we found differential access
to and use of email and VC by clinic type, echoing findings of
other studies [16]. While differential VC use by clinic type may
be attributable to clinical reasoning regarding the added benefit
of in-person oncologic assessment to VC-amenable biochemical
and/or radiographic surveillance in certain clinical contexts,
differential access to email and survey responsiveness by clinic
type are agnostic to provider preferences and may be indicative
of unaccounted intersectional digital divides among
subpopulations with lower socioeconomic status [28]. Thus,
additional work is required to characterize differences in uptake
of email and VC across disease sites, and identify inequitable
factors serving as barriers to access and use among specific
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patient populations. Third, we found that increasing age was
associated with greater survey responsiveness and increased
satisfaction with several care domains surveyed. This result
challenges conventional assumptions about the engagement and
satisfaction of older patients with digital health tools. Additional
work is required to characterize these age-related differences
and tailor custom interventions to improve the patient experience
across age groups.

Limitations
Our study design is dependent on patients having documented
postal codes, as well as Statistics Canada’s definitions of
deprivation indices. As such, these results, while representative
at scale, likely do not reflect the experience of populations who
are living on societal margins due to precarious housing. Study
of these experiences will require targeted engagement with
patients and advocates to gather qualitative and quantitative
data about their experiences with email and VC use in the health
care setting. Our study has additional limitations to consider.
First, patients were not stratified by access to and literacy with
technologies required for VC and email, such as personal
computers, phones, and high-speed home internet; as a result,
our study does not account for the impact of these factors on
utilization of and satisfaction with digital health tools in cancer
care. Second, although the proportion of individuals without
knowledge of English is incorporated in the EC index of the
CIMD and language of survey completion was collected, our
study’s methodology precluded explicit characterization of the
linguistic literacy of nonemailable patients and nonresponders;
as such, this may be an unaccounted driver of digital divides.

Third, our analysis is not intersectional. Individuals occupying
intersecting social identities may have different experiences
than members of each individual demographic group they may
belong to [29], and thus they may be subject to unique digital
divides not captured in our study. Fourth, the adapted
patient-reported experience survey used in this study has not
been validated. The original survey is a validated instrument
[22], and questions added to the survey regarding VC are
unlikely to impact its validity [23] (Multimedia Appendix 1;
section 1.2, Q3-5); nonetheless, this potential limitation can be
noted. Although more work is needed to identify the full scope
of digital divides, our study provides encouraging evidence that
the rapid systemic adoption of digital health tools during the
COVID-19 pandemic equitably maintained access to, use of,
and satisfaction with health care participation among numerous
demographic indices.

Conclusions
Our cross-sectional study showed that VC and email are digital
health tools that can maintain patient access and experience
across patient demographics, which are similar regardless of
emailability, digital survey responsiveness, and visit type.
Although satisfaction is similar among VC and in-person
patients, patients structurally marginalized by ethnocultural,
situational, and residential status remain less satisfied with their
care. To increase equitable participation in cancer care, digital
health tools should be carefully deployed in concert with
targeted interventions designed to further characterize the
experiences of structurally marginalized patients, proactively
identify at-risk patients, and implement practical solutions.
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Abstract

Background: Despite the prevalence of parent health information seeking on the internet and its impact on parenting behavior,
there is a paucity of research on parents of young children (ages 3 to 8 years). Given the importance of this developmental period,
exploring how family socioeconomic indicators linked to the digital divide and health inequities affect parent proxy- and self-seeking
is critical to further understanding variability in health information seeking and associated outcomes.

Objective: This study aimed to explore parental health-related technology use (HTU), the process by which parents engage in
support, advice, and information-seeking behavior related to their (self-seeking) and their children’s (proxy seeking) health across
a range of hardware devices (eg, tablet, wearable, smartphone, laptop, and desktop computer) and sources (eg, search engines,
mobile applications, social media, and other digital media).

Methods: A cross-sectional study including 313 parents and guardians of children ages 3 to 8 years recruited through Amazon
Mechanical Turk (MTurk) was conducted. Parents were asked to complete a self-administered questionnaire on a broad range of
parenting and parent-related constructs, including sociodemographic information, technology device ownership, and engagement
in and use, features, and perceptions of HTU. Descriptive and bivariate analyses (chi-square tests) were performed to identify
patterns and investigate associations between family socioeconomic indicators and parent HTU.

Results: The overwhelming majority (301/313, 96%) of parents of young children reported engaging in HTU, of which 99%
(300/301) reported using search engines (eg, Google), followed by social media (62%, 188/301), other forms of digital media
(eg, podcasts; 145/301, 48%), and mobile applications (114/301, 38%). Parents who engaged in HTU reported seeking information
about their child’s behavior and discipline practices (260/313, 83%), mental or physical health (181/313, 58%), and academic
performance (142/313, 45%). Additionally, nearly half (134/313, 43%) of parents reported searching for advice on managing
their stress. Among parents who reported using each source, an overwhelming majority (280/300, 93%) indicated that search
engines were a helpful online source for proxy- and self-seeking, followed by social media (89%, 167/188), other digital media
(120/145, 83%), and mobile apps (87/114, 76%). Among parents who reported using any technology source, approximately
one-fifth reported that technology sources were most comfortable (61/311, 20%), most understanding (69/311, 22%), and most
influential toward behavior change (73/312, 23%) compared to traditional sources of health information–seeking, including mental
health professionals, other health care professionals, school professionals, community leaders, friends, and family members.
Indicators of family socioeconomic status were differentially associated with frequency and perceptions of and search content
associated with parent HTU across technology sources.

Conclusions: The findings of this study underscore critical considerations in the design and dissemination of digital resources,
programs, and interventions targeting parent and child health, especially for families in traditionally underserved communities.

(J Med Internet Res 2022;24(11):e37455)   doi:10.2196/37455
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Introduction

In the past decade, researchers have shown an increased interest
in parental online health information seeking (OHIS), the
process by which parents search for health information using
the internet, including search engines, forums, and social
networking [1,2]. OHIS has been linked to various aspects of
individual and family functioning, including parenting behavior,
perceived social support, and health status [3-6]. While parents
search for information related to their own health (ie,
self-seeking), they are even more likely to use the internet for
health information related to their children (ie, proxy seeking).
Indeed, data from the past several years revealed that 75% to
90% of parents have searched for health information related to
their child [1].

Despite the widespread prevalence of parent health
information–seeking on the internet, there is a paucity of
research among parents of young children ages 3 to 8 years [1].
Research indicates that up to one-third (15% to 30%) of young
children experience social, emotional, and behavioral problems
[6-9]. Further, difficulties during this critical developmental
period can persist into adolescence and adulthood, increasing
the risk for long-term academic, occupational, and physical and
mental health difficulties [10,11], especially for children in
traditionally underserved communities with less access to quality
care [12]. Given the importance of early development in child
and family health, exploring how sociodemographic
characteristics linked to the digital divide and health inequities
affect parent proxy- and self-seeking is critical to further
understanding variability in health information–seeking
behaviors in the community [13,14].

Accordingly, this study addresses 2 underdeveloped research
areas with parents of young children. First, the bulk of work
has focused on clinical or treatment-seeking samples of parents
with specific presenting issues (eg, attention deficit hyperactivity
disorder, hearing loss) or circumstances (eg, after childbirth,
during a visit to a pediatric outpatient clinic). However, parents’
recognition of health-related concerns outside of the traditional
health care system may depend on the extent to which they
perceive a mismatch between their child’s functioning and the
socially and culturally relevant contexts (eg, school, home) in
which they engage in daily life. Further, such perceptions may
prompt parents to search for health-related content within
broader domains (eg, child academic performance, parental
discipline) of child and family functioning. Considering the
information-seeking behaviors of parents of young children
experiencing chronic illnesses or acute health problems may
not generalize to other parents, studies with
non–treatment-seeking samples are critical to understanding
health information needs, seeking behaviors, and outcomes
across diverse families.

Second, prior studies investigating parent OHIS have been
limited to internet use, defined broadly and inconsistently across

studies [1,15]. Considering the increasing adoption and use of
other consumer technologies (eg, mobile apps and wearables)
for health-related reasons and long-standing disparities in
broadband access and connectivity, there is a need to extend
current work to account for parent use of a variety of information
and communications technologies [16-19]. Accordingly, we
refer to parental health-related technology use (HTU) as the
process by which parents engage in support, advice, and
information-seeking behavior related to their (self-seeking) and
their children’s (proxy seeking) health across a broader range
of devices (ie, tablets, wearables, smartphones, laptops, and
desktop computers) and sources (ie, search engines, mobile
applications, social media, and other digital media).

Building upon these gaps in the literature, this study aims to
describe HTU among parents of young children, including the
frequency and perceived usefulness of and search content
associated with parent HTU in a non–treatment-seeking sample.
In addition, resources (eg, parent access to technology devices)
and perceptions (eg, comfortability) that may influence parent
engagement in HTU are examined. Finally, whether patterns
vary by parent, child, and household-level sociodemographic
characteristics is explored.

Methods

Participant Recruitment
Parents and guardians of children ages 3 to 8 years old were
recruited through Amazon Mechanical Turk (MTurk) to
complete a survey on a broad range of parenting and
parent-related constructs. Parents consented online before
completing study measures in compliance with
university-approved institutional review board (IRB) procedures.
Upon confirming eligibility criteria, respondents were asked to
select their youngest child in the specified age range to be
referred to as the target child throughout the survey. All
demographic variables and questionnaires were completed
regarding the selected target child.

Additional measures were included to increase confidence in a
participant pool that provides responses comparable to
traditional samples (eg, [20-22]). To ensure attention to survey
responses, 4 attention check questions were included throughout
the survey (eg, “For data quality purposes, please select
Sometimes”) and were assessed as part of the inclusion criteria.
Additionally, respondents with duplicate IP addresses,
geolocations, and MTurk IDs were excluded from analyses in
accordance with recommendations for studies using MTurk
samples. As with other crowdsourcing platforms, MTurk
duplicates typically reflect multiple entries from the same
individual or household or, most prominently, “bot” (ie,
computer programs that can automatically complete surveys)
or “farmer” respondents (ie, individuals using server farms or
commercial data centers to evade MTurk’s screening
procedures). Furthermore, these respondents are linked to
lower-quality data [20]. Finally, a random numerical code was
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provided to eligible participants (ie, parents of children ages 3
to 8 years old living in the United States) upon completion of
the study to facilitate participant payment of US $2.

Ethics Approval
This study (17-0722) was approved by the institutional review
board of the University of North Carolina at Chapel Hill.

Measures

Sociodemographic Characteristics
Parents reported sociodemographic information for their family,
including the age, race (eg, White, African American/Black,
Asian or Pacific Islander, American Indian/Alaska Native, or
multiracial), and ethnicity (eg, Hispanic/Latino) of both the
respondent (ie, parent or caregiver) and target child. Multiple
indicators of family socioeconomic status were also collected,
including annual household income, parent employment status
(eg, full-time employment, part-time employment, unemployed
but looking for work, nonworking, and retired), parent
educational attainment (eg, less than high school or General
Education Diploma [GED], high school graduate or GED, some
college, associate’s degree, bachelor's degree, master’s degree,
and doctorate), and perceived financial difficulty. Finally,
parents also reported their household composition, marital status,
relationship to the target child, and the target child’s health
status (ie, prior diagnosis of or treatment for developmental
delays).

Technology Device Ownership, Access, and Use
Parents reported their access to and frequency of using common
technology devices (ie, desktop computer, laptop computer,
smartphone, tablet, wearable) measured on a 6-point Likert
scale ranging from 0 (never) to 5 (more than once daily).

Search Content
Parents reported the content of their search for health-related
information, advice, or support, focusing on 3 broad domains
of proxy seeking (child academics, behavior, and mental and
physical health) and 1 domain of self-seeking (parent stress and
stress management).

Frequency and Usefulness of Parent Health-Related
Technology Use
Parents indicated their use and perceptions of particular
technology-enabled sources (eg, search engines, mobile apps,
social media, and other forms of digital media) to search for
parenting advice and health-related information for their
children. Parents reported the frequency of using each source
(ie, “When you are looking for parenting advice, information,
and/or support, how often do you turn to each of the following
potential sources?”) using a 4-point Likert scale ranging from
0 (never) to 3 (frequently). Although the usefulness of particular
sources has been evaluated inconsistently in the literature on
parent HTU (eg, [23,24]), researchers often use a single-item
measure to capture the construct (eg, “How useful do you feel
the internet is in helping you make decisions about your
health?”) [25]. Similarly, parents reported the usefulness of a
source (ie, “How helpful or useful did you find the parenting
advice, information, and/or support you received from these

sources?”) using a 4-point Likert scale ranging from 0 (not at
all helpful) to 3 (very helpful).

Statistical Analysis
Descriptive statistics were used to summarize family
characteristics, parent ownership of or access to consumer
technology devices, and parent engagement in and perceptions
of HTU. Chi-square tests were conducted to compare
proportions of and determine associations between device
ownership and characteristics of HTU (eg, search content,
frequency of use, and usefulness of technology sources) across
groups defined by parent educational attainment (<bachelor’s
degree vs ≥bachelor’s degree), perceived financial difficulty
(none to mild vs moderate to severe), and low-income status,
as determined by the federal poverty level (FPL), which
accounts for annual household income and the number of people
in the household (<200% FPL vs ≥200% FPL). Importantly,
while “low-income” has been defined inconsistently in the
literature, the FPL is typically used to determine eligibility for
services, including those related to child health and development
(eg, Head Start, Children’s Health Insurance Program) [26].
While income eligibility varies by state and service, 200% FPL
has been mandated as an upper limit for participation in several
government services (eg, Children’s Health Insurance Program,
Subsidized Child Care Assistance Program), and incomes below
200% FPL account for a significant proportion of families in
the United States who experience increased financial burden
and economic insecurity [27]. Indeed, nearly 17% of children
in the United States live in poverty, with approximately 7%
(New Hampshire) to 56% (Puerto Rico) living in households
below 200% FPL across the United States [28,29]. Of note,
sociodemographic characteristics were included in analyses
based on their theoretical relevance, as indicated in the previous
research [13,18]. Missing values were excluded from analyses.
Statistical analyses were conducted using SPSS version 26
software.

Results

Participants
Of the 657 respondents who completed the survey, 344 were
removed from analyses for screening ineligibility (eg, families
without a child in the specified age range or living outside of
the United States, n=116), missed attention check questions
(n=86), or duplicate IP addresses, geolocations, or MTurk IDs
(n=142), yielding a total of 313 for analyses. Parents ranged in
age from 19 to 57 years with a mean parental age of 34.19 (SD
7.11) years. Three-fifths (186/313, 59.4%) of parents
self-identified as female. Slightly more than half (176/313,
56.2%) of parents obtained a bachelor’s degree or higher (ie,
master’s or doctorate), and most were employed full- or
part-time (280/313, 89.5%). Most parents were also married
(243/313, 77.6%) and the biological parent of the target child
(281/313, 89.8%). According to the parent report, approximately
half (153/312, 49%) of the target children were female, and
their mean age was 4.67 (SD 1.37) years. The racial and ethnic
identity of most parents was White and non-Hispanic/Latino
(230/312, 73.7%), followed by 8.7% (27/312) African American
or Black, 4.5% (14/312) Asian American, 0.6% (2/312)
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American Indian/Alaska Native, and 3.2% (10/312) multiracial.
For 10.5% (33/313) of the children, the parent’s self-reported
race or ethnicity differed from that of the child. Nevertheless,
the majority of children identified as White and
non-Hispanic/Latino (207/312, 66.3%), followed by 7.4%
(23/312) African American, 3.8% (12/312) Asian American,
0.6% (2/312) American Indian/Alaska Native, and 13.1%
(41/312) multiracial. Additionally, 11.8% (37/313) of parents
and 15.3% (48/313) of children identified as Hispanic or Latino.
The annual combined household income ranged from US $6000
to $380,000 with a median of $60,000 (SD $41,180). Finally,
56.2% (176/313) of families reported living in suburban areas,
followed by 25.2% (79/313) in urban areas and 18.5% (58/313)
in rural areas. Compared to the general population of parents
in the United States, the recruited sample included slightly more
college-educated and lower-income participants and a
comparable percentage of women and married parents [30,31].
Additionally, parents were less racially and ethnically diverse
than the general population of parents in the United States but
slightly more so than has been reported in previous studies with
parents using MTurk samples.

Device Ownership and Use
Parents reported owning a variety of technology devices,
including a smartphone (276/313, 88.2%), laptop (276/313,
88.2%), tablet (243/313, 77.6%), desktop computer (193/313,
61.6%), and wearable device (100/313, 31.9%; Table 1). All
(100%, 313/313) parents reported owning or having access to
at least 1 technology device at home, and the majority (283/313,
90.4%) of parents reported access to multiple devices. Only 2
(0.64%) parents indicated not having access to a computer
(desktop or laptop) at home, and both reported having access
at work, school, or another setting (eg, library). Of the 37
(11.8%) participants that reported not having access to a
smartphone, 12 (32.4%) reported having access to a smartphone
at work, school, or another setting. Chi-square analyses revealed
no statistically significant associations between parent
educational attainment or perceived financial difficulty and
access to technology devices. Families in low-income
households were significantly less likely to own or have access

to a wearable (χ2
1=4.7, P=.03), but not any other technology

device.

Table 1. Technology device ownership and access.

Wearable (n=100)Tablet (n=243)Smartphone (n=276)Laptop (n=276)Desktop (n=193)Overall
(N=313),
n (%)

Demographics

χ2(df),
P value

Value, n
(%)

χ2(df),
P value

Value, n
(%)

χ2(df),
P value

Value, n
(%)

χ2(df),
P value

Value, n
(%)

χ2(df),
P value

Value, n
(%)

0.849
(1), .357

0.010
(1), .921

0.178
(1), .673

0.005
(1), .945

0.120
(1), .729

Parent educational attainment

40
(29.2)

106
(77.4)

122
(89.1)

121
(88.3)

83 (60.6)137
(43.8)

<Bachelor’s degree

60
(34.1)

137
(77.8)

154
(87.5)

155
(88.1)

110
(62.5)

176
(56.2)

≥Bachelor’s degree

4.744
(1),

.034a

0.075
(1), .785

0.147
(1), .701

2.676
(1), .102

0.246
(1), .620

Household income

22
(23.2)

73 (76.8)85 (89.5)88 (92.6)57 (60.0)95 (30.4)<200% FPLb

77
(35.7)

169
(78.2)

190
(88.0)

186
(86.1)

136
(63.0)

216
(69.0)

≥200% FPL

1.563
(1), .211

0.127
(1), .721

0.591
(1), .442

0 (1),
.998

0.028
(1), .868

Perceived financial difficulty

75
(34.1)

172
(78.2)

196
(89.1)

194
(88.2)

135
(61.4)

220
(70.3)

None to mild

25
(26.9)

71 (76.3)80 (86.0)82 (88.2)58 (62.4)93 (29.7)Moderate to severe

aP<.05.
bFPL: federal poverty level.

Among parents who reported access to a computer at home or
another setting, 100% reported using their laptop or desktop
device at least once monthly, with most reporting using their
desktop computer (104/155, 67.1%) or laptop (117/177, 66.1%)
more than once daily. Over half (31/55, 56.4%) of the parents
reported using a wearable device multiple times during the day,
and only 7% (4/55) reported using their wearable less than every

3 days. Approximately 31.1% (28/90) of parents who reported
access to a tablet at home or another setting reported using their
device more than once daily, and nearly a quarter (22/90, 24.4%)
reported using their tablet once weekly or less. Most (177/196,
90.3%) parents reported using their smartphone multiple times
per day, and no parents reported using their smartphone less
than every 3 days.

J Med Internet Res 2022 | vol. 24 | iss. 11 | e37455 | p.576https://www.jmir.org/2022/11/e37455
(page number not for citation purposes)

McCall et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


The frequency of smartphone use was significantly lower for

families in low-income households (χ2
2=9.8, P=.007) and with

parents reporting moderate to severe financial difficulty

(χ2
2=7.8, P=.021). Additionally, parents experiencing moderate

to severe financial difficulty used their desktop computer

(Χ2
5=11.5, P=.042), laptop (Χ2

5=12.4, P=.015), and tablet

(Χ2
5=23.9, P<.001) less frequently than their peers. The

frequency of using any technology device did not vary
significantly by parent educational attainment. Notably, parent
age was not significantly correlated with the frequency of using
any technology device.

Parent HTU
Most parents (301/313, 96.2%) reported using technology
sources to search for parenting advice and health-related
information for their children. Parents who engaged in
health-related technology use reported using search engines (eg,
Google; 300/301, 99.7%), social media (188/301, 62.5%), other
forms of digital media (eg, podcasts; 145/301, 48.2%), and
mobile applications (114/301, 37.9%). Approximately one-third
(91/301, 30.2%) of parents reported using all 4 sources for
proxy- and self-seeking.

There were no significant differences between parents who did
and did not report engaging in HTU via mobile apps, social
media, and other digital media across parent educational
attainment (Table 2). Parents in low-income households were

significantly more likely to report using mobile apps (χ2
1=4.7,

P=.030) and social media (Χ2
1=4.9, P=.026) for health-related

reasons, but not other forms of digital media. Parents reporting
moderate to severe financial difficulty were significantly more

likely to report using mobile apps (Χ2
1=5.5, P=.019), social

media (Χ2
1=4.2, P=.040), and other digital media (Χ2

1=7.3,
P=.007) in comparison to their peers. Given that most
participants reported using search engines, the technology source
was not included in the chi-square analyses.

While the frequency of engagement in HTU varied across
sources, parents reported more frequent use of search engines
on average, followed by social media, mobile apps, and other
digital media (Figure 1). The frequency of parent use was not
significantly associated with self-reported parent educational

attainment. The mean frequency of social media use (χ2
3=16.4,

P<.001) was significantly greater for parents in low-income

households, and the use of social media (χ2
3=11.9, P=.008) and

other digital media (χ2
3=10.4, P=.016) was also increased for

parents reporting moderate to severe financial difficulty.

Among parents who reported using each source, an
overwhelming majority (280/300, 93.3%) indicated that search
engines were a useful online source for proxy- and self-seeking,
followed by social media (167/188, 88.8%), other digital media
(120/145, 82.8%), and mobile apps (87/114, 76.3%). Parents
in low-income households also rated other digital media as more

useful than their peers (χ2
3=9.19, P=.027). Perceived financial

difficulty and parent educational attainment were not
significantly associated with the perceived usefulness of any
technology source.

Table 2. Parent engagement in health-related technology use (HTU).

Mobile apps (n=114)Other media (n=145)Social media (n=188)Overall (N=313),
n (%)

Demographics

χ2(df), P valueValue, n (%)χ2(df), P valueValue, n (%)χ2(df), P valueValue, n (%)

0.001 (1), .9811.560 (1), .2120.027 (1), .868Parent educational attainment

50 (36.5)58 (42.3)83 (60.6)137 (43.8)<Bachelor’s degree

64 (36.4)87 (49.4)105 (59.7)176 (56.2)≥Bachelor’s degree

4.714 (1), .030a0.982 (1), .3224.983(1), .026aHousehold income

43 (45.3)48 (50.5)66 (69.5)95 (30.4)<200% FPLb

70 (32.4)96 (44.4)121 (56.0)216 (69.0)≥200% FPL

5.504 (1), 0.019a7.332 (1), .007c4.226 (1), .040aPerceived financial difficulty

71 (32.3)91 (41.4)124 (56.4)220 (70.3)None to mild

43 (46.2)54 (58.1)64 (68.8)93 (29.7)Moderate to severe

aP<.05.
bFPL: federal poverty level.
cP<.01.

J Med Internet Res 2022 | vol. 24 | iss. 11 | e37455 | p.577https://www.jmir.org/2022/11/e37455
(page number not for citation purposes)

McCall et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 1. Frequency of parent health-related technology use (HTU) across technology sources.

Search Content
Parents who engaged in HTU reported seeking information
about their child’s behavior and discipline practices (260/313,
83.1%), mental and physical health (181/313, 57.8%), and
academic performance (142/313, 45.4%). Additionally, 42.8%
(134/313) of parents reported searching for advice on managing
their stress. Parents in low-income households were significantly
less likely to search for health-related information or advice

about their child’s physical and mental health (χ2
1=5.0, P=.025)

and more likely to search for content about parent stress and

stress management (χ2
1=12.2, P<.001; Table 3). Parents

reporting moderate to severe financial difficulty were also more

likely to search for the latter (χ2
1=4.2, P=.041). Parent

educational attainment was not significantly associated with
any search content.

Table 3. Parent proxy and self-seeking content areas.

Parent stress/stress man-
agement (n=134)

Child physical/mental
health (n=181)

Child academic perfor-
mance (n=142)

Child behavior/discipline
(n=260)

Overall
(N=313), n
(%)

Demographics

χ2(df), P
value

Value, n
(%)

χ2(df), P
value

Value, n
(%)

χ2(df), P
value

Value, n
(%)

χ2(df), P
value

Value, n
(%)

3.695 (1),
.055

1.452(1),
.228

0.424 (1),
.515

0.059 (1),
.808

Parent educational attainment

67 (48.91)74 (54.01)65 (47.45)113 (82.48)137 (43.77)<Bachelor’s degree

67 (38.07)107 (60.80)77 (43.75)147 (83.52)176 (56.23)≥Bachelor’s degree

12.231 (1),

<.001b
5.018 (1),

.025a
1.013 (1),
.314

0.085 (1),
.770

Household income

55 (57.89)46 (48.42)39 (41.05)80 (84.21)95 (30.35)<200% FPLc

79 (36.57)134 (62.04)102 (47.22)179 (82.87)216 (69.01)≥200% FPL

4.186 (1),

.041a
0.309 (1),
.578

0.629 (1),
.428

0.061 (1),
.805

Perceived financial difficulty

86 (39.09)125 (56.82)103 (46.82)182 (82.73)220 (70.29)None to mild

48 (51.61)56 (60.22)39 (41.94)78 (83.87)93 (29.71)Moderate to severe

aP<.05
bP<.01
cFPL: federal poverty level.
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Perceptions
Among parents who reported using any technology source,
approximately one-fifth reported that technology sources were
the most comfortable (61/311, 19.6%), most understanding
(69/311, 22.2%), and most influential toward behavior change
(73/312, 23.4%) compared to traditional sources, including
mental health professionals, other health care professionals,
school professionals, community leaders, friends, and family
members. For perceived understanding, the majority of parents
(48/69, 69.6%) referenced search engines, followed by social
media (19/69, 27.5%) and other digital media and mobile apps
(both less than 1/69, 2%). Similarly, for perceived
comfortability, most parents listed search engines (42/61, 68.9%)
and social media (18/61, 29.5%), and fewer mentioned mobile

apps (1/61, 1.6%) and other digital media (0/61, 0%). Finally,
in terms of parenting behavior change, search engines accounted
for 73.97% (54/73), followed by social media (16/73, 21.91%),
other digital media (2/73, 2.74%), and mobile apps (1/73,
1.36%). Perceived financial difficulty, but not any other
socioeconomic status (SES) indicator, was significantly
associated with perceptions of technology sources for health
information seeking, such that parents experiencing moderate
to severe difficulty were more likely to perceive engagement

in HTU as the most understanding (χ2
1=14.2, P<.001), most

comfortable (χ2
1=7.9, P=.005), and most likely to lead to

behavior change (χ2
1=7.3, P=.007) compared to traditional

sources (Table 4).

Table 4. Parent perceptions of health-related technology use (HTU).

Most parenting behavior change
(n=73)

Most comfortable (n=61)Most understanding (n=69)Overall (N=313),
n (%)

Demographics

χ2(df), P valueValue, n (%)χ2(df), P valueValue, n (%)χ2(df), P valueValue, n (%)

0.735 (1), .3910.528 (1), .4682.773 (1), .096Parent educational attainment

35 (25.7)29 (21.5)36 (26.7)137 (43.8)<Bachelor’s degree

38 (21.6)32 (18.2)33 (18.8)176 (56.2)≥Bachelor’s degree

0.074 (1), .7851.144 (1), .2850.978(1), .323Household income

23 (24.2)22 (23.4)24 (25.5)95 (30.4)<200% FPLa

49 (22.8)39 (18.1)44 (20.5)216 (69.0)≥200% FPL

7.298 (1), .007b7.851 (1), .005b14.169 (1),

<.001b
Perceived financial difficulty

42 (19.2)34 (15.5)36 (16.4)220 (70.3)None to mild

31 (33.3)27 (29.3)33 (35.9)93 (29.7)Moderate to severe

aFPL
bP<.01

Discussion

Principal Findings
Given the increased prevalence of parent health-related
technology use in recent years, this study aimed to explore
family socioeconomic factors associated with this parenting
behavior in a diverse sample of parents of young children.
Considering that several developmental, socioemotional, and
behavioral problems emerge in early childhood, understanding
parent HTU use during this period has numerous clinical and
public health implications. Indeed, children from lower SES
households are more likely to experience reduced health quality
and are less likely to have access to traditional health care
services than children from higher SES households, and the
relationship between these disparities and long-standing
structural barriers is well established [32]. Further, research
suggests similar barriers persist in access to technology devices
and broadband, which may also challenge recent efforts to
leverage technology to address health disparities [17,33,34].
Thus, understanding patterns and perceptions of parental HTU
is critical for efforts to democratize digital health for parents of
young children.

In the past decade, there has been a significant increase in
technology device ownership in the United States, most
substantially among smartphones and tablets [19]. Recruited
families displayed a slightly higher percentage of smartphone,
computer, tablet, and wearable device ownership and access in
comparison to recent surveys of US adults [16,19], which may
be reflective of our focus on parents (rather than adults in
general), recruitment methods (eg, telephone interviews vs
Amazon Mechanical Turk), or the inclusion of families in
analyses with access to devices in other settings (eg, work,
school, or library). Over three-fifths of parents endorsed
ownership or access to a smartphone, tablet, and desktop or
laptop computers, which did not vary across educational
attainment, perceived financial difficulty, or household income.
However, fewer than a third of parents reported access to a
wearable device, and families with a lower income were
significantly less likely to own a wearable (23% vs 36%).

Importantly, the majority of parents of young children reported
using their laptop (150/177, 85%) or desktop computer (130/155,
84%) and wearable devices (45/55, 82%) daily, and the
overwhelming majority of parents reported using their
smartphone more than once per day. In contrast, only half of
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the parents reported using their tablet daily. Some, but not all,
indicators of SES were significantly associated with how often
parents used their smartphone (income and perceived financial
difficulty), tablet (perceived financial difficulty), and desktop
computer (parent educational attainment), with parents without
a bachelor’s degree, those experiencing moderate to severe
financial difficulty, and those in lower-income households using
their technology devices less frequently than their peers.

Regarding engagement in HTU among parents of young
children, our findings were congruent with the high rates
observed in previous studies of parent health information
seeking via the internet [1]. However, these results extended
the existing research by examining differential engagement
across technology sources (eg, search engines, mobile apps,
social media, and other digital media) in general and across
sociodemographic groups. Consistent with previous research,
nearly all parents in our study endorsed the use of search
engines. In general, fewer parents reported using social media
for health-related reasons in comparison to estimates of general
social media use by parents (62% v 75%) [35]; however, existing
work has primarily examined parents of infants, toddlers, or
children under 18 years of age broadly [15]. Findings also
indicate that less than half the parents of young children
currently use mobile apps (38%) and other digital media (48%)
to search for health-related information, advice, or support.

Additionally, there have been inconsistent findings regarding
the relationship between family SES and parent HTU. For
objective dimensions of SES, this is partly attributable to the
underreporting of household income, household composition,
and parent educational attainment in studies (40% did not report
the education level of participants in a recent meta-analysis),
as well as the recruitment of predominantly highly educated
(over 50% to 75% with an academic degree) and higher-income
parents among remaining studies [1]. Furthermore, to our
knowledge, no studies to date have included subjective
dimensions of SES in analyses (eg, perceived financial hardship,
subjective social status), despite their distinct effects on
parenting behavior and family health [36-41]. In contrast to
studies observing higher rates of health-seeking behavior via
the internet with increased parent educational attainment
[1,42,43], our findings suggest no significant associations
between parent educational attainment and engagement in or
frequency of health-related technology use across sources.
However, parents in lower-income households and those
experiencing greater financial difficulty were significantly more
likely to use social media (69% vs 56% for both) and mobile
apps (45% vs 32% and 46% vs 32%, respectively) for
health-related reasons. Parents who reported greater financial
difficulty were also more likely to use other forms of digital
media (58% vs 41%). Moreover, parents experiencing moderate
to severe financial difficulty used social media less frequently
than their peers. In terms of search content, both lower income
and increased perceived financial difficulty (52% vs 39%) were
associated with increased self-seeking behavior related to parent
stress and stress management, and lower income was
additionally associated with a decreased likelihood of parent
engagement in proxy seeking related to their child’s mental and
physical health. Finally, parent perceptions of health-related

technology use broadly did not vary by any objective dimensions
of SES; however, parents experiencing moderate to severe
financial difficulty were significantly more likely to perceive
technology sources as the most comfortable (29% vs 15%),
understanding (36% vs 16%), and likely to influence behavior
change (33% vs 19%) compared to traditional sources. These
findings support early research suggesting that SES indicators
have differential impacts on health behavior and outcomes,
providing a basis for further exploration of the underlying
mechanisms contributing to outcomes in parent HTU.

Taken together, the results of this study underscore potential
considerations for clinicians, researchers, and public health
practitioners engaged in the design and dissemination of digital
resources, programs, and interventions targeting family health
and well-being. For instance, our findings suggest that digital
health tools developed with greater attention to the types of
technology sources parents prefer for health-related information,
their frequency of engagement with these sources (eg, daily or
weekly), and the availability of technology devices required to
access these sources may yield increased uptake. Further, our
results suggest practical considerations for efforts striving to
optimize effectiveness (eg, which commercial devices and
sources have the necessary features and functionality?),
scalability (eg, what are the current estimates of, trends in, and
barriers to adoption of these devices, especially in historically
excluded communities?), and sustainability (eg, how acceptable
and usable are both the devices and sources for the target
population?). For example, digital resources, programs, and
interventions requiring devices compatible solely with mobile
operating systems (eg, mobile apps for Android, Apple iOS,
and iPadOS) may call for a consideration of parent access to,
familiarity with, and perceptions of smartphones and tablets,
as well as their perceptions of mobile apps as a source for
health-related information and support. Importantly, the success
of these efforts hinges on broader attention to policies that
address the structural information, infrastructure, and
implementation barriers to diverse parents’ safe and effective
engagement in HTU, such as access to technology devices and
reliable internet (eg, [44]) and threats to online safety (eg, health
misinformation and disinformation [45-47]).

Limitations and Future Directions
Despite its strengths, this study has some limitations. First,
primarily descriptive analyses were conducted to explore
associations between sociodemographic factors and outcome
variables. Second, inadequate representation of all racial and
ethnic groups precluded our ability to examine how the diversity
of social context and experiences across and within groups
influence health-related technology use, which is a critical step
in future research given the well-established disparities in digital
adoption, health outcomes, and access to care among racially
and ethnically minoritized children and their families [48-51].
Third, sources were grouped into technology (ie, search engines,
mobile apps, social media, and other digital media) and
traditional (ie, family, friends, mental health care providers,
other health care providers, school professionals, and community
leaders) categories for the analyses of perceptions of HTU,
despite their potential interconnections in daily life (eg, use of
social media to connect with family members about child-related
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health concerns, use of telemedicine apps for remote health care
services). Future research should explore these complex
relationships, which are likely linked to other relevant individual
(eg, parent and child psychosocial factors and attitudes) and
environmental (eg, social support, discrimination) factors
associated with engagement in HTU and outcomes (eg, specific
parent behaviors, family health outcomes, subsequent HTU).
Finally, survey data were collected in late 2018 (prior to the
COVID-19 pandemic), spotlighting the importance of future
work examining potentially evolving trends in technology
adoption and parent HTU.

Conclusion
In summary, this study investigated engagement in support,
advice, and information-seeking behavior among parents of
young children across technology devices and sources. It also
examined resource access and perceptions that may influence
engagement and explored patterns across family SES. Overall,
this study supports the growing body of evidence demonstrating
the potential for digital technologies to disseminate
health-related information, support, and resources to young
children and families facing structural socioeconomic barriers.
Furthermore, it may inform future research necessary to advance
understanding on how to more optimally tailor and deliver
supports that benefit the health and well-being of all children.
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Abstract

Background: Web-based patient portals enable patients access to, and interaction with, their personal electronic health records.
However, little is known about the impact of patient portals on quality of care. Users of patient portals can contribute important
insights toward addressing this knowledge gap.

Objective: We aimed to describe perceived changes in the quality of care among users of a web-based patient portal and to
identify the characteristics of patients who perceive the greatest benefit of portal use.

Methods: A cross-sectional web-based survey study was conducted to understand patients’experiences with the Care Information
Exchange (CIE) portal. Patient sociodemographic data were collected, including age, sex, ethnicity, educational level, health
status, geographic location, motivation to self-manage, and digital health literacy (measured by the eHealth Literacy Scale).
Patients with experience using CIE, who specified both age and sex, were included in these analyses. Relevant survey items
(closed-ended questions) were mapped to the Institute of Medicine’s 6 domains of quality of care. Users’ responses were examined
to understand their perceptions of how portal use has changed the overall quality of their care, different aspects of care related
to the 6 domains of care quality, and patient’s satisfaction with care. Multinomial logistic regression analyses were performed to
identify patient characteristics associated with perceived improvements in overall care quality and greater satisfaction with care.

Results: Of 445 CIE users, 38.7% (n=172) reported that the overall quality of their care was better; 3.2% (n=14) said their care
was worse. In the patient centeredness domain, 61.2% (273/445) of patients felt more in control of their health care, and 53.9%
(240/445) felt able to play a greater role in decision-making. Regarding timeliness, 40.2% (179/445) of patients reported they
could access appointments, diagnoses, and treatment more quickly. Approximately 30% of CIE users reported better care related
to the domains of effectiveness (123/445, 27.6%), safety (138/445, 31%), and efficiency (174/445, 28.6%). Regarding equity,
patients self-reporting higher digital health literacy (odds ratio 2.40, 95% CI 1.07-5.42; P=.03) and those belonging to ethnic
minority groups (odds ratio 2.27, 95% CI 1.26-3.73; P<.005) were more likely to perceive improvements in care quality. Across
ethnic groups, Asian and British Asian patients perceived the greatest benefits. Increased frequency of CIE use also predicted
perceived better care quality and greater satisfaction with care.

Conclusions: A large proportion of CIE users perceived better care quality and greater satisfaction with care, although many
portal users reported no change. The most favorable perceived improvements related to the domain of patient centeredness. With
national policy directed toward addressing health disparities, patient portals could be valuable in improving care quality for ethnic
minority groups. Future research should test the causal relationship between patient portal use and care quality.

(J Med Internet Res 2022;24(11):e39973)   doi:10.2196/39973
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Introduction

Background
Web-based patient portals are thought to contribute to
improvements in care quality by providing patients with access
to their personal health information, empowering them to
self-manage their health and become true partners in their own
care [1]. As the trend toward patients being able to access their
electronic health records accelerates [2], there is a pressing need
to evaluate the impact of patient portals, understand their risks
and benefits from both patient and provider perspectives, and
generate evidence to inform future health policy [3].

Although care is traditionally delivered through face-to-face
clinical consultations, patient-provider communication through
patient portals is increasingly common [1]. The Care Information
Exchange (CIE) is the largest shared personal health records
program in the United Kingdom and provides patients with
secure web-based access to their health and social care records.
Patients can additionally use CIE in different ways: for example,
to self-monitor their health by linking home health care devices
(eg, activity tracker and blood pressure monitor) to the portal,
to communicate with care providers through messaging and
videoconferencing, and to check appointments and test results
and be signposted to useful weblinks and resources by health
and care professionals.

One of the most influential guides for evaluating health care
initiatives is the Institute of Medicine’s framework, which
includes 6 domains of quality of care: effectiveness, safety,
timeliness, efficiency, patient centeredness, and equity [4,5].
Effectiveness is about achieving optimal health outcomes by
providing appropriate treatment to patients who could benefit
and avoiding the underuse and misuse of health services [4,5].
Patient safety seeks to prevent patients from being harmed by
the care that is intended to help them [4,5]. Timeliness is about
reducing harmful waits and delays, whereas efficiency is about
minimizing resource waste [4,5]. Patient centeredness respects
patient preferences and needs and values and ensures these are
incorporated into clinical decision-making [4,5]. Equity ensures
that care does not vary in quality because of differences in
patient characteristics such as ethnicity or geographic location
[4,5].

Over the last decade, a considerable body of evidence has
uncovered important barriers to portal use, enabling the
development of portals in line with patient and health service
need [6-8]. In contrast, relatively few studies have investigated
the relationship between patient portals and quality of care.
Some prior evidence demonstrates the beneficial effects of
patient portal use, particularly in supporting preventive
behaviors and disease control in people with chronic conditions
[3,7,9]. A number of studies have documented positive
associations between patient portals and patient safety
[3,7,10-13], including improved adherence to medical regimens
and reductions in medication discrepancies [3]. However,
evidence for the impact of patient portals across other domains

of quality is sparse, and where evidence does exist, findings
have been mixed [3,7]. Among patients who use web-based
portals, little is known about which sociodemographic groups
perceive the greatest benefits of access to their personal health
records. Furthermore, policy makers agree that more evidence
is needed to understand the impact of tools that use digital
technologies amidst concerns over a growing digital divide [14].

Objectives
The aims of this study were to describe perceptions of quality
of care among users of a web-based patient portal and to identify
the characteristics of portal users who perceive the greatest
benefit of portal use.

Methods

Study Design, Participants, and Data Collection
A cross-sectional survey study was conducted to explore
patients’views and experiences of using CIE. The questionnaire
was administered via Qualtrics (web-based survey platform)
and was open for completion between July 1, 2018, and July 1,
2019. At the time of the survey, CIE was deployed to the diverse
2.3 million patients treated in North West London, including
patients residing in London and in other geographic locations
across England. CIE held records from hospitals and general
practitioners in North West London and from 15 hospitals
outside of London, in Birmingham, Bristol, Liverpool,
Manchester, Scotland, and Wales. All patients registered with
the CIE at the time of the survey were invited via email to
complete the questionnaire (n=27,411). The email explained
the purpose of the study; informed consent was obtained.
Patients accessed the questionnaire via a web link in the portal.
Patients had to be aged at least 18 years to be registered with
CIE. Not all patients registered with CIE were using the portal.
With this data set, we have previously evaluated differences
between users and nonusers of CIE with respect to their
sociodemographic characteristics and demonstrated the
importance of addressing educational aspects and digital literacy
to ensure equitable and sustainable portal adoption [15]. Our
further work has sought to evaluate the impact of web-based
patient portals on safety and quality of care from the patient’s
perspective. Our recent study found that a large proportion of
patients are able and willing to use patient portals to participate
in identifying and rectifying errors in their personal health
records [16]. This study builds on previous work to understand
patients’ perceptions of the impacts of CIE across 6 domains
of care quality.

For these analyses, we included patients who had previously
accessed and used the CIE portal. We excluded patients who
did not provide basic demographics regarding age and sex.
Considering this population, a CI of 95%, and a margin of error
of 5%, the minimum sample size to ensure representativeness
was calculated as 379 respondents. We mapped relevant survey
items to the Institute of Medicine’s domains of quality of care:
effectiveness, safety, timeliness, efficiency, and patient
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centeredness [5,17]. Patients’ responses to 12 multiple-choice,
closed-ended question items were analyzed. Figure 1 outlines
the 12 question items, with mapping to care quality domains.

To evaluate equity, we conducted multivariable regression
analyses to determine associations between patients’
sociodemographic characteristics and perceptions of the impact
of CIE on overall care quality and satisfaction with care. The
following information was collected to input into multivariable
analyses: age, sex, ethnicity, native language, education level,
digital health literacy, motivation to be involved in own care,
and health status. Respondents’ level of motivation to be

involved in their own care was assessed via a multiple-choice
question (“In general, how motivated to be involved in your
healthcare are you?” Possible responses: “A little,” “A moderate
amount,” “A lot,” and “Very much”). Digital health literacy
was assessed using the eHealth Literacy Scale (eHEALS),
developed and validated by Norman and Skinner [18]. The
eHEALS tool is an 8-item measure of patients’ combined
knowledge, comfort, and perceived skills in finding, evaluating,
and using internet health resources for health problems [18].
The 8 items are answered on a 5-point Likert scale (1, strongly
disagree to 5, strongly agree); total eHEALS scores range from
8 to 40, with a higher score indicating higher digital literacy.

Figure 1. Questionnaire items mapped to care quality domains. The domain of equity was assessed using the methods described in this section. *As
defined by the Institute of Medicine, 2001 [5]. CIE: Care Information Exchange.

Data Analysis
We used descriptive statistics to summarize respondent
characteristics and patients’ responses to question items. Counts
and proportions were calculated for categorical variables; means

and SDs were calculated for continuous variables. Age was
categorized into bands (<30, 31-40, 41-50, 51-65, and ≥65
years). Owing to the small numbers of patients self-identifying
to individual categories of ethnic minority background, ethnicity
was categorized as “ethnic minorities” or “White.”

J Med Internet Res 2022 | vol. 24 | iss. 11 | e39973 | p.586https://www.jmir.org/2022/11/e39973
(page number not for citation purposes)

Lear et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


We conducted multinomial regression analyses to identify
sociodemographic characteristics that predict patient-perceived
improvement in overall care quality and greater satisfaction
with care. To overcome the issue of sparse counts in
multivariable modeling (Tables S1 and S2 in Multimedia
Appendix 1), “age,” “motivation to be involved in own care,”
“digital health literacy,” and “frequency of CIE use” were
treated as dichotomous variables, and respondents reporting sex
as “other” were excluded. Consistent with previous studies, we
selected an eHEALS score ≥26 to indicate higher digital health
literacy and <26 to indicate lower digital health literacy [19-23].
We also combined categories of the dependent variable (ie,
“much worse” and “somewhat worse” were analyzed as a single
category; equally, “somewhat better” and “much better” were
combined into 1 category). We performed univariate
multinomial logistic analyses to identify possible predictors to
include in the multivariable model. We adopted the approach
by Hosmer et al [24,25] for variable selection: (1) variables that
demonstrated significance (P<.25) in the univariate analyses
were entered into the preliminary multivariable model; (2)
variables that were nonsignificant at P>.05 according to the
likelihood ratio test were removed one at a time according to
the variable with the highest P value (backward elimination);
(3) to check for suppressor effects, variables excluded during
backward selection were re-entered separately into the regression
model (forward selection). Only variables that were significant
at P<.05 (Likelihood Ratio Test) were retained in the final
multinomial regression models. Model quality comparisons
were conducted using the Akaike Information Criterion [26],
and goodness-of-fit was assessed using the Pearson chi-square
statistic [25]. Effect estimates are presented as odds ratios (ORs)
with their 95% CIs.

To assess the effects of excluding patients with missing data
regarding age and sex, we compared the sociodemographic
characteristics of the missing data sample (n=78) and the
analysis sample (n=445). We ran a Pearson chi-square test of

homogeneity (χ2) to compare the distribution of item responses

between the analysis sample and the missing data sample for
the perceived impact of CIE on the overall quality of care and
satisfaction with care.

Analyses were conducted using Microsoft Excel (version 16.54)
and SPSS software (version 27; IBM Corp).

Ethics Approval
The study was approved as a Service Evaluation at Imperial
College Health care NHS Trust (registration number: 296/2018).

Reporting
We followed the reporting recommendations in the
Strengthening the Reporting of Observational Studies in
Epidemiology Statement (Multimedia Appendix 2). [27].

Results

Respondent Characteristics
Of 1083 patients who responded to the survey, 523 (48.29%)
patients who were “CIE users” completed the questionnaire.
CIE users who provided basic demographic details regarding
age and sex were included in the analysis (445/523, 85.1%;
+117% of the minimum target sample size); 14.9% (78/523) of
respondents with missing data for age and sex were excluded.

Of 445 respondents, most (n=313, 70.3%) were aged >50 years
and 276 (62%) were female. Approximately 1 in 5 (97/445,
21.8%) respondents belonged to an ethnic minority group. Most
(292/445, 65.6%) respondents were educated to the degree level
or higher, and the mean eHEALS score was 33.6 (SD 6.4, range
8-40); a score ≥26 indicates higher digital health literacy. Of
445 patients, 177 (39.8%) patients reported being in good health;
162 (36.4%) of patients reported that the status of their health
was poor. Most (278/445, 62.5%) patients reported being very
motivated in their own care. Most (284/445, 63.8%) patients
said they used CIE at least once a month, and 93.2% (415/445)
of patients said they found CIE useful. Patient characteristics
are presented in Table 1.
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Table 1. Respondent characteristics (N=445).

Respondents

Sex, n (%)

167 (37.5)Male

276 (62)Female

2 (0.4)Other

N/AaNo response

Age group (years), n (%)

22 (4.9)<30

48 (10.8)31-40

62 (13.9)41-50

166 (37.3)51-64

147 (33)>65

N/ANo response

Ethnicity, n (%)

44 (9.9)Asian or British Asian

20 (4.5)Black African or Black Caribbean or Black British

11 (2.5)Mixed or multiple ethnic groups

22 (4.9)Other

343 (77.1)White

5 (1.1)No response

Geographic location, n (%)

284 (63.8)London

145 (32.6)Other locations in England

16 (3.6)No response

Education, n (%)

118 (26.5)Secondary school or below

180 (40.4)Undergraduate or professional degree

112 (25.2)Postgraduate or higher

35 (7.9)No response

Language, n (%)

379 (85.2)English

58 (13.0)Non-English

8 (1.8)No response

33.6 (6.4; 8-40)eHealth literacy (eHEALSb score), mean (SD; range)

Overall health status, n (%)

177 (39.8)Good or very good

106 (23.8)Neither good nor poor

162 (36.4)Poor or very poor

0 (0)No response

Motivation to be involved in own care, n (%)

6 (1.3)Not very much

43 (9.7)A moderate amount

J Med Internet Res 2022 | vol. 24 | iss. 11 | e39973 | p.588https://www.jmir.org/2022/11/e39973
(page number not for citation purposes)

Lear et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Respondents

116 (26.1)A lot

278 (62.5)Very much

2 (0.4)No response

aN/A: not applicable.
beHEALS: eHealth Literacy Scale.

Patients’ Perceptions of the Impact of CIE on the
Overall Quality of Care
Patients were asked to consider how CIE has changed the overall
quality of care they receive. Of 429 patients who answered this
question, 172 (38.7%) reported that the quality of their care was
better with CIE. A further 54.6% (243/445) said that their care
was about the same, and 3.2% (14/445) of patients said their
care was worse (Multimedia Appendix 3).

Patients’ Perceptions of the Impact of CIE on
Satisfaction With Care
When asked to consider how CIE has changed and how satisfied
they are with their care, 43.6% (194/445) of patients said their

care was better, 47.6% (212/445) said their care was the same,
and 4.3% (19/445) said their care was worse. In addition, 4.5%
(20/445) of patients did not respond to this question (Multimedia
Appendix 3).

Patients’ Perceptions of the Impact of CIE Across 6
Domains of Care Quality

Overview
Patients’ responses to a further 10 survey items revealed their
perceptions of how CIE use has changed the care they receive
across the following domains of quality of care: effectiveness,
safety, timeliness, efficiency, and patient centeredness (Table
2).

Table 2. Survey items and patients’ responses, mapped to the Institute of Medicine’s domains of health care quality (N=445).

Much better,
n (%)

Somewhat better,
n (%)

About the
same, n (%)

Somewhat
worse, n (%)

Much worse,
n (%)

Missing da-
ta, n (%)

Health care quality domaina and survey item: “Has
CIE changed any of the following...?”

Effective

62 (13.9)61 (13.7)276 (62)9 (2)7 (1.6)30 (6.7)Health conditions

Safe

70 (15.7)68 (15.3)260 (58.4)7 (1.6)7 (1.6)33 (7.4)Safety of care

96 (21.6)117 (26.3)187 (42.0)11 (2.5)9 (2)25 (5.6)Accuracy of health information

76 (17.1)70 (15.7)246 (55.3)13 (2.9)8 (1.8)32 (7.2)Detection of errors in health records

Timely

102 (22.9)77 (17.3)212 (47.6)12 (2.7)13 (2.9)29 (6.5)Quickness of appointments, diagnosis, and/or
treatment

Efficient

64 (14.4)63 (14.2)265 (59.6)15 (3.4)7 (1.6)31 (7.0)Workload for health care professionals involved
in my care

82 (18.4)92 (20.7)209 (47)23 (5.2)11 (2.5)28 (6.3)My own workload relating to my care

Patient centeredness

230 (51.7)112 (25.2)72 (16.2)9 (2.0)6 (1.3)16 (3.6)Accessibility of my personal health records

240 (53.9)d240 (53.9)d188 (42.2)c11 (2.5)b11 (2.5)b6 (1.3)My role when making decisions about my health
care

273 (61.2)f273 (61.2)f147 (33)c19 (4.3)e19 (4.3)e6 (1.3)How much I feel in control of my health care

aAs defined by the Institute of Medicine [5].
bI feel I have less of a role.
cNo change.
dI feel I have more of a role.
eI feel I have less control.
fI feel I have more control.
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Effectiveness
Patients were asked whether CIE use had changed their health
condition. Most (276/445, 62%) patients responded that their
health condition was about the same; however, 27.6% (123/445)
patients reported that their health condition had improved with
CIE use. Only 3.6% (16/445) said their health condition was
worse.

Safety
Although many (260/445, 58.4%) patients reported that the
safety of the care was the same with CIE; 31% (138/445) felt
that their care was safer. Approximately half (213/445, 47.9%)
believed that CIE had led to improvements in the accuracy of
their health information, and 32.8% (146/445) of patients felt
CIE was associated with better detection of errors in the health
record. Only 3.2% (14/445) of patients felt the safety of their
care was worse with CIE.

Timeliness
Approximately 40% (179/445) of patients felt that the timeliness
of their care (being able to access appointments, diagnoses, and
treatment quickly) had improved with CIE. Only 5.6% (25/445)
said the timeliness of their care was worse, and 47.6% (212/445)
said the timeliness of their care was about the same.

Efficiency
Patients were asked whether CIE had changed the workload
relating to their health, including both patients’ own workload
and the workload of health professionals involved in their care.
Many (209/445, 47%) patients reported that their own workload
was about the same; however, 28.6% (174/445) felt that their
workload was better, and 7.7% (34/445) felt their workload was
worse. Regarding the impact of CIE on the workload of health
professionals, 39.1% (174/445) of patients perceived that this
had improved, 59.6% (265/445) believed it to be about the same,
and 5% (22/445) thought that it was worse.

Patient Centeredness
Most (342/445, 76.9%) patients reported that CIE had improved
the accessibility of their personal health records. A few (72/445,

16.2%) patients felt that the accessibility of their records was
about the same with CIE, whereas only 3.3% (15/445) said their
records were less accessible. More than half (240/445, 53.9%)
of the survey respondents reported that CIE had led to them
having more of a role in decision-making, and 61.3% (273/445)
feel they have more control of their health care. Only 2.5%
(11/445) of patients reported feeling they have less of a role,
and 4.3% (19/445) felt they have less control of their health
care with CIE.

Equity
To identify the characteristics of CIE users who perceived better
overall quality of care and greater satisfaction with care with
portal use, patient characteristics and survey responses were
entered into univariate and multivariable multinomial regression
models.

For the survey item, “How has CIE changed the overall quality
of care you have received?” the final multivariable multinomial
regression model with 3 predictor variables (ethnicity, digital
health literacy, and frequency of CIE use) predicted significantly
better than the null (intercept) model (P<.001) and Pearson

chi-square statistic indicated satisfactory model fit (χ2
8=14.4;

P=.07). The results of the regression are presented in Table 3.
Patients with higher digital health literacy (eHEALS score≥26)
were more likely to report that the overall quality of their care
was better with CIE use (OR 2.40, 95% CI 1.07-5.42; P=.03).
Compared with their White counterparts, patients
self-identifying to an ethnic minority group were also more
likely to perceive improvements in care quality based on CIE
use (OR 2.27, 95% CI 1.26-3.73; P=.005). Across ethnic groups,
68% (30/44) of Asian and British Asian patients reported better
overall quality of care with CIE use, compared with 45% (9/20)
of Black or African or Caribbean or Black British patients,
36.6% (120/328; missing data, n=15) of White patients, and
36% (4/11) of patients from mixed or multiple ethnic groups
(Table S1 in Multimedia Appendix 4).
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Table 3. Multinomial regression results of patient characteristics and perceived change in overall quality of care with Care Information Exchange use.

MultivariableaUnivariatea

Better care quality vs about
the same

Worse care quality vs about
the same

Better care quality vs about
the same

Worse care quality vs about
the same

P valueOdds ratio
(95% CI)

P valueOdds ratio
(95% CI)

P valueOdds ratio
(95% CI)

P valueOdds ratio (95%
CI)

Sex

ReferenceReferenceReferenceReferenceReferenceReferenceReferenceReferenceFemale

N/AN/AN/AN/Ab.261.26 (0.84-1.88).260.47 (0.13-1.74)Male

Age (years)

ReferenceReferenceReferenceReferenceReferenceReferenceReferenceReference≥65

N/AN/AN/AN/A.261.28 (0.84-1.94).631.35 (0.41-4.42)≤64

Ethnicity

ReferenceReferenceReferenceReferenceReferenceReferenceReferenceReferenceWhite

.0052.27 (1.26-3.73).212.44 (0.61-9.80).0022.27 (1.37-3.78).361.88 (0.49-7.18)Ethnic minority

Native language

ReferenceReferenceReferenceReferenceReferenceReferenceReferenceReferenceEnglish

————c.041.81 (1.02-3.21).182.56 (0.66-9.91)Non-English

Education

ReferenceReferenceReferenceReferenceReferenceReferenceReferenceReferenceSecondary or below

————.510.85 (0.53-1.38).164.60 (0.55-38.23)Undergraduate or pro-
fessional

————.250.73 (0.42-1.25).224.00 (0.44-36.76)Postgraduate or higher

Digital literacy

ReferenceReferenceReferenceReferenceReferenceReferenceReferenceReferenceLower digital health
literacy

.032.40 (1.07-5.42).701.51 (0.18-
12.42)

.022.51 (1.15-5.45).671.57 (0.20-12.63)Higher digital health
literacy

Health status

ReferenceReferenceReferenceReferenceReferenceReferenceReferenceReferenceNeither good nor poor

N/AN/AN/AN/A.341.29 (0.77-2.16).620.72 (0.20-2.60)Poor

N/AN/AN/AN/A.451.22 (0.73-2.03).350.52 (0.14-2.02)Good

Motivation to be involved in own care

ReferenceReferenceReferenceReferenceReferenceReferenceReferenceReferenceNot very much or a
moderate amount

————.131.67 (0.86-3.24).541.92 (0.24-15.19)A lot or very much

Frequency of Care Information Exchange use

ReferenceReferenceReferenceReferenceReferenceReferenceReferenceReferenceOnce a month or less

<.0012.31 (1.49-3.58).900.92 (0.24-3.60)<.0012.40 (1.59-3.63).941.05 (0.32-3.45)Once a week or more

aGoodness-of-fit: χ2
8=14.5; P=.07.

bN/A: not applicable; variable not entered into the multivariable analyses due to nonsignificance (P>.25) in univariate analyses.
cVariable excluded from the final multivariable model using a backward elimination approach.

Frequency of CIE Use
Patients using CIE at least once per week were more likely to
perceive improved care quality compared with patients using
CIE less frequently (OR 2.31, 95% CI 1.49-3.58; P<.001).

Sensitivity analyses assessing the effects of including or
excluding predictor variables that had demonstrated significance
in univariate analyses did not alter the results of the
multivariable regression.
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For the survey item “How has CIE changed how satisfied you
are with your care?” the final multivariable model with 3
predictor variables (ethnicity, digital health literacy, and
frequency of CIE use) predicted significantly better than the
null (intercept) model (P<.001) and Pearson chi-square statistic

suggested that the model fit the data well (χ2
8=5.6; P=.69).

Patients with higher digital health literacy (eHEALS score≥26)
were more likely to report greater satisfaction with their care
with CIE use, compared with those with lower digital health
literacy (OR 2.35, 95% CI 1.09-5.04; P=.03; Table 4). CIE use
was also associated with greater satisfaction with care among
patients belonging to an ethnic minority group compared with
White patients (OR 2.12, 95% CI 1.22-3.67; P=.007).
Cross-tabulation of patients’ ethnicity and perceived change in

satisfaction with care revealed that 77% (34/44) of Asian or
British Asian patients reported greater satisfaction with care
with CIE use, compared with 55% (11/20) of Black or African
or Caribbean or Black British patients, 36% (4/11) of patients
from mixed or multiple ethnic groups, and 42.1% (137/325;
missing data n=18) of White patients (Table S2 in Multimedia
Appendix 4).

Patients using CIE at least once per week were more likely to
report greater satisfaction with care compared with patients
using CIE less frequently (OR 2.03, 95% CI 1.31-3.14; P=.002).

Sensitivity analyses assessing the effects of including or
excluding predictor variables that had demonstrated significance
in univariate analyses did not alter the results of the
multivariable analyses.
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Table 4. Multinomial regression results of patients’ sociodemographic characteristics and impact of Care Information Exchange on patient’s satisfaction
with care.

MultivariableaUnivariatea

Better care quality vs about
the same

Worse care quality vs about
the same

Better care quality vs about
the same

Worse care quality vs about
the same

P valueOdds ratio
(95% CI)

P valueOdds ratio
(95% CI)

P valueOdds ratio
(95% CI)

P valueOdds ratio (95%
CI)

Sex

ReferenceReferenceReferenceReferenceReferenceReferenceReferenceReferenceFemale

————b.171.32 (0.88-1.97).740.84 (0.31-2.31)Male

Age (years)

ReferenceReferenceReferenceReferenceReferenceReferenceReferenceReference≥65

N/AN/AN/AN/Ac.511.215 (0.76-
1.75)

.450.69 (0.27-1.80)≤64

Ethnicity

ReferenceReferenceReferenceReferenceReferenceReferenceReferenceReferenceWhite

.0072.12 (1.22-3.67).451.68 (0.44-6.41).0022.32 (1.38-3.90).701.30 (0.35-4.78)Ethnic minority

Native language

ReferenceReferenceReferenceReferenceReferenceReferenceReferenceReferenceEnglish

————.101.63 (0.91-2.89).411.74 (0.47-6.52)Non-English

Education

ReferenceReferenceReferenceReferenceReferenceReferenceReferenceReferenceSecondary or below

————.631.14 (0.67-1.96).058.15 (1.03-64.80)Undergraduate or Pro-
fessional

————.671.11 (0.69-1.80).115.94 (0.67-52.47)Postgraduate or higher

Digital literacy

ReferenceReferenceReferenceReferenceReferenceReferenceReferenceReferenceLower digital health
literacy

.032.35 (1.09-5.04).462.17 (0.27-
17.35)

.022.47 (1.19-5.13).432.29 (0.29-18.03)Higher digital health
literacy

Health status

ReferenceReferenceReferenceReferenceReferenceReferenceReferenceReferenceNeither good nor poor

N/AN/AN/AN/A.271.34 (0.80-2.23).890.92 (0.27-3.16)Poor

N/AN/AN/AN/A.781.07 (0.65-1.78).951.04 (0.32-3.33)Good

Motivation to be involved in own care

ReferenceReferenceReferenceReferenceReferenceReferenceReferenceReferenceNot very much or a
moderate amount

XXXXd.041.99 (1.04-3.82).293.00 (0.39-23.31)A lot or very much

Frequency of CIE use

ReferenceReferenceReferenceReferenceReferenceReferenceReferenceReferenceOnce a month or less

.0022.03 (1.31-3.13).860.90 (0.27-2.95)<.0012.13 (1.41-3.23).880.92 (0.32-2.67)Once a week or more

aGoodness-of-fit: χ2
8=5.6; P=.69.

bVariable excluded from the final multivariable model using a backward elimination approach.
cN/A: not applicable; variable not entered into the multivariable analyses due to nonsignificance (P>.25) in univariate analyses.
dVariable excluded from the final multivariable model due to 0 cell counts producing unstable estimates.
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Missing Data Analysis
Of 523 survey respondents, 78 (14.9%), who had previously
used CIE, had missing data regarding age and gender, and these
respondents were excluded from our analyses. Meaningful
comparisons of sociodemographic characteristics between the
missing data sample and the analysis sample were not possible
due to considerable additional missing data in the group of 78
respondents excluded from this analysis (Multimedia Appendix
5). There were no differences in the distribution of responses
between the analysis sample and the missing data sample for
the questionnaire item “How has CIE changed how satisfied
you are with your care?” However, patients included in the
analysis were more likely to view the impact of CIE on overall
quality of care favorably, compared with those in the missing

data sample (χ2
4=10.3; P=.04; Multimedia Appendix 6).

Discussion

Principal Findings
Although many portal users perceived no change with CIE use,
a large proportion reported better care quality and greater
satisfaction with their care. Around 30% patients perceived their
care to be safer, more effective, and more efficient with CIE,
and approximately 40% reported that the timeliness of
appointments, diagnoses, and treatments had improved. The
most positive patient-perceived changes were in the domain of
patient centeredness: more than half of patients using CIE felt
more in control of their health care and able to play a greater
role in decision-making. Patients from ethnic minority groups,
those with higher digital health literacy, and those using CIE
more frequently were more likely to perceive improvements in
overall care quality and greater satisfaction with care. Across
ethnic groups, patients of Asian or British Asian ethnicity
reported the greatest benefits of portal use in terms of improving
care quality and satisfaction with care received.

Comparison With Wider Literature
These reports from users of a web-based patient portal in the
United Kingdom are consistent with the findings of other patient
experience studies in finding that many patients perceive a range
of benefits associated with portal use [28-37]. To our knowledge,
this is the first empirical study to map patients’ experiences
against the 6 domains of quality of care to provide broad insight
into the perceived effects of portal use from the patient
perspective.

Regarding the domain of effectiveness, around 1 in 4 patients
in our study believed that CIE use contributed to improving
their overall health, and this finding echoes the results of other
survey studies and meta-analyses of randomized trials [3,38].
We did not collect information about respondents’ medical
histories; however, prior studies have shown that portal use may
be particularly effective in supporting people with long-term
conditions to improve their health, including those with diabetes
and hypertension [3,38].

Existing evidence links patient portals to increased medication
safety through patients possessing greater knowledge about
their medicines, improved medication adherence, and increased

reporting of medicine discrepancies [3,39-41]. Our study has
shown that patients perceive additional safety impacts of
web-based portals including improved accuracy of personal
health information and detection of health record errors. Our
previous work, together with studies conducted in the United
States, has demonstrated that around 1 in 5 patients who access
their web-based personal health records can, and do, notice
errors in their records, and most patients would like to play an
active role in rectifying these discrepancies [16,42]. Moreover,
Blease et al [40] have shown that enabling informal carers to
access the electronic health records of vulnerable patients (eg,
people with serious mental illness) can help to prevent
medication errors, delayed diagnoses, and other patient safety
risks.

Regarding the efficiency domain, more than one-third of patients
in our study perceived their own workload relating to their health
had changed for the better. In a previous survey study in Canada,
patients reported that web-based portals save time when
scheduling appointments, patients needed to repeat themselves
less during appointments, and portal use meant that patients
could avoid unnecessary clinic visits [43]. Similarly, a review
of randomized trials found a reduction in health care use (or no
change) when patients have access to their electronic health
records [3]. No experimental trials have investigated the impact
of web-based portals on the timeliness of care delivery [3];
however, approximately 40% of the patients in our study
perceived that CIE enabled them to access appointments,
diagnoses, and treatment more quickly.

A growing body of evidence suggests that patients who are
engaged in their care are more likely to adhere to medication
and treatment plans, take up screening opportunities and
prevention practices, participate in the detection of errors and
safety risks, and adopt effective management strategies for
chronic conditions [28,44-47]. The findings of this and
numerous other survey studies have consistently found that
patients feel more in control of their health care and better able
to play a role in decision-making with access to their personal
health records [28,33,34,37,40].

Regarding equity, our findings are consistent with previous
research demonstrating that patients experiencing barriers to
accessing web-based portals (including low digital literacy),
and those with low levels of engagement in technology-enabled
care are less likely to report that portals improve their health
[38,48]. Previous research has also demonstrated that portal
uptake is lower among patients belonging to ethnic minority
groups [38]. However, in line with survey studies of portal users
in the United States [28,29], we found that CIE users
self-identifying to an ethnic minority group were more likely
to report better care quality and greater satisfaction with care.
Gerard et al [29] found that, compared with White patients,
patients of Asian ethnicity in the United States were twice as
likely to report the benefits of portal use; our study echoes this
finding in the United Kingdom. Sharing electronic health records
with patients appears to increase transparency and trust and
strengthens the relationship between patients and their providers
[44]. These benefits may be particularly important for ethnic
minority groups to feel satisfied with their care; however, further
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qualitative research is needed to understand the mechanisms of
portal adoption across different ethnic minority groups.

Of note, we found that patients who use CIE frequently were
more likely to perceive improvements in overall care quality
(and greater satisfaction with care). However, the direction of
this effect is unclear. We suggest that this mechanism is likely
to be circular, with initial portal use leading to perceived
improvements in care quality, resulting in greater satisfaction
with care, prompting increased portal use. In this way, the
perception of quality of care could serve as a mechanism of
sustained portal adoption. This theory is consistent with the
Technology Acceptance Model, which suggests that use
behavior (actual use) is partly predicated by the perceived
benefits of using the technology [49]. In the study by Portz et
al [50], which used the Technology Acceptance Model to
explore portal use among older adults with chronic conditions,
patient-perceived usefulness (communicating with care provider,
saving time and money, addressing concerns without a clinic
visit) was linked to frequent use of specific portal features,
including the message center, pharmacy center, and viewing
laboratory results. Further evaluation of CIE should include
developing and testing a “Theory of Change” to determine how
and why portal use leads to greater satisfaction with care in
some patient groups [51].

Policy Implications and Future Research
This study confirms the importance of addressing “the digital
divide” as a policy priority to ensure equitable access to the
benefits of patient portals for all patients [14,52]. Crosscutting
interventions with system impacts, including user-centric design
of portal platforms that adhere to accessibility, legibility and
readability standards, and a commitment to “safety net”
strategies such as the provision of low-cost, Wi-Fi–enabled
devices or patient outreach programs, could all help to ensure
that traditionally underserved groups can benefit from portal
use [40,53]. More work is required to understand the relative
effectiveness of these interventions, such that equity of access
and adoption can be achieved for all patients. However, beyond
literacy and technology access, our findings suggest that there
are other potential avenues for addressing health disparities by
expanding patient portal use to underrepresented groups. That
ethnic minority groups see greater benefits in accessing their
personal health records is worthy of further careful inquiry.
Further research using qualitative methods would help to
elucidate the mechanisms of patient portal adoption among
ethnic minority communities.

Strengths and Limitations
We mapped survey items to the Institute of Medicine’s 6
domains to provide a broad overview of perceptions of care
quality among CIE users. However, our questionnaire was not
designed to evaluate the domains of care quality as
multidimensional constructs. There is a need to develop
instruments that can measure subjective accounts of care quality
as seen through the patient lens; developing and validating such
a questionnaire could be the focus of future work.

We recruited a diverse sample, with one-third of respondents
residing outside London and 1 in 5 self-identifying to an ethnic
minority group. However, the numbers of patients in subgroups
of ethnic minority were small. As such, we combined categories
of ethnicity for the multivariable regression. Research exploring
issues of equity should disaggregate ethnic categories where
possible so the experiences of different ethnic groups can be
understood [54]. Although we ran cross-tabulations to explore
differences between ethnic groups, the numbers were small and
may not generalize to larger populations.

Our web-based recruitment strategy may have introduced
selection bias because web-based survey studies may favor the
inclusion of patients who are digitally literate and more able to
fully engage with patient portals. Our sample only included
users of a web-based portal, and our findings are based on
patient self-reported and perceived changes in care quality based
on portal use. As such, and due to the nature of the study design,
we cannot make any causal claims about the impact of patient
portals on the quality of care. Building on limited existing
evidence from controlled trials [2,3], further experimental or
quasi-experimental studies should test the relationship between
patient portal use and care quality using validated end points.

Conclusions
A large proportion of CIE users perceived better overall quality
of care and greater satisfaction with care, although many portal
users reported no change. Perceived improvements were
reported across all 6 domains of care quality, with the most
favorable in the domain of patient centeredness. Patients from
ethnic minority backgrounds (particularly Asian or British
Asian) and those with higher digital health literacy perceived
the greatest benefits of CIE use. With national policy directed
toward addressing health disparities, patient portals could be
valuable in improving care quality for patients in
underrepresented groups, providing the needs of digitally
disempowered patients are addressed. Further research should
test the relationship between patient portal use and validated
measures of the domains of care quality.
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Abstract

Background: Stress urinary incontinence (SUI) is highly prevalent among women and has an impact on physical and mental
well-being. eHealth with pelvic floor muscle training (PFMT) has shown to be effective in reducing complaints. The usage and
nonusage attrition of eHealth for SUI is unknown, but knowledge about users and their usage patterns is crucial for implementation
purposes.

Objective: This study aimed to evaluate how an eHealth intervention for SUI was used and by whom, explore reasons for
nonusage attrition, and determine what factors are associated with usage.

Methods: In this observational, mixed methods study, women with SUI independently registered to a web-based eHealth
intervention, Baas over je blaas, a translation of the Swedish internet program Tät-treatment of stress urinary incontinence.
Log-in data were collected during 3-month access to the website, and surveys were sent at baseline. Participants were divided
into three user groups (low, intermediate, and high) and were compared based on sociodemographic and incontinence-related
characteristics. Nominal logistic regression analysis was used to study factors associated with eHealth usage. Qualitative content
analysis was used for open-ended questions about nonusage attrition and about facilitators of and barriers to eHealth usage.

Results: Participants (n=561) had a mean age of 50.3 (SD 12.1) years, and most of them (340/553, 61.5%) had never visited a
health care professional for SUI before. Most users were low users (295/515, 57.3%), followed by intermediate users (133/515,
25.8%) and high users (87/515, 16.9%). User groups differed significantly in age (48.3, SD 12 years; 52.1, SD 11.6 years; and
55.3, SD 10.9 years; P<.001) and in their expected ability to train the pelvic floor muscles (7.5, SD 1.4; 7.7, SD 1.4; and 8.1, SD
1.5 for low, intermediate, and high users, respectively; P=.006). Nonusage attrition was mainly caused by problems in integrating
PFMT into everyday life. High age (>50 years), previous PFMT, and high expected ability to train the pelvic floor muscles are
associated with high usage. Facilitators for eHealth usage were the clear explanation of exercises and the possibility of
self-management. Barriers were its noncommittal character and the absence of personal contact.

Conclusions: eHealth fulfills a need for women with SUI who have never received treatment. Those who discontinued prematurely
did so mainly because it was difficult to integrate the training schedule into their everyday lives. High eHealth usage was more
likely for women aged >50 years, with previous PFMT, and with high expectations about their ability to train the pelvic floor
muscles. Knowledge of these user characteristics can guide clinicians and correct their misunderstandings about the suitable
target population for this intervention. Furthermore, strategies for reinforcing expectations and self-efficacy are important to
upscale eHealth usage, together with paying attention to people’s need for personal contact.
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Introduction

Background
Urinary incontinence is a common condition with a serious
impact on quality of life and well-being [1,2]. Stress urinary
incontinence (SUI) is a prevalent subtype, which is defined as
the complaint of any involuntary urinary leakage on effort,
exertion, sneezing, or coughing [1]. SUI affects 1 in 4
middle-aged adult women [3,4]. It can lead to psychological
problems, such as fear of producing malodors that can be
detected by others, shame, or even depression [2,5,6].
Furthermore, it hampers physical mobility by interfering with
daily activities, causing the affected individuals to avoid work
duties, sport and exercise, or social activities as these may
provoke urinary leakage [6].

Pelvic floor muscle training (PFMT) is an evidence-based
treatment option for SUI and is recommended as first-line
treatment by a general practitioner (GP), nurse, or
physiotherapist [7,8]. However, only a minority of women with
SUI receive treatment because GPs tend to underdiagnose
urinary incontinence and women are not likely to consult a
health care professional with this problem [9]. These women
feel ashamed, do not prioritize this problem, or believe that no
suitable therapy is available [10-12]. Digital treatment options
for SUI are promising and upcoming because they gain a broad
reach by lowering the threshold to seek help [8]. Various
randomized controlled trials (RCTs) and a cohort study showed
that web-based (eHealth) and app-based (mobile health)
self-management interventions with PFMT are effective in
reducing or stopping incontinence [13-17]. Women are highly
satisfied with these interventions as they give them the
opportunity to deal with the problem themselves and thus
promote independence [18-20].

eHealth as a self-management intervention requires users to
engage with it for the recommended training period and it
requires them to guide themselves throughout the program. Our
previous study showed that women need to possess self-efficacy
to adopt eHealth for SUI [21]. However, these requirements
can be challenging, which is reflected by the high rate of
nonusage in eHealth interventions [22-24]. Eysenbach [24] uses
the term nonusage attrition to refer to the phenomenon of people
prematurely discontinuing eHealth usage. Various factors could
contribute to this, such as demographic factors, absence of
personal or face-to-face contact, push factors (such as
reminders), or external events [24]. A systematic review showed
that predictors for adherence to web-based psychological
interventions are being female, having high expectations, and
having therapist support (eg, email support) [25].

Objectives
Extended information on real-life usage and nonusage attrition
is lacking in the case of eHealth for urinary incontinence.
Knowledge of how eHealth is actually used and when and why
people stop using it could lead to further improvement of the
design of the intervention, and such improvements could
increase usage on a large scale and thus contribute to wide
implementation. Furthermore, knowledge of factors associated
with usage can guide clinicians in understanding the target
audience for whom eHealth would be a suitable treatment
option. As part of an implementation project, this study had a
three-fold aim: (1) to evaluate how an eHealth intervention for
SUI is used and by whom, (2) to explore reasons for nonusage
attrition, and (3) to determine what factors are associated with
usage. As adherence to regular PFMT is hard to maintain, we
hypothesized that, as with other eHealth interventions, nonusage
attrition rates may be high [26].

Methods

Design
We used a mixed methods design to study the usage of an
eHealth intervention for women with SUI. The quantitative
strand consisted of technical log-in statistics and data from
web-based questionnaires. The qualitative strand consisted of
data from open-ended web-based survey questions. A detailed
description of the study has been published previously [27].
The study was registered in the Dutch Trial Registry (NTR6956)
prospectively, which is now included in the International
Clinical Trial Registry Platform. The CONSORT-eHealth
(Consolidated Standards of Reporting Trials of Electronic and
Mobile Health Applications and Online Telehealth) criteria that
are applicable to this study will be reported [28].

Participants
Dutch women were recruited through news items in local
newspapers, in magazines, on websites, or on social media
channels between July 2018 and March 2019. Google AdWords
(Google LLC) was used to make our website more retrievable.
GPs in the University’s network were asked to place leaflets or
posters in their waiting rooms. Women who were interested
could register on the web-based eHealth intervention, and after
providing informed consent, they received a short questionnaire
that enabled the researcher to check their eligibility. Eligibility
criteria are published in detail elsewhere [27], but, in short,
women were included when aged >18 years and when having
SUI or mixed urinary incontinence, which is a combination of
SUI and urgency urinary incontinence [27], meaning involuntary
leakage accompanied by or immediately preceded by urgency
[1]. Diagnosis was based on self-assessment questions from the
Questionnaire for Female Urinary Incontinence Diagnosis [29].
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A woman was considered to have SUI if she replied positive to
the following question: “Do you lose urine during quick
moments such as coughing, sneezing, jumping, or lifting
something up?” The researcher checked the eligibility criteria
and then sent the web-based baseline questionnaire, which
provided access to the website after completion. To use the
eHealth intervention or to participate in this study, participants
neither had to pay nor were they reimbursed.

Intervention
The eHealth intervention, Baas over je blaas, is a translation
of the Swedish eHealth intervention, Tät-treatment of stress
urinary incontinence [30], the effectiveness of which was shown
in an RCT [16,31]. It is a web-based password-protected
intervention addressing PFMT. The developers of the
intervention are assembled in the eContinence group from Umeå
University, Sweden. They translated the program into Dutch
and gave their permission to use it for research purposes through
a noncommercial license agreement. The copyright of the
program, Tät-treatment of stress urinary incontinence, belongs
to the eContinence group at Umeå University, and the trademark
is registered by the Swedish Patent and Registration office for
eContinence AB, a Swedish eHealth company founded in July
2021 with the aim of maintaining, distributing, commercializing,
and further developing the programs created within the research
project [32]. The website was secured via HTTP Secure and

hosted on the Apache web server that belonged to the Radboud
University Medical Center. Data were saved in a MySQL
database on the password-protected webserver. Before the study,
the test version of the intervention was pilot-tested with women
who varied in age, education level, and profession. Technical
issues were resolved, and a new video with explanations about
the program was recorded and uploaded on the log-in page.
After the test phase, version 1.0 remained frozen during the
entire study period.

The core content of the intervention consisted of 4 different
pelvic floor muscle exercises that were addressed in 8 escalating
modules with increasing intensity and complexity. The modules
contained background information about incontinence and pelvic
floor muscles, a training program, and a test exercise (Figure
1). Cognitive behavioral assignments were included to induce
lifestyle changes. Information was provided via text,
illustrations, and audio fragments and could be downloaded as
PDF file. Women were advised to perform training for at least
one week per module (Figure 2), and after that, the test exercise
enabled them to check whether they had gained the skills
required for continuation. Access to the next module was gained
after the woman had completed a training report at the end of
each module, which contained 2 questions about the frequency
and time they spent on that module. Women were advised to
consult their GP in case of no progression or if they were unable
to perform the exercises.

Figure 1. Screenshot of module number 1 (A), screenshot of training program 1 (B).
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Figure 2. Training schedule per module.

The intervention was accessible for 3 months, and women could
do the training at their own pace. A total of 3 months after the
first log-in, women had 2 weeks to download the exercises of
all 8 modules, and thereafter, access was closed. This restriction
of access to the eHealth intervention was chosen to have a clear
cutoff point for the collection of log-in data.

There was no face-to-face contact during the entire study, but
the researcher was available for both content-related and
technology-related questions through email (asynchronous
communication). To stimulate usage, email reminders were sent
if participants did not log in for 1 week, with a maximum of 2
reminders per module. Women could unsubscribe for reminders
via email.

Outcomes—Quantitative

Demographic and Incontinence-Related Variables
The baseline survey contained sociodemographic items (age,
education level, and recruitment method) and
incontinence-related items (type of incontinence, burden,
duration, incontinence aid usage, previous contact with a health
care professional, previous PFMT, expected ability to train the
pelvic floor muscles, and expected training result). This
questionnaire has been extensively described in the protocol
[27]. Education level was divided into two levels: low (primary
and lower secondary education) versus high (from upper
secondary level to doctoral equivalent level). The expected
ability to train the pelvic floor muscles was assessed on a
10-point scale ranging from 1 (very low expectations) to 10
(very high expectations) [31]. Severity of incontinence was
assessed by the International Consultation on Incontinence
Questionnaire–Urinary Incontinence Short Form (ICIQ-UI SF),
which, based on their total score (0-21), allows women to be
divided into severity categories: slight (1-5), moderate (6-12),
severe (13-18), or very severe (19-21). Quality of life was
assessed using the disease-specific International Consultation
on Incontinence Questionnaire for Lower Urinary Tract
Symptoms–Quality of Life (ICIQ LUTS-QoL), resulting in a
score ranging between 19 and 76, with high score implying
great impact on quality of life.

Usage
Log data were collected during the 3 months when participants
had access to the eHealth intervention, of which the following
three user parameters were defined: module number, frequency,
and duration. Module number was the module that a participant
had reached when access to the website was closed. Frequency
was the total number of log-ins. Duration was the total number
of days between the first log-in and the date on which the last
training report was completed. We chose the date of the last
training report instead of the last log-in date because it is a better
reflection of the period in which women actively used the
intervention. The last log-in date could possibly reflect women
who had stopped using the intervention and logged in shortly
before access to the intervention closed, to download the training
program, for example. The date of the last training report could
not be used for women who dropped out in module 1 because
they did not complete any training report; therefore, duration
for this group was the number of days between first log-in and
last log-in. We corrected for false prolonged duration by
choosing the previous last log-in date when women in module
1 had a duration of >90 days (12/515, 2.3%).

User Groups
For the construction of user groups, the concept of intended use
was applied, which is defined as “the extent to which individuals
should experience the content (of the intervention) to derive
maximum benefit from the intervention, as defined or implied
by its creators” [33]. In this study, intended use was defined for
two usage parameters: module number and duration. A module
number was defined as intended if women completed at least
module 5 because all exercises would have been addressed after
5 modules. Duration was defined as intended if it comprised at
least 35 days, which is the multiplication of 5 modules with the
recommended training duration of at least one week. On the
basis of these usage parameters, we divided participants into
the following user groups: non, low, intermediate, and high
users (Figure 3). Nonusers completed the baseline questionnaire,
but never logged in and, therefore, received no further
questionnaires. Low users reached an unintended module
number and had an unintended duration. Intermediate users had
a combination of unintended module number with intended
duration or vice versa. High users reached an intended module
number and had an intended duration.
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Figure 3. Flowchart of user groups based on module number and duration.

Adherence
Exercise adherence was defined as the percentage of time spent
on PFMT out of expected time spent on PFMT and was
measured using the training reports. Adherence was categorized
into three levels: high (>80%), moderate (20%-80%), and low
(<20%) adherence [34]. The expected time spent on PFMT was
based on the prespecified training schedule (Figure 2).

Outcomes—Qualitative: Facilitators of and Barriers
to eHealth Usage and Reasons of Nonusage Attrition
After the intervention, which was 3 months after the first log-in,
all women who ever logged in to the website (515/515, 100%)
received a web-based survey. Nonresponders were approached
via email first and then via telephone to try to collect data of
all user groups. This survey contained 2 open-ended questions
about facilitators of and barriers to eHealth usage (“What did
you like/dislike on the program?”). These factors were studied
to explore if there were additional factors associated with
eHealth usage. Nonusage attrition (reasons to stop) was asked
by another open-ended question to a subgroup of women who
responded that they had dropped out during the intervention.
The exact phrasing of this question was the following: “What
was the reason for stopping prematurely OR never starting with
‘Baas over je blaas’?”

Data Analysis

Quantitative Data
Data were analyzed using SPSS (version 25; IBM Corp).
Descriptive statistics were calculated for usage parameters and
characteristics of all user groups. As module number, frequency,
and duration were not normally distributed, median and
percentiles were calculated. Continuous variables were assessed
using a 2-tailed, independent sample t test for 2 groups (nonusers
vs users) and a 1-way ANOVA for 3 groups (user groups). A
Pearson chi-square test was used for categorical variables.
Statistical significance was determined at P<.05 (2-sided).
Nominal logistic regression analysis was used to study factors
associated with eHealth usage. Univariate analyses were
performed, and variables with a significance level of P<.20
were included in the multivariate model. Variables were

excluded stepwise in order of the highest P value until only
statistically significant (P<.05) variables remained.

Qualitative Data
Qualitative results from 2 open-ended survey questions were
analyzed through conventional content analysis [35]. First, open
coding was applied to the open-ended responses. Overall, two
researchers coded independently (LF and TT) and compared
their codes. In case of disagreement, a third researcher (AL)
gave her opinion. Codes were clustered into categories and were
discussed by the research team. Data saturation was reached for
all open-ended questions. Quotes are used to illustrate the
findings, and they are followed by identifier number, age, and
module number. The words “most,” “many,” “several,” and “a
few” indicate that >50%, 20% to 50%, 10% to 20%, or <10%
of respondents, respectively, shared an opinion. Microsoft Excel
2016 was the most convenient software to code the data because
data were exported from SPSS.

Ethics Approval
Ethics approval was granted by the research ethics committee
of the Radboud University Medical Center, Nijmegen, the
Netherlands (file number 2016-2721). The committee declared
that the risks for participation in this study were negligible. The
study was conducted in accordance with rules applicable in the
Netherlands and the Medical Research Involving Human
Subjects Act.

Results

Overview
A total of 730 women enrolled on the website, 608 (83.3%) of
whom were included (Figure 4). Overall, 7.8% (57/730) of the
women were excluded for the following main reasons: diagnosis
other than SUI (mostly urgency urinary incontinence), following
regular PFMT in the past 6 months, or vaginal delivery in the
past 6 months. Participants (561/608, 92.3%) were women who
ever logged in to the eHealth intervention, 8.2% (46/561) of
whom were nonusers. Participants reached the website mostly
via news items on websites or Google (244/561, 43.5%);
newspapers, magazines, or newsletters (170/561, 30.3%); or
social media (66/561, 11.8%).
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Figure 4. Flowchart of users and nonusers of eHealth intervention. PFMT: pelvic floor muscle training; SUI: stress urinary incontinence; UI: urinary
incontinence.

Baseline Characteristics
Participants (n=561) had a mean age of 50.3 (SD 12.1) years,
and a minority of them had a low educational attainment level
and a moderate to severe degree of incontinence (Table 1).
Overall, two-thirds of them (340/553, 61.5%) had never visited
a health care professional for their incontinence, and (399/557,
71.6%) had never taken previous PFMT. Most participants

expected major improvement of incontinence (402/560, 71.8%)
or even cure (62/560, 11.1%). There were no significant
differences in demographic and incontinence-related
characteristics between users (515/561, 91.8%) and nonusers
(46/561, 8.2%). The burden of incontinence, duration, and
incontinence aid usage between these groups (data not shown)
did not differ.
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Table 1. Characteristics of all participants (n=561).

ValuesCharacteristics

Demographics

50.3 (12.1)Age (years), mean (SD)

Educational attainment level, n (%)

46 (8.2)Low

515 (91.8)High

Related to incontinence

Type, n (%)

459 (81.8)SUIa

102 (18.2)MUIb

Severity (ICIQ-UI SFc), n (%)

42 (7.5)Slight

391 (69.7)Moderate

128 (22.8)Severe

0 (0)Very severe

32 (6.9)Quality of life (ICIQ LUTS-QoLd), mean (SD)

213 (38.5)Previous contact with health care professional, n (%)e

158 (28.4)Previous PFMTf for incontinence, n (%)g

7.61 (1.5)Expected ability to train pelvic floor muscles, mean (SD)

Expected treatment results, n (%)h

96 (17.1)Slight improvement

402 (71.8)Major improvement

62 (11.1)Cure

aSUI: stress urinary incontinence.
bMUI: mixed urinary incontinence.
cICIQ-UI SF: International Consultation on Incontinence Questionnaire–Urinary Incontinence Short Form.
dICIQ LUTS-QoL: ICIQ for Lower Urinary Tract Symptoms–Quality of Life.
eMissing values were removed (8/561, 1.4%); sample size, n=553.
fPFMT: pelvic floor muscle training.
gMissing values were removed (4/561, 0.7%); sample size, n=557.
hMissing values were removed (1/561, 0.2%); sample size, n=560.

Usage
Most participants (220/561, 39.2%) dropped out in module 1,
and (87/561, 15.5%) reached the intended module number ≥6.
The median of the log-in frequency was 4 (range 2-9), and the
median of duration was 26 days (range 4-62 days).

Adherence
For all modules, approximately 60% of participants had a high
exercise adherence rate, as shown in the training reports (Figure
5).
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Figure 5. Adherence to pelvic floor muscle training, as reported in the training reports for each module.

User Groups
On the basis of the intended module number and intended
duration, users were divided into 3 user groups, most of whom
were low users (295/515, 57.3%), followed by intermediate
users (133/515, 25.8%) and high users (87/515, 16.9%). User
groups differed significantly in age: the mean age for low,
intermediate, and high users was 48.3 (SD 12) years, 52.1 (SD
11.6) years, and 55.3 (SD 10.9) years, respectively; P<.001.

User groups also differed significantly in previous PFMT, with
rates of 29.1% (85/292), 21.2% (28/132), and 37% (32/87) for
low, intermediate, and high users, respectively; P=.04. The
expected ability to train the pelvic floor muscles also differed
significantly between user groups, with an increase in
expectations from low to high users (mean 7.5, SD 1.4; mean
7.7, SD 1.4; mean 8.1, SD 1.5 for low, intermediate, and high
users, respectively; P=.006; Table 2).
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Table 2. Comparison between user groups in demographics and incontinence-related variables (n=515).

Comparison between
user groups (P value)

High users
(n=87, 16.9%)

Intermediate users
(n=133, 25.8%)

Low users
(n=295, 57.3%)

Variables

Demographics

<.00155.3 (10.9)52.1 (11.6)48.3 (12)Age (years), mean (SD)

.95Educational attainment level, n (%)

8 (9.2)11 (8.3)27 (9.2)Low

79 (90.8)122 (91.7)268 (90.8)High

Related to incontinence

.36Severity (ICIQ-UI SFa), n (%)

5 (5.7)12 (9)22 (7.5)Slight

65 (74.7)96 (72.2)196 (66.4)Moderate

17 (19.5)25 (18.8)77 (26.1)Severe

.3831.4 (5.8)31.5 (7)32.3 (7.1)Quality of life (ICIQ LUTS-QoLb), mean (SD)

.0432 (36.8)28 (21.2)d85 (29.1)cPrevious PFMT for incontinence, n (%)

.0068.1 (1.5)7.7 (1.4)7.5 (1.4)Expected ability to train pelvic floor muscles, mean (SD)

.09Expected treatment results, n (%)

9 (10.3)24 (18)52 (17.7)eSlight improvement

63 (72.4)93 (69.9)218 (74.1)eMajor improvement

15 (17.2)16 (12)24 (8.2)eCure

aICIQ-UI SF: International Consultation on Incontinence Questionnaire–Urinary Incontinence Short Form.
bICIQ LUTS-QoL: ICIQ for Lower Urinary Tract Symptoms–Quality of Life.
cMissing values were removed (3/295, 1%); sample size, n=292.
dMissing values were removed (1/133, 0.8%); sample size, n=132.
eMissing values were removed (1/295, 0.3%); sample size, n=294.

Reasons for Nonusage Attrition
Reasons for nonusage attrition were reported in the survey,
which had a response rate of 61.4% (316/515). The response
rate differed significantly per user group, with a completion rate
of 44.1% (130/295), 81.9% (109/133), and 90% (78/87) for low,
intermediate, and high users, respectively (P<.001). Overall,
68% (215/316) of the participants reported that they dropped
out during the intervention.

There were five categories for terminating the intervention:
mismatch between everyday life and performing PFMT,
motivational difficulties, problems with execution, guidance
needed, and usage of eHealth. The most common category was
mismatch between everyday life and performing PFMT, which
was mentioned by approximately half the respondents. A
mismatch was mostly caused by being very busy, forgetting to
practice, (new) comorbidities or illnesses, being a caretaker for
a relative, or change in daily routine (such as holidays):

I had several other physical problems that were
consuming my attention, so my impatience prevented
me from focusing even more on myself. [ID141; aged
62 years; module 1]

A second category was that women mentioned they had
motivational difficulties and experienced loss of motivation or

lack of self-discipline. Another reason for motivational loss was
either that the training had no effect or that there was an effect
and the decrease in symptoms made training less urgent:

I got good results really quickly and then it all went
downhill. [ID242; aged 52 years; module 4]

Problems with execution was a third category for nonusage
attrition. Several women found the exercises hard to perform
or struggled with the increasing complexity of the training:

...It was pretty difficulty to do the exercises standing
up. It took a while before I got the hang of this
exercise. I didn’t feel the muscle, as if it wasn’t there.
[ID10308; aged 52 years; module 5]

A few participants mentioned that the exercises gave them
bodily discomfort, such as pain in the legs or back. A minor
category was guidance needed, with reasons such as the absence
of guidance through personal contact with a caregiver and
wishes for more frequent reminders:

At first I got emails to remind me, but later they
stopped coming. That also made me forget where I’d
got to in the program. [ID10099; aged 38 years;
module 2]
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The last category was usage of eHealth, in which a few women
said that they had terminated the intervention owing to technical
issues or because the intervention was not user-friendly.

Factors Associated With Usage
On the basis of univariate analysis, the following four variables
were selected for the multivariate model: age (P<.001), previous
PFMT (P=.04), expected ability to train the pelvic floor muscles
(P=.005), and expected treatment results (P=.03). After
multivariate analysis had been performed, 3 factors were
significantly associated with usage (Table 3). The likelihood

ratio test showed that age (P<.001), previous PFMT (P=.03),
and expected ability to train the pelvic floor muscles (P=.008)
significantly contributed to the model. Age was lower for low
users than for intermediate and high users (odds ratio [OR] 0.97,
95% CI 0.96-0.99; P=.002 [not shown in Table 3] and OR 0.95,
95% CI 0.93-0.97; P<.001, respectively). The ORs for previous
PFMT were lower for intermediate users than for high users
(OR 0.45, 95% CI 0.24-0.83; P=.01). The expected ability to
train the pelvic floor muscles was lower for low users than for
high users (OR 0.75, 95% CI 0.62-0.91; P=.003).

Table 3. Multivariate estimates from the multinominal logistic regression modela.

Intermediate users vs high usersLow users vs high usersGroups

Odds ratio (95% CI)Coefficients (SE)Odds ratio (95% CI)Coefficients (SE)Variables

0.98 (0.96-1)−0.02 (0.01)0.95 (0.93-0.97)−0.05 (0.01)bAge

0.45 (0.24-0.83)d−0.80 (0.31)0.70 (0.42-1.19)−0.35 (0.27)Previous PFMTc

0.82 (0.67-1.01)−0.20 (0.11)0.75 (0.62-0.91)−0.29 (0.10)eExpected ability to train the pelvic floor muscles

aPseudo R2 (Nagelkerke)=0.093.
bP<.001.
cPFMT: pelvic floor muscle training.
dP=.01.
eP=.003.

Facilitators and Barriers
The response rate on the end survey was 61.4% (316/515), of
which 84.8% (268/316) and 55.1% (174/316) reported
facilitators and barriers, respectively. In total, four categories
emerged, including codes from both facilitators and barriers:
training instructions, self-management, usage and content, and
effects.

Training Instructions
More than half the respondents appreciated the clear explanation
of the exercises, and the stepwise setup was also highly valued.
Women were able to perform the exercises and felt that the
instructions guided them to find the right muscles to exercise:

Clear explanation of how to squeeze and, when you
can’t do it right away, reassurance that things will
improve if you keep trying. That was correct in my
case. [ID10326; aged 71 years; module 8]

However, a few women said that the training instructions should
be explained in more detail or had problems when the
complexity of the exercises increased. Several women
mentioned the training frequency and training duration as
barriers. These women thought that the training frequency was
very high and that training would be more feasible if it was
lowered from 3 times to once or twice a day. The 3-month
training duration was regarded as very short, and the time lock
caused pressure as women who were sufficiently motivated
were unable to complete all modules.

Self-management
Engaging in self-management treatment through eHealth was
valued because women said that it provided them the flexibility

to practice in their own place and in their own time and to
practice by themselves without interference from a health care
professional. A few women said that they liked being able to
practice via the web because it provided privacy. In contrast,
half of the respondents mentioned that they found eHealth to
be very noncommittal and that they missed personal contact to
obtain feedback on their performance or to stay motivated:

For me personally, I need more encouragement to do
the exercises, working with a therapist, for instance.
[ID297; aged 49 years; module 5]

Usage and Content
Email reminders were highly valued because they made women
feel guided and supported and provided them the opportunity
to ask questions via email. Other content-related facilitators
were the images, videos, audio fragments, download option,
and possibility to write down one’s personal goals. Barriers to
eHealth usage were named by a few participants: the lack of
overview of the website and the lack of overview of all
exercises. Others had problems in navigating through the
website, reading the website on their mobile phones, or logging
in repeatedly into their computers. An app would be more
accessible, according to several women. Other barriers were
the presence of a lot of text or redundancy and the need for more
visual support.

Effects
Women were encouraged to continue when they noticed a
positive effect on their incontinence symptoms; their ability to
contract the pelvic floor muscles; or other pelvic floor
symptoms, such as prolapse or urge incontinence. They also
said that they had gained knowledge, become more aware of
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their pelvic floor, and gained confidence. Having no
improvement was reported as a barrier by a few participants:

I gained self-confidence. It’s very nice to feel that I’m
partly back in control. [ID120; aged 61 years; module
8]

Overall, women appreciated that such a program was available,
urinary incontinence was getting attention, and the problem was
normalized; however, a woman said that using a website for
this problem had the effect of keeping it a taboo.

Discussion

Principal Findings
This study shows that eHealth for SUI was mainly used by
women who had never visited a health care professional for
PFMT or never performed PFMT before. Although adherence
to the exercises was high for all modules, most participants
(295/561, 52.6%) were low users. User groups differed in age
and their expected ability to train the pelvic floor muscles.
Reasons for nonusage attrition were problems with scheduling
and prioritizing PFMT in everyday life and with execution of
the exercises. Factors that were associated with high eHealth
usage were high age, previous PFMT, and high expectation of
being able to train the pelvic floor muscles. Further facilitating
factors for eHealth usage were clear explanation, stepwise setup,
guidance by email reminders, and self-management
opportunities. In contrast, its noncommittal character, absence
of personal contact, and high training frequency were hindering
factors.

Comparison With Previous Studies
This study indicates that eHealth fulfills a need for women who
would not turn elsewhere to deal with this problem, as reflected
by two-thirds of the participants (340/553, 61.5%) who had
never contacted a health care professional before. Reasons for
not seeking help for this problem are well studied and often
related to shame and to not recognizing SUI as a treatable
problem [10-12]. eHealth fills this gap by supplying a
self-management tool that increases access to care. It is known
that some women prefer eHealth because it allows them to take
a first step before seeking help and that most eHealth
participants have not had treatment before they start [13,21].

In accordance with eHealth for other conditions, this study
reports a high nonusage attrition rate, with an initial rapid
decline and a remaining group of steady users [24,36]. Some
women in this study reported that they stopped using the
intervention because the training has an early positive effect on
their symptoms. Other reasons for nonusage attrition in this
study have also been reported as barriers by other studies
evaluating the usage of eHealth for urinary incontinence [18-21].
These barriers are adherence challenges and problems in
integrating PFMT into everyday life. The current version of the
intervention addresses this by providing suggestions on how to
fit the exercises into daily life, such as setting an alarm or
incorporating the exercises into daily routines. Several women
said that a mobile app would be more accessible and push
messages on a telephone could increase usage and adherence.
Another reason for abandoning the program consisted of

problems with executing and insecurity about correct training,
which matches our findings suggesting that previous experience
with PFMT facilitates eHealth usage. As most participants
(399/557, 71.6%) did not perform PFMT before, they were
unable to depend on previous experiences, which may have
contributed to the high nonusage attrition figure. These women
may profit from more intensive (digital) contact with a health
care professional throughout the eHealth program. This contact
can be achieved either through digital or physical consultations
on several, time fixed moments. Finally, it could be that some
women start out of curiosity and lose their interest early [17].
Future studies could investigate log-in data on the views per
webpage to provide insight into attractive eHealth ingredients,
which could lead to further improvements.

A remarkable finding is that high age (>50 years) is associated
with high usage of eHealth for urinary incontinence. This shows
that women with SUI who are aged >50 years are better
candidates for using an eHealth program. This is not consistent
with previous findings, in which clinicians were concerned
about the suitability of eHealth for older people owing to their
low access to technology [37,38]. GPs thought that eHealth was
more beneficial for young women with SUI because the burdens
of time-consuming jobs and childcare would prevent them from
visiting a health care professional [38]. Nevertheless, a recent
study confirmed our findings by showing that women who were
recruited through social and conventional media, for
participation in an app-based intervention for urinary
incontinence, were old compared with those who were recruited
through their GP [39]. This indicates that concerns by GPs are
incorrect because eHealth is suitable for older women also and
that attention is needed before clinicians exclude women from
participation. We hypothesize that women aged >50 years have
few conflicts in everyday life that prevent them from continuing
treatment. Another explanation could be that older women prefer
eHealth treatment to be delivered via a website instead of a
mobile app, which was also found by others [40,41]. This
eHealth intervention was not mobile friendly, which was also
mentioned by several women who said that it was hard to view
the website on their mobile phone. If readability on a mobile
phone is improved, young women may be encouraged to
continue usage.

Finally, this study underlines the importance of paying attention
to people’s expectations about their ability to execute the
exercises. Having high expectations is associated with high
eHealth usage. Although the question about the expected ability
to perform PFMT is not a validated question for assessing
self-efficacy, it approximates it. Self-efficacy is defined as
“people’s beliefs about their capabilities to produce effects”
[42]. It is known that self-efficacy expectations and attitudes to
exercise are determinants of adherence to PFMT [26]. Our
previous study already showed that women need a certain degree
of self-efficacy to adopt the eHealth intervention for SUI [21].
In this study, one can argue whether the assessed difference in
expectations about PFMT between low and high users is
clinically relevant. However, studies on eHealth for urinary
incontinence confirm our finding by showing that high
expectations about treatment and self-rated ability to perform
PFMT are determinants for treatment success [31,43]. Therefore,
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it is important for women to have a sense of confidence before
the start of the eHealth intervention. This can be achieved either
by health care professionals or by improvements in the eHealth
intervention itself. Currently, the intervention starts with plain
information about the effectiveness of the intervention and about
goal setting options, and encouraging phrases in email reminders
are used to stimulate adherence. Improving self-efficacy can be
effectively achieved by including positive suggestions about
eHealth before and during participation [44]. When GPs refer
to eHealth, they need to enhance the women’s confidence in
performing PFMT with web-based training and emphasize their
ability as part of motivational interviewing [26].

Strengths and Limitations
A major strength of this study is that it focuses on eHealth
intervention usage for urinary incontinence in a real-world
setting rather than in a trial setting. It is known that adherence
and nonusage attrition differ for users of open access websites
versus users of websites in an RCT [36]. Participants in this
study had to register and complete at least the baseline survey
but did not have to follow a strict research protocol, which
simulated real-life usage more accurately. Another strength is
that we categorized user groups based on 2 log parameters and
used the term intended use, both highly recommended [33,45].
Using a mixed methods design enabled us to seek explanations
for findings from quantitative analyses from the qualitative data,
such as reasons for nonusage attrition.

A limitation of this study is that its generalizability may be
restricted owing to the low proportion of participants with low
education in contrast to the general Dutch population (9% vs
29%) [46]. Previous studies on eHealth for urinary incontinence
showed that most participants were highly educated [13,15,16],

possibly because eHealth users are generally more literate [41].
Another limitation is that adherence to PFMT exercises was
assessed using self-reported training reports, which may have
affected data validity because participants had to complete them
before they gained access to the next module. However, the
adherence to PFMT for every module was approximately 60%,
and this is consistent with adherence rates to regular PFMT,
which is estimated to be 64% [26]. Finally, the log-in data could
have been affected by 2 aspects. First, some women may have
trained offline because it was possible to download the training.
Second, for research purposes, access to the intervention was
restricted to 3 months. If no download option were included or
more time were provided, numbers in the intermediate or high
user groups may have increased.

Conclusions
This study shows that eHealth fulfills a need for women with
SUI who have never received treatment before. Although
adherence to PFMT was high for every module, most
participants stopped prematurely because it was difficult for
them to integrate training into their everyday lives. High usage
is more likely among women aged >50 years, those who
received previous PFMT, and those with high expected ability
to train the pelvic floor muscles. Knowledge about these user
characteristics can guide clinicians and correct possible
misunderstandings about the suitable target population for this
intervention. Furthermore, strategies for reinforcing expectations
and self-efficacy are important to upscale eHealth usage. Paying
attention to people’s need for personal contact is also important;
including digital methods for communicating with a health care
professional or implementing eHealth into primary care (blended
care) can enhance personal contact.
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GP: general practitioner
ICIQ LUTS-QoL: International Consultation on Incontinence Questionnaire for Lower Urinary Tract
Symptoms–Quality of Life
ICIQ-UI SF: International Consultation on Incontinence Questionnaire–Urinary Incontinence Short Form
OR: odds ratio
PFMT: pelvic floor muscle training
RCT: randomized controlled trial
SUI: stress urinary incontinence
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Abstract

Background: An automated virtual reality cognitive therapy (gameChange) has demonstrated its effectiveness to treat agoraphobia
in patients with psychosis, especially for high or severe anxious avoidance. Its economic value to the health care system is not
yet established.

Objective: In this study, we aimed to estimate the potential economic value of gameChange for the UK National Health Service
(NHS) and establish the maximum cost-effective price per patient.

Methods: Using data from a randomized controlled trial with 346 patients with psychosis (ISRCTN17308399), we estimated
differences in health-related quality of life, health and social care costs, and wider societal costs for patients receiving virtual
reality therapy in addition to treatment as usual compared with treatment as usual alone. The maximum cost-effective prices of
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gameChange were calculated based on UK cost-effectiveness thresholds. The sensitivity of the results to analytical assumptions
was tested.

Results: Patients allocated to gameChange reported higher quality-adjusted life years (0.008 QALYs, 95% CI –0.010 to 0.026)
and lower NHS and social care costs (–£105, 95% CI –£1135 to £924) compared with treatment as usual (£1=US $1.28); however,
these differences were not statistically significant. gameChange was estimated to be worth up to £341 per patient from an NHS
and social care (NHS and personal social services) perspective or £1967 per patient from a wider societal perspective. In patients
with high or severe anxious avoidance, maximum cost-effective prices rose to £877 and £3073 per patient from an NHS and
personal social services perspective and societal perspective, respectively.

Conclusions: gameChange is a promising, cost-effective intervention for the UK NHS and is particularly valuable for patients
with high or severe anxious avoidance. This presents an opportunity to expand cost-effective psychological treatment coverage
for a population with significant health needs.

Trial Registration: ISRCTN Registry ISRCTN17308399; https://www.isrctn.com/ISRCTN17308399

International Registered Report Identifier (IRRID): RR2-10.1136/bmjopen-2019-031606

(J Med Internet Res 2022;24(11):e39248)   doi:10.2196/39248

KEYWORDS

gameChange; virtual reality; National Health Service; NHS; cost-effectiveness; economic evaluation; maximum price

Introduction

Background
There are recognized challenges for health services providing
evidence-based psychological therapies such as cognitive
behavioral therapy (CBT) to patients diagnosed with psychosis
[1]. There is a shortage of trained therapists in these approaches,
and there are also issues of adherence and competence in
therapists’delivery of current evidence-based approaches [2,3].
The latest evidence indicates that psychosis affects
approximately 0.7% of the people in the United Kingdom [4].

An automated virtual reality (VR) therapy (gameChange) was
therefore recently trialed to help patients diagnosed with
psychosis to re-engage with everyday situations avoided because
of anxiety [5,6]. A digital coach guides the patient through the
6-session program. The automated therapy is supported by peer
support workers, assistant psychologists, or clinical
psychologists, enabling a much wider workforce to deliver the
intervention than CBT therapists alone. The gameChange
intervention led to significant reductions in anxious avoidance
of, and distress in, everyday situations compared with treatment
as usual (TAU) alone [6]. The largest treatment benefits were
seen for patients with high or severe agoraphobic avoidance,
with a corresponding clinical recommendation that these patients
are prioritized within any future implementation of gameChange
[6].

Nevertheless, for an intervention to be implemented in
resource-constrained health systems such as the UK National
Health Service (NHS), evidence of clinical benefit must be
supplemented by evidence supporting a new intervention’s
cost-effectiveness. This requires an intervention to be assessed
using a generalizable set of economic methods that can compare
the relative value of interventions across different clinical areas.
This determines whether a new intervention is a cost-effective
investment for the health system compared with all other
potential uses of its resources.

In the United Kingdom, before a new intervention’s
implementation in the NHS, the intervention’s cost-effectiveness
is assessed by the National Institute for Health and Care
Excellence (NICE) for England and Northern Ireland, the
Scottish Medicines Consortium, and Health Technology Wales.
Interventions are typically considered to be cost-effective (and
therefore eligible for implementation) if they are shown to
improve length of life and health-related quality of life at a cost
lower than £20,000 to £30,000 (£1=US $1.28) per
quality-adjusted life year (QALY) gained compared with usual
care [7,8].

Although several mobile, internet, and VR CBT approaches
have been previously developed and shown to be effective to
varying degrees [9,10], the cost-effectiveness of only a handful
of these therapies has been tested [11-15]. The economic value
of only 1 VR CBT intervention has previously been tested in a
population with psychosis [13], a nonautomated therapy
delivered by psychologists with CBT training. By contrast,
gameChange has the potential to reduce demand on clinical
psychologists’ time, with its automated delivery by nonspecialist
staff likely to reduce pressure on treatment waiting lists and
increase rates of psychological treatment.

Objectives
Our study examined the potential economic value of providing
gameChange to patients with psychosis in the UK NHS. We
used randomized controlled trial data to estimate the difference
in health-related quality of life and use of NHS and wider
societal resources for patients who received gameChange in
addition to TAU compared with TAU alone. On the basis of
the QALY thresholds of £20,000 to £30,000, we estimated a
maximum cost-effective price for the gameChange intervention,
especially for (largely housebound) patients with substantial
agoraphobic avoidance who had been shown to experience the
greatest clinical benefits [6].
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Methods

Estimating Economic Value
We used UK national cost-effectiveness thresholds of £20,000
to £30,000 per QALY [8] to estimate the maximum
cost-effective price for the gameChange intervention per patient
treated for the UK health system. We compared differences in
QALYs, health and social care costs, and wider societal costs
between patients in the treatment and control arms of the
gameChange trial to estimate the maximum price the UK health
care system would be willing to pay for the gameChange
intervention [16,17]. As gameChange is a new intervention, its
pricing structure is currently unknown. This paper therefore
presents a range of scenarios where gameChange may be
implemented and the maximum cost-effective price that could
be paid for an individual’s treatment with gameChange, given
the health benefits observed in the trial. We present maximum
cost-effective prices of the intervention at the lower bound and
upper bound of the UK agencies’ willingness to pay for health
at £20,000 per QALY and £30,000 per QALY, respectively.

Data and Analysis
We estimate the costs and health outcomes of patients
randomized to receive gameChange plus TAU compared with
TAU alone. The gameChange trial recruited patients of NHS
services with self-reported difficulties going outside because
of anxiety who also had a clinical diagnosis of schizophrenia
spectrum disorder or an affective diagnosis with psychotic
symptoms.

Between July 25, 2019, and May 7, 2021, a total of 346 trial
participants with a mean age of 37.2 (SD 12.5) years across 5
trial sites were randomized to receive the gameChange
intervention (n=174, 50.3%) or TAU (n=172, 49.7%). Of the
346 patients, 232 (67.1%) were male and were recruited from
3 types of psychiatric services: early intervention (n=133,
38.4%), community mental health (n=209, 60.4%), and inpatient
services (n=4, 1.2%). TAU typically comprised a prescription
of antipsychotic medications, regular visits from a community
mental health worker, and occasional psychiatric outpatient
appointments. The gameChange intervention consisted of an
automated VR cognitive therapy delivered in approximately 6
sessions of 30 minutes each over 6 weeks. The therapy aims
for participants to relearn safety by undertaking repeated
behavioral experiments in one of six VR social situations: a
café, a general practitioner (GP) waiting room, a pub, a bus, the
front door of a home, and a small local shop. Participants
selected virtual tasks to complete of a graded level of social
difficulty, with participants progressing through tasks with
different levels of difficulty during their therapy. Full
demographic information of trial participants, details of the
intervention, and the outcomes collected are reported in depth
elsewhere [5,6].

Health Economic Data Collection
Resource use data were collected for each participant in the trial
using questionnaires at baseline, at 6 weeks (end of VR therapy
for those allocated), and at 6 months after randomization.

Costs

Health and Social Service Contacts

Participants recorded the frequency of their use of health and
social care services using a client service receipt inventory
self-report questionnaire adapted from previous psychiatric
research at their baseline, 6-week, and 6-month interviews with
trial research assistants [18]. Recorded service use consisted of
GP contacts; contacts with psychiatrists, therapists, or
community mental health teams; hospitalizations, including
accident and emergency department visits or outpatient
appointments; and use of paid help from NHS or social care
services. Resource use was multiplied by unit costs (Table S1
in Multimedia Appendix 1) to estimate costs at each follow-up
period. Hospital admissions were converted into an appropriate
health care resource group, conditional on reason for admission,
and valued using 2019-20 NHS reference costs [19]. Any length
of stay beyond the health care resource group trim point was
costed as excess bed days reported in 2017-18 NHS reference
costs [20], inflated to the 2019 price level using the NHS
pay-and-price index [21]. Admissions to mental health inpatient
wards were documented by the research team from medical
records and costed using NHS reference costs (Table S1 in
Multimedia Appendix 1).

Medications and Therapies

Information on participants’ psychotropic medications and
therapies was obtained by the trial team from medical record
data checks at each follow-up period. The cost of all
psychotropic medication prescribed during follow-up was
obtained by matching reported drugs and their dose to 2019
British National Formulary prices [22]. Recorded mental health
therapies were costed using a national database (Table S1 in
Multimedia Appendix 1) [21].

Criminal Justice Services and Informal Care

Participant questionnaires captured contacts with criminal justice
services (police contacts, nights spent in a prison cell or prison,
psychiatric assessments received while in custody, and criminal
or civil court appearances) and unpaid care received from family
or friends (employment status of carers, how often they received
help, and hours of care received). Table S2 in Multimedia
Appendix 1 reports the unit costs used to value contacts with
informal care and criminal justice services.

Health-Related Quality of Life
Participants completed 2 health-related quality-of-life
questionnaires—EQ-5D-5L and Recovering Quality of Life,
20-item version (ReQoL-20)—at baseline, 6 weeks, and 6
months. The EQ-5D-5L determines the self-reported health
status of each individual across 5 domains: mobility, self-care,
usual activities, pain or discomfort, and anxiety or depression.
Respondents were asked to choose one of five possible levels
for each domain that reflected their own health state today,
representing (1) no problems, (2) slight problems, (3) moderate
problems, (4) severe problems, or (5) extreme problems. Further
information on the EQ-5D-5L and its test-retest reliability is
provided elsewhere [23,24]. The descriptions of respondents’
health states were converted into EQ-5D utility scores [23] using
the Van Hout UK crosswalk approach to the EQ-5D-3L [25].
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An alternative EQ-5D-3L crosswalk [26] was investigated in
sensitivity analysis. The utility scores are truncated at 1 (full
health), with 0 representing death and negative values
representing states worse than death (where a person would
prefer to be dead than experience a given health state).

The ReQoL-20 questionnaire consists of 20 mental health
questions and 1 physical health question aimed at capturing
health status for mental health conditions [27]. Further
information on the ReQoL-20 questionnaire and its test-retest
reliability is provided elsewhere [28]. The responses to the
ReQoL-20 questionnaire were converted into ReQoL-20 utility
scores [29], with the same interpretation as the EQ-5D scores:
1 represents perfect health, 0 represents death, and negative
values represent states worse than death.

QALYs were calculated from health state utilities using the area
under the curve approach, with utilities averaged among the
time points from the baseline, 6-week, and 6-month
questionnaires [30]. We produced 2 sets of QALYs: one
informed by EQ-5D utilities (our base case) and a second one
informed by ReQoL-20 utility scores.

Missing Data
We followed best practice methods for addressing missing data
in cost-effectiveness studies [31]. Missing data on participant
characteristics at baseline were imputed using unconditional
mean imputation, and we used multiple imputation by chained
equations to impute missing data on EQ-5D scores, ReQoL-20
scores, and cost components at each follow-up time point. Full
details of the missing data strategy are presented in Multimedia
Appendix 1 (refer to the Missing Data and Complete Case
Analysis section).

Analysis

Overview
Our analysis took a 6-month time horizon in line with the
duration of the trial, meaning that health outcomes and costs
were calculated for a duration of 6 months. Costs and health
outcomes were therefore not discounted, given the short time
horizon of the trial. The analysis follows intention-to-treat
principles and takes 2 perspectives: first, an NHS and personal
social services (PSS) perspective and, second, a societal
perspective incorporating NHS and PSS costs and wider costs
of criminal justice contacts, informal caregiving, and private
health care expenditure. NICE’s preferred base case for
estimating cost-effectiveness requires an NHS and PSS
perspective and uses QALYs calculated using the EQ-5D
measure [8]. Costs were analyzed at a 2019 price level,
representing the price level at the start of the trial. All analyses
were conducted using Stata (version 17.0; StataCorp LLC).

After multiple imputation, differences in costs between the
treatment and control arms at 6 weeks and 6 months were
calculated using multilevel mixed effects models, adjusted for
a patients’ recruitment site and psychiatric service at
randomization. The model included a time×treatment interaction,
where the follow-up time point was indicated as a categorical
variable. Cost differences between the arms over the whole trial
period were calculated from linear regression models, including

adjustment for patients’ recruitment site and psychiatric service
at randomization. Differences in QALYs between the arms were
calculated using the same methods, while additionally adjusting
for patients’ reported baseline utility scores. Estimates derived
from each imputed data set were combined using Rubin’s rules
[32].

Calculation of Maximum Cost-effective Price
We estimated the joint uncertainty around incremental total
costs and QALYs (ie, the difference between gameChange plus
TAU and TAU) by bootstrapping 1000 times from each of the
22 imputed data sets (creating at least 22,000 bootstraps),
running the estimation model on each bootstrapped data set,
and extracting the estimated treatment effects. The maximum
cost-effective price for the gameChange intervention was
estimated using the net monetary benefit framework at
cost-effectiveness thresholds of £20,000 per QALY and £30,000
per QALY. The net monetary benefit is the product of the mean
difference in QALYs and the threshold value (representing the
monetary value placed on QALY health gain by the UK health
system) minus the mean difference in costs.

Investigating the Value of Targeting Therapy
Patients with more severe anxious avoidance and distress, as
defined by their baseline Oxford Agoraphobic Avoidance Scale
(OAS) scores [33], were found to have the greatest improvement
in anxious avoidance of, and distress in, everyday situations
between the trial arms [6]. Hence, we estimated the maximum
cost-effective price for the gameChange intervention when
targeted to patients with high or severe anxious avoidance or
distress, as defined by their baseline OAS scores.

As avoidance and distress scores were calculated separately,
we investigated 4 scenarios using each baseline measure
individually, and in combination, with the intention to establish
the maximum cost-effective price of gameChange in those target
populations who stand the most chance to benefit from the
intervention.

Sensitivity Analyses
We examined the impact of excluding the patients recruited
from mental health inpatient services (4/346, 1.2%) who had
significantly higher health care costs than the wider patient
population. Furthermore, we examined the impact of using an
alternative EQ-5D crosswalk function—Hernández Alava et al
[26]—to estimate health utilities from patient responses to the
EQ-5D-5L survey, as opposed to the Van Hout crosswalk [25]
used in the main analysis. Finally, we repeated our main analysis
using only complete cases (ie, individuals with cost and outcome
data available in all time periods, without multiple imputation
for missing data).

Ethics Approval
The authors assert that all procedures contributing to this work
comply with the ethical standards of the relevant national and
institutional committees on human experimentation and with
the Helsinki Declaration of 1975, as revised in 2008. All
procedures involving human participants or patients were
approved by the NHS Research Ethics Committee (NHS South
Central-Oxford B Research Ethics Committee; 19/SC/0075).
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The trial was registered prospectively (ISRCTN17308399), and
the trial protocol has been published [5]. Written informed
consent was obtained from all participants.

Results

Missing Data
The percentages of missing data in each trial arm for resource
use, EQ-5D utilities, and ReQoL-20 utilities at each follow-up
point are presented in Table S3 in Multimedia Appendix 1. The
overall percentage of missing data across all items was 22%.
The levels of missing data were similar between the trial arms,
and no baseline characteristics were associated with the
probability of data being missing. Previous lagged utility values
were also not significantly associated with the probability of
utility or resource use data being missing. These results suggest
that it may be plausible to assume that data are missing
completely at random. As a sensitivity analysis, we therefore
present a complete case analysis without imputation for missing

data (Tables S4 and S5; Figures S1 and S2), replicating the
results of the main analysis that were derived from 22 multiply
imputed data sets.

Costs and Health-Related Quality of Life at Each
Follow-up Time Point
Table 1 presents multiply imputed costs for each category of
NHS and PSS costs by treatment allocation and follow-up
period, as well as adjusted mean differences, whereas Table 2
presents EQ-5D utility scores by treatment allocation at each
follow-up time point, and Table 3 presents ReQoL-20 utility
scores by treatment allocation at each follow-up time point.
Table S6 in Multimedia Appendix 1 presents available data
without imputation on reported resource use by treatment
allocation and follow-up period. Table S7 in Multimedia
Appendix 1 presents available data for utility values, and Table
S8 in Multimedia Appendix 1 presents available data for costs.
Tables S9 and S10 in Multimedia Appendix 1 present available
response-level data for the EQ-5D survey and ReQoL-20 survey,
respectively.

Table 1. Period costs by treatment allocation at each follow-up time point after multiple imputation (£1=US $1.28; N=346).a

6 weeks to 6 monthsBaseline to 6 weeks

Adjusted mean differ-
ence (95% CI), £

TAU (n=172),
mean (SE), £

gC+TAU (n=174),
mean (SE), £

Adjusted mean differ-
ence (95% CI), £

TAU (n=172),
mean (SE), £

gCb+TAUc (n=174),
mean (SE), £

–36 (–694 to 622)1564 (414)1831 (435)–81 (–734 to 572)638 (117)860 (205)Total NHSd and

PSSe costs

–124 (–703 to 455)551 (384)703 (388)–116 (–696 to 463)105 (105)265 (157)Mental health inpa-
tient stays

141 (–70 to 352)11 (9)147 (120)74 (–137 to 285)23 (23)91 (91)Physical health in-
patient stays

37 (0 to 74)123 (14)168 (24)7 (–31 to 44)37 (5)51 (7)Medication costs

–3 (–19 to 13)44 (5)43 (8)–9 (–24 to 7)34 (5)28 (5)GPf visits

–136 (–285 to 13)383 (78)260 (35)–54 (–176 to 69)207 (35)166 (35)Psychiatrist visits

–34 (–80 to 12)121 (26)89 (21)2 (–43 to 48)17 (5)21 (7)Therapist visits

124 (36 to 212)229 (22)361 (53)16 (–63 to 96)162 (14)186 (25)Community mental
health

–14 (–33 to 4)28 (10)14 (4)–11 (–28 to 6)16 (7)5 (3)A&Eg visits

–16 (–42 to 10)51 (12)35 (9)–9 (–33 to 16)36 (8)27 (7)Outpatient care

–11 (–36 to 13)21 (12)10 (8)18 (–6 to 42)1 (1)19 (10)Paid help at home

aCost differences between the treatment arms were obtained from multilevel mixed effects models, adjusted for treatment allocation, randomized service,
and site.
bgC: gameChange.
cTAU: treatment as usual.
dNHS: National Health Service.
ePSS: personal social services.
fGP: general practitioner.
gA&E: accident and emergency.
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Table 2. EQ-5D utility scores by treatment allocation at each follow-up time point after multiple imputation (N=346).a

P valueAdjusted mean difference (95% CI)TAU (n=172), mean (SE)gCb+TAUc (n=174), mean (SE)EQ-5D data

N/AN/Ad0.545 (0.020)0.538 (0.021)Baseline

.300.026 (–0.023 to 0.075)0.588 (0.022)0.608 (0.021)6 weeks

.780.007 (–0.043 to 0.057)0.568 (0.022)0.570 (0.023)6 months

aUtility differences between the treatment arms were obtained from multilevel mixed effects models, adjusted for treatment allocation, baseline utility,
randomized service, and site.
bgC: gameChange.
cTAU: treatment as usual.
dN/A: not applicable.

Table 3. Recovering Quality of Life, 20-item version (ReQoL-20), utility scores by treatment allocation at each follow-up time point after multiple

imputation (N=346).a

P valueAdjusted mean difference (95% CI)TAU (n=172), mean (SE)gCb+TAUc (n=174), mean (SE)ReQoL-20 data

N/AN/Ad0.746 (0.015)0.733 (0.016)Baseline

.280.021 (–0.017 to 0.058)0.765 (0.017)0.779 (0.016)6 weeks

.56–0.012 (–0.051 to 0.028)0.792 (0.014)0.774 (0.017)6 months

aA time×treatment interaction was included in both models, where the follow-up time point was used as a categorical variable.
bgC: gameChange.
cTAU: treatment as usual.
dN/A: not applicable.

There were no significant differences in multiply imputed NHS
and PSS costs between the arms at 6 weeks or at 6 months. The
cost of mental health inpatient stays was the largest driver of
total NHS and PSS costs across both time periods. Participants
receiving gameChange plus TAU reported higher health utility
values measured using both the ReQoL-20 and the EQ-5D
questionnaires at 6 weeks, although this did not reach statistical
significance. However, at 6 months, the EQ-5D utility score
indicated little difference between the arms, and the adjusted
mean difference in the ReQoL-20 utility score indicated slightly
higher utility in the control arm.

Costs and Health Outcomes Over the Whole Trial
Period
Table 4 presents QALYs calculated using EQ-5D and ReQoL-20
utilities alongside NHS and PSS as well as societal costs for
the whole 6-month trial period.

There were small nonsignificant improvements in incremental
QALYs for the intervention arm compared with the control arm,

as measured by both health-related quality-of-life instruments.
Incremental QALYs calculated using EQ-5D scores indicated
a larger improvement of 0.008 QALYs (95% CI –0.010 to 0.026)
for those allocated to gameChange plus TAU compared with
using ReQoL-20 scores, which resulted in a gain of 0.003
QALYs (95% CI –0.011 to 0.017) compared with TAU.

No significant differences in costs were detected between the
trial arms. The adjusted mean difference indicated slightly lower
total NHS and PSS costs for the treatment arm compared with
the control arm (–£105, 95% CI –£1135 to £924). This reduction
was driven by the adjusted mean difference in the cost of NHS
mental health inpatient care (–£240, 95% CI –£1098 to £617),
with all other NHS and PSS cost categories indicating slightly
increased mean incremental costs for the treatment arm.

From a societal perspective, cost differences between the trial
arms were much larger, with an adjusted cost reduction of
–£1731 (95% CI –£3886 to £424) in the intervention arm. This
was driven by substantially lower costs of informal care for the
treatment arm compared with the control arm.
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Table 4. Quality-adjusted life years (QALYs) and health care and societal costs at 6 months after multiple imputation (£1=US $1.28).a

Adjusted difference between arms, mean (95% CI)TAU only, mean (SE)gCb+TAUc, mean (SE)

0.008 (–0.010 to 0.026)0.288 (0.009)0.293 (0.010)QALYs, EQ-5D

0.003 (–0.011 to 0.017)0.388 (0.006)0.387 (0.007)QALYs, ReQoL-20d

–240 (–1098 to 617)657 (484)969 (517)Cost of mental health admissions (NHSe), £

44 (–20 to 107)160 (17)220 (30)Medication costs (NHS), £

84 (–435 to 603)1356 (117)1476 (237)General health care costs (NHS), £

7 (–30 to 45)22 (12)31 (15)Paid help costs (NHS and PSSf), £

–105 (–1135 to 924)2194 (515)2695 (619)Total NHS and PSS costs, £

38 (–0 to 77)2 (2)42 (20)Criminal justice costs, £

–1576 (–3432 to 280)4403 (860)2839 (400)Unpaid caregiving (societal costs), £

–88 (–149 to –26)135 (30)58 (15)Total private health care costs, £

–1731 (–3886 to 424)6733 (993)5634 (763)Total societal costs, £

aCost differences between the treatment arms were obtained from a linear regression model, adjusted for treatment allocation, randomized service, and
site. Differences in quality-adjusted life years between the treatment arms were obtained from a linear regression model, adjusted for treatment allocation,
baseline utility, randomized service, and site.
bgC: gameChange.
cTAU: treatment as usual.
dReQoL-20: Recovering Quality of Life, 20-item version.
eNHS: National Health Service.
fPSS: personal social services.

Calculation of Maximum Cost-effective Price
Table 5 reports the maximum cost-effective price for the
gameChange intervention for the whole trial population. Taking
an NHS and PSS perspective and using QALYs calculated using
the EQ-5D, the gameChange intervention could cost up to £341
per patient at the upper NICE willingness-to-pay threshold of
£30,000 per QALY. Using ReQoL-20 utilities to calculate
QALYs, the gameChange intervention could cost up to £193
per patient from the NHS and PSS perspective at the same
£30,000 per QALY cost-effectiveness threshold. At the lower
national cost-effectiveness threshold of £20,000 per QALY, the
maximum value of gameChange was £262 per patient calculated
using EQ-5D QALYs or £164 per patient calculated using
ReQoL-20 QALYs.

When considering the intervention’s impact on wider societal
costs beyond the NHS and social care system, the maximum
cost-effective price of gameChange was greater. At the upper
cost-effectiveness threshold of £30,000 per QALY, gameChange
could cost up to £1967 per patient using QALYs calculated
using EQ-5D utilities or up to £1819 per patient using QALYs
calculated using ReQoL-20 utilities. Using a threshold of
£20,000 per QALY, the maximum cost was £1888 per patient
using EQ-5D QALYs or £1790 per patient using ReQoL-20
QALYs.

The probability that gameChange is cost-effective at a range of
prices is presented in Figure 1, whereas uncertainty surrounding
the calculations of mean costs and effects is presented in Figure
S3 in Multimedia Appendix 1.
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Table 5. Maximum cost-effective prices of gameChange using EQ-5D and ReQoL-20 utilities after multiple imputation (£1=US $1.28).a

Maximum cost-effective price threshold:
£30,000 per QALY

Maximum cost-effective price threshold:

£20,000 per QALYb
Costing perspective and utilities used

341262Total NHSc and PSSd costs (per NICEe guidance), £, using EQ-
5D utilities (per NICE guidance)

193164Total NHS and PSS costs (per NICE guidance), £, using ReQoL-
20 utilities

19671888Total societal costs, £, using EQ-5D utilities (per NICE guidance)

18191790Total societal costs, £, using ReQoL-20 utilities

aThe maximum cost-effective price of the gameChange intervention is estimated at the lower bound and upper bound of UK willingness to pay for
health interventions at £20,000 per quality-adjusted life year and £30,000 per quality-adjusted life year, respectively. This represents the maximum
price that can be charged for a patient’s gameChange treatment that remains cost-effective at the lower and upper bounds of the cost-effectiveness
threshold.
bQALY: quality-adjusted life year.
cNHS: National Health Service.
dPSS: personal social services.
eNICE: National Institute for Health and Care Excellence.

Figure 1. Uncertainty surrounding the maximum cost-effective price for the gameChange intervention after multiple imputation. Lines represent the
maximum cost-effective price of gameChange for the UK National Health Service (NHS) at the National Institute for Health and Care Excellence
cost-effectiveness threshold (between £20,000 and £30,000 per quality-adjusted life year [QALY]; £1=US $1.28). The dotted line represents the maximum
cost-effective price of the gameChange intervention at the lower bound of the cost-effectiveness threshold (λ=£20,000 per QALY), whereas the solid
line represents the maximum cost-effective price of the gameChange intervention at the upper bound of the cost-effectiveness threshold (λ=£30,000
per QALY). ReQoL-20: Recovering Quality of Life, 20-item version.

Investigating the Value of Targeting Therapy
Tables 6 and 7 show that more than half of the trial population
were identified as having high or severe anxious avoidance
(189/346, 54.6%) or distress (223/346, 64.5%) at baseline,
measured using the OAS. Targeting gameChange to this patient
group substantially increased the intervention’s economic value.

The maximum cost-effective price of gameChange was highest
for patients with high or severe agoraphobic avoidance. At a
cost-effectiveness threshold of £30,000 per QALY, gameChange
could cost up to £877 per patient from an NHS and PSS
perspective using EQ-5D utilities or £670 per patient using
ReQoL-20 utilities. At this threshold, from a societal
perspective, gameChange could cost up to £3073 per patient
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using EQ-5D QALYs or £2866 per patient using ReQoL-20
QALYs. The probability that gameChange is cost-effective at

a range of prices is shown for each stratified scenario in Figure
S4 in Multimedia Appendix 1.

Table 6. Maximum cost-effective price of gameChange (gC) in subgroups stratified by Oxford Agoraphobic Avoidance Scale scores after multiple

imputation using the EQ-5D quality-of-life measure (£1=US $1.28; N=346).a

Maximum cost-effective
price, £

Incremental cost (95% CI), £Incremental QALYc (95% CI)TAU, n
(%)

gC+TAUb,
n (%)

λ=30,000
per QALY

λ=20,000
per QALY

NHSd and PSSe perspective

341262–105 (–1135 to 924)0.008 (–0.010 to 0.026)172 (49.7)174 (50.3)Overall sample

877663–235 (–1986 to 1515)0.021 (–0.004 to 0.046)99 (57.6)90 (51.7)High or severe avoidance

472374–178 (–1683 to 1327)0.010 (–0.015 to 0.035)117 (68)106 (60.9)High or severe distress

532387–98 (–1450 to 1255)0.014 (–0.008 to 0.037)126 (73.3)124 (71.3)High or severe avoidance
or distress

844684–365 (–2399 to 1670)0.016 (–0.012 to 0.044)90 (52.3)72 (41.4)High or severe avoidance
and distress

Societal perspective

19671888–1731 (–3886 to 424)0.008 (–0.010 to 0.026)172 (49.7)174 (50.3)Overall sample

30732859–2431 (–6005 to 1142)0.021 (–0.004 to 0.046)99 (57.6)90 (51.7)High or severe avoidance

23952297–2101 (–5247 to 1045)0.010 (–0.015 to 0.035)117 (68)106 (60.9)High or severe distress

25712426–2137 (–5014 to 741)0.014 (–0.008 to 0.037)126 (73.3)124 (71.3)High or severe avoidance
or distress

27942634–2314 (–6398 to 1769)0.016 (–0.012 to 0.044)90 (52.3)72 (41.4)High or severe avoidance
and distress

aThe maximum cost-effective price of the gameChange intervention is estimated at the lower (£20,000 per quality-adjusted life year) and upper (£30,000
per quality-adjusted life year) bounds of the UK cost-effectiveness threshold (λ), representing the willingness to pay for health interventions. The
maximum cost-effective price represents the maximum price that can be charged for a patient’s virtual reality therapy that remains cost-effective at the
lower and upper bounds of the cost-effectiveness threshold.
bTAU: treatment as usual.
cQALY: quality-adjusted life year.
dNHS: National Health Service.
ePSS: personal social services.
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Table 7. Maximum cost-effective price of gameChange (gC) in subgroups stratified by Oxford Agoraphobic Avoidance Scale scores after multiple
imputation using the Recovering Quality of Life, 20-item version, measure (£1=US $1.28; N=346).a

Maximum cost-effective
price, £

Incremental cost (95% CI), £Incremental QALYc (95% CI)TAU, n
(%)

gC+TAUb,
n (%)

λ=30,000
per QALY

λ=20,000
per QALY

NHSd and PSSe perspective

193164–105 (–1135 to 924)0.003 (–0.011 to 0.017)172 (49.7)174 (50.3)Overall sample

670525–235 (–1986 to 1515)0.014 (–0.007 to 0.036)99 (57.6)90 (51.7)High or severe avoidance

271240–178 (–1683 to 1327)0.003 (–0.016 to 0.022)117 (68)106 (60.9)High or severe distress

336257–98 (–1450 to 1255)0.008 (–0.010 to 0.026)126 (73.3)124 (71.3)High or severe avoidance
or distress

620535–365 (–2399 to 1670)0.009 (–0.014 to 0.031)90 (52.3)72 (41.4)High or severe avoidance
and distress

Societal perspective

18191790–1731 (–3886 to 424)0.003 (–0.011 to 0.017)172 (49.7)174 (50.3)Overall sample

28662721–2431 (–6005 to 1142)0.014 (–0.007 to 0.036)99 (57.6)90 (51.7)High or severe avoidance

21942163–2101 (–5247 to 1045)0.003 (–0.016 to 0.022)117 (68)106 (60.9)High or severe distress

23752296–2137 (–5014 to 741)0.008 (–0.010 to 0.026)126 (73.3)124 (71.3)High or severe avoidance
or distress

25702485–2314 (–6398 to 1769)0.009 (–0.014 to 0.031)90 (52.3)72 (41.4)High or severe avoidance
and distress

aThe maximum cost-effective price of the gameChange intervention is estimated at the lower (£20,000 per quality-adjusted life year) and upper (£30,000
per quality-adjusted life year) bounds of the UK cost-effectiveness threshold (λ), representing the willingness to pay for health interventions. The
maximum cost-effective price represents the maximum price that can be charged for a patient’s virtual reality therapy that remains cost-effective at the
lower and upper bounds of the cost-effectiveness threshold.
bTAU: treatment as usual.
cQALY: quality-adjusted life year.
dNHS: National Health Service.
ePSS: personal social services.

Sensitivity Analyses
The results of a sensitivity analysis excluding the participants
randomized from inpatient services (4/346, 1.2%) from the
analysis sample are presented in Tables S11 to S13 in
Multimedia Appendix 1. Table S11 in Multimedia Appendix 1
shows that these patients have notably higher average costs.
Excluding these participants from the study sample had a
substantial impact, reducing the maximum cost-effective price
that could be charged for gameChange across all scenarios.
Table S13 and Figure S5 in Multimedia Appendix 1 show, from
an NHS perspective, that gameChange was cost-effective only
when targeted to those with a high or severe OAS avoidance
score. From a societal perspective, gameChange was
nevertheless cost-effective for all patient groups.

A separate sensitivity analysis changed the EQ-5D mapping
used to estimate EQ-5D utilities, which had a small impact on
the results (Table S14 in Multimedia Appendix 1 [26]; Figure
S6 in Multimedia Appendix 1 [26]), slightly reducing the
maximum cost-effective price that could be charged for
gameChange across all scenarios considered.

Tables S4 and S5 in Multimedia Appendix 1 and Figures S1
and S2 in Multimedia Appendix 1 present results from a

complete case analysis, without imputation for missing data.
The results from the complete case analysis indicate slightly
larger QALY differences between the arms in favor of
gameChange compared with the multiply imputed analysis;
however, there were also slightly lower reductions in costs.
Nevertheless, the maximum cost-effective prices of gameChange
are similar to the main findings from the multiply imputed
analysis. The complete case analysis showed slightly less
differentiation between the maximum cost-effective prices for
the whole sample and the maximum cost-effective prices for
patients with high or severe OAS avoidance or distress scores.

Discussion

Principal Findings
The gameChange intervention is likely to be of economic value
to the health system, particularly when the intervention is
targeted to those with high or severe anxious avoidance. This
is the first study to assess the economic value of an automated
VR therapy and demonstrates its potential value to a
resource-constrained health system. This corroborates the
findings of the single prior published randomized study that
established the short-term economic value of VR CBT in a
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population with psychosis in the Netherlands [13]. The prior
research investigated use of a nonautomated therapy that
nevertheless required substantially greater therapist involvement
over 16 supervised sessions, each lasting for 1 hour, compared
with the automated therapy trialed in gameChange, where
participants undertook a maximum of 6 VR sessions, each
lasting for 30 minutes. Future research is required to establish
the long-term value of both therapies within each health system
because both trials only investigated quality-of-life and cost
impacts of their VR intervention over a total follow-up of 6
months. It is critical to understand whether patients in receipt
of VR therapies may also have improved quality of life or
reduced health care costs beyond the time period of either trial,
which would increase the long-term value of these interventions
to the health system.

Over the 6-month trial period, the gameChange intervention is
of particular value when considering a societal perspective,
accounting for wider benefits beyond the health and social care
system. A societal perspective is highly relevant to this patient
population, who can struggle with everyday social functioning,
which affects their ability to work, buy groceries, or speak with
those outside their direct network. This patient group often relies
on trusted friends and family to fulfill their needs, sometimes
requiring significant support, which in turn affects the ability
of their unpaid carers to fully contribute to society. This justifies
consideration of a societal perspective when establishing the
potential economic value of the gameChange intervention.

This study is based on the largest randomized trial of VR therapy
to date, which collected data on many economic aspects relevant
to the mental health condition studied. Our study was able to
collect high-quality economic data from validated survey
instruments that provide a robust assessment of changes in
quality-of-life and patient costs over the 6-month trial follow-up.
In particular, the diligence of the gameChange trial’s research
assistant interviewers helped to minimize reporting bias in
participant self-reported surveys of health and social care use,
and information on medication use and mental health inpatient
stays was directly collected from medical records and reviewed
alongside clinical colleagues to ensure the accuracy of our cost
data.

In our analysis, we calculate the potential economic value of
gameChange, given its impact on health-related quality of life
and in offsetting costs of health and social care use, as well as
wider societal costs. Therefore, the maximum cost-effective
prices we present represent the maximum potential cost per
patient to fully implement the gameChange intervention that
would remain a cost-effective use of health care resources. Total
implementation costs will include elements such as the staff
time required to administer therapy, hardware costs to purchase
VR devices, and software costs of obtaining user licenses to
access gameChange. These implementation costs will vary,
depending on how a local provider chooses to procure and
deliver the gameChange intervention. As such, local providers
are best able to determine whether their expected
implementation costs are below the maximum cost-effective
price we project for their intended population. One model of
delivery used in the gameChange trial involved an NHS band
4 staff member delivering the VR therapy predominantly at

participants’ homes. We estimated that using this
implementation model to deliver the entire trial caseload would
cost approximately £184 per patient. Nevertheless, we anticipate
that, with the decreasing cost and complexity of VR headsets,
many patients could be provided a device for a period of time
at home without requiring a staff member to be present at each
therapy session, with patients instead supported by regular
check-ins with mental health staff at lower cost.

Regarding hardware costs, the VR headsets used in the
gameChange trial (HTC Vive Pro) have since been considerably
superseded, with the hardware cost of VR headsets continuing
to rapidly decline. The cost of a VR headset in the United
Kingdom now stands at <£400, with a single device potentially
being used to treat multiple patients over its life span and per
patient prices therefore depending on expected local throughput.
Software license costs to grant use of gameChange are currently
locally determined, with costs subject to individual negotiation
with the manufacturer. The maximum cost-effective prices we
show in this analysis therefore allow individual health care
providers to calculate whether the delivery model they intend
to roll out for their local population at current local costs would
represent a cost-effective use of health care resources in line
with national UK cost-effectiveness guidelines. We believe that
this approach maximizes transparency for health care providers
looking to understand the value of implementing gameChange
in their local population.

Limitations
Our study includes a number of limitations. First, data on trial
participants’ employment status could not be used because this
data collection ceased in March 2020 at the start of the
COVID-19 pandemic, which prevented us from capturing any
further societal benefits of the intervention. Second, we could
not control for the uneven impact of the COVID-19 pandemic
on our trial outcomes because of the small numbers of
participants who had completed 6-month follow-up before the
pandemic. We assume that the pandemic would increase
background levels of avoidance among all participants, while
also affecting routine service delivery; for example, fewer GP
appointments and mental health admissions being expected
particularly during the first COVID-19 wave when public
anxiety regarding COVID-19 and the potential infection risk
from their use of health services was running high. Third, the
results of a sensitivity analysis excluding trial participants
randomized from psychiatric inpatient services indicate that it
remains important to examine the value of gameChange for
patients across different psychiatric services in future research.
The small number of participants randomized from inpatient
services was a major driver of the potential economic value of
gameChange, with maximum cost-effective prices per patient
being reduced when excluding these participants from the target
population. This demonstrates the importance of adjusting for
psychiatric service at randomization in the main analysis because
substantially different cost and QALY profiles for participants
randomized from psychiatric inpatient services likely caused
skew to the mean costs and QALYs across all services.
Qualitative investigation of gameChange’s implementation in
inpatient services is currently underway [34]; however, the small
number of participants randomized from psychiatric inpatient
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services limited further analytical investigation from an
economic standpoint beyond the sensitivity analysis presented.

This study therefore gives health policy makers the health
economic information they require to consider whether brief
automated VR interventions such as gameChange should be
implemented in the UK NHS. Although gameChange is shown
to be economically valuable to society, its greatest value is likely
to be in its ability to be implemented widely. Cost-effective
interventions such as CBT and family therapy are already
recommended for use in the gameChange trial population;
however, only 4% (14/346) of the gameChange trial participants

reported having received ≥8 sessions of either therapy at time
of randomization into the trial. Because of the lack of
requirement for specialist therapists, gameChange is advantaged
in its potential to be cost-effective and implementable within
the UK NHS, particularly when delivered by a wider supply of
trained band 4 staff, which was a proven delivery method used
in the gameChange trial. The gameChange intervention thus
has the potential to reduce some resource pressures on the
limited supply of clinical psychologists and CBT therapists,
which makes gameChange potentially highly valuable to the
NHS, expanding the pool of cost-effective therapies available
for patients diagnosed with psychosis.
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Abstract

Background: Chronic diseases are the leading causes of death and disability. With the growing patient population and climbing
health care expenditures, researchers and policy makers are seeking new approaches to improve the accessibility of health
information on chronic diseases while lowering costs. Online health information sources can play a substantial role in effective
patient education and health communication. However, some contradictory evidence suggests that patients with chronic conditions
may not necessarily seek online health information.

Objective: This study aims to integrate 2 theories (ie, the health belief model and social support theory) and a critical health
literacy perspective to understand online health information seeking (OHIS) among patients with chronic conditions.

Methods: We used the survey method to collect data from online chronic disease communities and groups on social media
platforms. Eligible participants were consumers with at least 1 chronic condition and those who have experience with OHIS. A
total of 390 valid questionnaires were collected. The partial least squares approach to structural equation modeling was employed
to analyze the data.

Results: The results suggested that perceived risk (t=3.989, P<.001) and perceived benefits (t=3.632, P<.001) significantly
affected patients’ OHIS. Perceived susceptibility (t=7.743, P<.001) and perceived severity (t=8.852, P<.001) were found to
influence the perceived risk of chronic diseases significantly. Informational support (t=5.761, P<.001) and emotional support
(t=5.748, P<.001) also impacted the perceived benefits of online sources for patients. In addition, moderation analysis showed
that critical health literacy significantly moderated the link between perceived risk and OHIS (t=3.097, P=.002) but not the
relationship between perceived benefits and OHIS (t=0.288, P=.774).

Conclusions: This study shows that the health belief model, when combined with social support theory, can predict patients’
OHIS. The perceived susceptibility and severity can effectively explain perceived risk, further predicting patients’ OHIS.
Informational support and emotional support can contribute to perceived benefits, thereby positively affecting patients’ OHIS.
This study also demonstrated the important negative moderating effects of critical health literacy on the association between
perceived risk and OHIS.

(J Med Internet Res 2022;24(11):e42447)   doi:10.2196/42447
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Introduction

Background
Chronic diseases are the leading global causes of death and
disability. In the United States, 6 in 10 adults have 1 chronic
disease, and 4 in 10 adults live with 2 or more chronic conditions
[1]. According to the US Centers for Disease Control and
Prevention (CDC), chronic diseases account for 3.8 trillion
dollars in annual health care expenses in the United States [1].
In China, 3 chronic diseases (ie, cardiovascular diseases, cancer,
and chronic respiratory diseases) were responsible for 80.7%
of total deaths in 2019 [2]. Despite causing huge burdens,
chronic diseases are influenced by several risk factors (eg, poor
diet, physical inactivity, hyperlipidemia, and uncontrolled high
blood pressure) that are generally preventable and manageable
[3]. However, people living with chronic diseases often reported
limited knowledge of the causes and consequences of their
conditions [4]. Studies revealed that better informed patients
are more likely to manage their chronic conditions, prevent
exacerbations, and lower costs [5]. Due to the growing patient
population and climbing health care expenditures, researchers
and policy makers are seeking new approaches to improve the
accessibility of health information on chronic diseases while
lowering costs. Online health information sources can play a
substantial role in facilitating effective patient education and
health communication.

It is widely assumed that online health information seeking
(OHIS) plays a significant role in the health management of
patients with chronic diseases. Some evidence accords with this
notion. For example, Madrigal and Escoffery [6] found that
patients with chronic diseases are more likely to perform OHIS
than those who are healthy and that patients with chronic
diseases are more knowledgeable in OHIS. The phenomenon
may be explained by the fact that health information needs
trigger the OHIS process. Patients with chronic conditions have
more explicit information needs than general consumers,
including information on disease causes, lab testing results, and
coping strategies [7-9]. Online sources are more convenient and
accessible than formal health care services, so patients are
assumed to perform OHIS frequently.

However, some contradictory evidence suggests that patients
with chronic conditions may not necessarily seek health
information. For example, McCloud and colleagues [10]
conducted a mail-based survey in the United States and found
that 1 in 3 cancer survivors intentionally avoided cancer-related
information. Li et al [11] carried out a randomized field
experiment in China and revealed that people avoid information
on cancer and diabetes tests even when there is no monetary or
transaction cost. A recent metareview concluded that health
status is not a strong predictor of health information seeking
[12]. Therefore, aside from health information needs, research
questions of whether and why patients with chronic conditions
seek health information online remain unresolved.

The existing research has applied many well-established theories
to the portrayal of health behaviors among general consumers,
such as the health belief model (HBM), social support theory,
and health literacy. However, few attempts have been made to

integrate these theories to understand health information
behaviors comprehensively. Therefore, this paper aims to
integrate 2 long-standing theories (ie, the health belief model
and social support theory) and a critical health literacy
perspective to understand online health information seeking
among patients with chronic conditions.

Research Model and Hypotheses

OHIS Among Patients With Chronic Conditions
Patients with chronic conditions have long-term health
management demands; thus, many health experts call for patient
activation, an ideal state wherein patients know how to manage
their conditions, keep functioning, and prevent health declines
[13]. The extrinsic needs related to health management (eg, to
get better informed and to manage chronic conditions) and
intrinsic motivations (eg, to seek social support) motivate
patients to perform OHIS [14].

Moreover, the internet provides patients with a supportive
environment for OHIS. Conventional online health information
sources include general search engines [15], medical databases
[16], online forums [17], and so forth. Recently, social media
has become one of the most popular online health information
sources among users [18]. Song et al [19,20] suggest that
although many social media platforms were not intentionally
designed for OHIS, the rich sets of technological affordances
embedded in these platforms allow users to search for
health-related content and facilitate user engagement. For
example, YouTube empowers patients in chronic condition
management [21], and TikTok has also been a critical channel
for delivering chronic disease information [22].

HBM As an Explanatory Framework in Health Behavior
Research
Historically, the HBM has been widely used to understand why
patients engage in proactive health behaviors. Social
psychologists developed the HBM in the 1950s to explain
preventive health behaviors [23]. The model assumes that the
intentions of taking proactive health actions rely more on
individual beliefs about a particular condition than the objective
facts of the condition [24]. According to the HBM, people’s
proactive health behaviors are primarily determined by their
perceived susceptibility to disease-related conditions, perceived
severity of the consequences of disease-related conditions,
perceived benefits of the behaviors in reducing the threats, and
perceived barriers to the negative aspects of the health behaviors
[25].

Numerous studies have investigated various health behaviors
through the lens of HBM to contextualize health behaviors
including a healthy diet [26], cancer screening [27], vaccination
[28], medical help seeking [29], and preventive behaviors during
epidemics [30]. For example, Hochbaum [31] applied the HBM
when examining X-ray screening for tuberculosis and found
that perceived susceptibility to tuberculosis and perceived
benefits of screening varied across participants who had and
had not received chest X-rays. More recently, Wong et al [28]
employed the HBM to assess the acceptance of the COVID-19
vaccine and revealed that perceived severity of contracting
COVID-19 and perceived benefits of receiving the vaccine
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positively predicted vaccine acceptance. Overall, these studies
produced internally consistent results that provided fairly strong
support for HBM and informed the subsequent use of HBM to
understand health behaviors. Despite the intensive use of HBM
in health and medical contexts, the model is less adopted to
investigate health information behaviors. Given the considerable
explanatory power of HBM in health sciences, this study will
employ the HBM to investigate OHIS intentions among patients
with chronic conditions.

Although the HBM does not specify the variable ordering, it
implicitly purports the idea that perceived susceptibility and
severity jointly lead to a perception of the risk of disease, and
perceived benefits influence an individual’s assessment of the
outcome of the proactive health behaviors [32]. As such, the
risk-benefit consideration motivates the individual to take action.
Noteworthily, the HBM does not provide rules of combinations
of the constructs. For example, Harrison et al [33] did not
include the cues to action and health motivation components in
their analyses. Ahadzadeh et al [34] only included risk
perceptions (ie, perceived susceptibility and perceived severity)
when using the HBM. According to a recent systematic review
[27], the risk-benefit aspect is the most frequently explored
component in prior studies. Therefore, this study will also focus
on the risk-benefit perspective.

The risk-benefit relationship posited by HBM has been partially
examined in prior studies. For example, Ahadzadeh et al [34]
found that risk perceptions had an indirect positive effect on
Malaysian women’s online health-related internet use. Mou et
al [35] observed that perceived benefits of online health
websites, perceived susceptibility, and perceived severity of
one’s health conditions were significant predictors of online
health information seeking. Accordingly, our study proposes 2
hypotheses based on the parsimonious form of the HBM: (1)
The OHIS of patients with chronic diseases is positively
influenced by the perceived risk of chronic diseases (H1a) and
the perceived benefits of performing OHIS (H1b); and (2) the
perceived risk of chronic diseases of patients with chronic
conditions is positively influenced by perceived susceptibility
(H2a) and severity (H2b).

However, explicating the relationship between the HBM
constructs cannot resolve all the theoretical limitations of the
HMB. To overcome these constraints, researchers have often
treated the HBM as an overarching framework [36] and
combined its constructs with other theories [37]. For instance,
Ahadzadeh et al [34] incorporated the HBM and the technology
acceptance model to understand users’ online health-related
internet behaviors. Mou et al [35] integrated the HBM, the
extended valence framework, and the perspective of self-efficacy
to explain users’ OHIS. Since prior work suggested that OHIS
is associated with social support and health literacy [38], we
will integrate the perspectives of social support and health
literacy in this study.

Social Support in OHIS
Social support is often described as the comfort, help, or
information that an individual obtains from others [39]. In
offline settings, social support is often provided by friends and
relatives [40]. In online environments, social media serves as

an important source of social support for patients. For example,
Zhang and He [41] found that people living with diabetes
exchange medical and lifestyle information and provide and
seek social support in Facebook groups. These Facebook
diabetes groups share a broad variety of topics, such as nutrition,
medications, blood glucose screening, and physical activity
[42].

Social support has been extensively examined in health-related
fields, with many studies finding positive associations between
social support and people’s physical and mental health [43,44].
The benefits of social support are especially evident in patients’
self-management of chronic conditions [45]. However, despite
its promising positive impacts, the mechanisms of how social
support influences health behaviors remain underexplored. A
couple of studies examined the direct associations between
informational and emotional support and health behaviors or
conditions. For example, Wang and Parameswaran [46]
suggested that adequate online social support is correlated with
better self-care behaviors of HIV patients. However, other
studies revealed that the impacts of social support on health
behaviors are mediated by different factors, such as health
self-efficacy and health information seeking [47,48].

Although social support is a multifaceted concept with different
subdimensions, informational and emotional supports are the
most frequently studied aspects in the existing health literature
[49]. Savolainen [50] found that dietary information seekers
solicited emotional support in health blogs by describing their
dieting problems, and readers responded by offering
considerable informational and emotional support. Stellefson
and Paige [42] surveyed the 34 largest diabetes support groups
on Facebook and revealed that informational and emotional
support exchanges were the 2 most common purposes for
creating those groups. Therefore, this study will focus on these
2 main types of social support.

Regarding patients’ motivations for seeking online sources for
social support, some researchers suggest a compensation view
and posit that online sources can fulfill patients’ social support
deficits from offline settings [51,52]. However, Guillory and
Niederdeppe [53] found that patients who already had sufficient
social support from families and friends were also likely to seek
online health information. McKinley and Wright [47] assert
that although their inconsistent findings cannot fully support
the compensation view, they demonstrate that online social
supports are helpful for the end users. Accordingly, we propose
our third hypothesis (H3): The perceived benefits of online
sources for patients with chronic conditions are positively
influenced by online emotional support (H3a) and informational
support (H3b).

Critical Health Literacy in OHIS
Health literacy refers to “the degree to which individuals can
obtain, process, understand, and communicate about
health-related information needed to make informed health
decisions” [54]. According to Nutbeam [54], health literacy is
a hierarchical concept consisting of multiple layers, depending
on different levels of advancement of the literacy. While
functional literacy refers to basic skills in reading and writing
regarding health information, critical literacy refers to the
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advanced cognitive skills in analyzing health information
critically.

Early studies treated health literacy as a holistic concept and
found varied associations between health literacy and patients’
health behaviors [55]. However, many recent studies revealed
that the different components of health literacy have different
power in explaining health behaviors. For example, Heijmans
and Waverijn [56] found that critical health literacy is related
to self-management, but functional health literacy is not.
Matsuoka and Tsuchihashi-Makaya [57] revealed similar
findings that critical health literacy influences self-care and
consulting behaviors but functional health literacy does not.
Based on these findings, we argue that critical health literacy
may influence patients’ information behaviors.

Moreover, prior studies suggested that patients with chronic
conditions were concerned about the information quality,
although they mostly agreed that online health information was
easy to find [58]. These findings indicated that some patients
might be knowledgeable about their health conditions [9] and
thus are more critical when it comes to health information
assessment. Therefore, we posit that the effects of the perceived
risk and benefits of OHIS are moderated by critical health
literacy. When patients have higher critical health literacy, they
are more cautious when choosing online health information
sources and may turn to authoritative sources such as offline
health care providers. Thus, we propose the following
hypotheses (H4): Critical health literacy negatively moderates
the associations between perceived risk (H4a) and perceived
benefits (H4b) and patients’ OHIS.

The research model and hypotheses are shown in Figure 1.

Figure 1. Proposed research model.

Methods

Measurement Instrument
Most of the construct items in this study were adapted from
validated existing scales. Each item was measured following a
5-point Likert scale ranging from 1 (strongly disagree) to 5
(strongly agree). The 3 OHIS items were adapted from studies
by Deng and Liu [48] and Li and Wang [59]. The 3 items
measuring perceived risk were developed from Kahlor [60].
The perceived benefits scales were adjusted from McKinley
and Wright [47]. The perceived susceptibility and severity were
gauged based on studies by Ahadzadeh et al [34] and Shang
and Zhou [61]. Measurements of emotional and informational

support were derived from studies by Deng and Liu [48] and
Li and Wang [59]. Three items for critical health literacy drew
on the measurement developed by Ishikawa and Takeuchi [62]
and converted into an index. The constructs and measures are
shown in Table 1.

The questionnaire was formed in 2 stages. First, we used
translation (from English to Chinese) and back-translation (from
Chinese to English) techniques to design the questionnaire to
ensure its reliability. Second, we invited 20 patients living with
chronic disease to participate in a pilot survey. We gathered
their feedback and suggestions during the completion of the
initial questionnaire to further modify the questionnaire, which
resulted in the final version of the questionnaire.
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Table 1. Constructs and measures.

ReferencesMeasuresConstructs

Deng and Liu [48]; Li and
Wang [59]

Online health informa-
tion seeking

• OHISa1: I want to seek health information often on the internet.
• OHIS2: I am willing to search the internet for relevant health information when I need

it.
• OHIS3: I will seek health information on the internet before making health decisions.

Kahlor [60]Perceived risk • PCRb1: I am constantly worried about my health condition.
• PCR2: I fear that my chronic condition would probably attack or worsen.
• PCR3: If my chronic disease attacks or worsens, it would have a serious impact on my

work or life.

McKinley and Wright [47]Perceived benefits • PBFc1: Health information on the internet could be useful for me.
• PBF2: Health information on the internet could be helpful to me.
• PBF3: Health information on the internet could help me become familiar with health

knowledge.

Ahadzadeh et al [34]; Shang
and Zhou [61]

Perceived susceptibili-
ty

• PSUd1: The health-related issues mentioned in the internet health information are
likely to happen on me.

• PSU2: There is a good possibility that I will experience the health-related issues men-
tioned in the internet health information.

• PSU3: I am likely to contract the health-related issues mentioned in the internet health
information.

Shang and Zhou [61]Perceived severity • PSEe1: The consequences of the health-related issues mentioned in the internet health
information may be serious for me.

• PSE2: Contracting the health-related issues mentioned in the internet health information
would be likely to cause me major problems.

• PSE3: Suffering from the health-related issues mentioned in the internet health infor-
mation is a serious problem for me.

Deng and Liu [48]; Li and
Wang [59]

Emotional support • ESf1: When faced with difficulties, some individuals on the internet comforted and
encouraged me.

• ES2: When faced with difficulties, some individuals on the internet expressed interest
in and concern for my well-being.

• ES3: When faced with difficulties, some individuals on the internet are on side with
me.

Li and Wang [59]Informational support • ISg1: When faced with difficulties, some individuals on the internet would offer sug-
gestions when I needed help.

• IS2: When faced with difficulties, some individuals on the internet would give me in-
formation to help me overcome the problem.

• IS3: When faced with difficulties, some individuals on the internet would help me dis-
cover the cause and provide me with suggestions.

Ishikawa and Takeuchi [62]Critical health literacy • CHLh1: Since being diagnosed with chronic diseases, I have considered whether the
information was applicable to my situation.

• CHL2: Since being diagnosed with chronic diseases, I have considered the credibility
of the information.

• CHL3: Since being diagnosed with chronic disease, I have checked whether the infor-
mation was valid and reliable.

aOHIS: online health information seeking.
bPCR: perceived risk.
cPBF: perceived benefit.
dPSU: perceived susceptibility.
ePSE: perceived severity.
fES: emotional support.
gIS: informational support.
hCHL: critical health literacy.
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Ethics Approval
This study was approved by the Institutional Review Boards of
the School of Economics and Management of the Nanjing
University of Science and Technology (20201101).

Data Collection
The questionnaire was distributed from 2 main channels. First,
we recruited participants through online chronic disease health
communities. Five typical online health forums (ie, diabetes,
hypertension, chronic gastritis, hyperlipoidemia, and rhinitis)
were chosen in each of the leading Chinese communities (ie,
Baidu Tieba and Douban groups). We also distributed the
questionnaire through chronic disease health groups on general
social media platforms (eg, WeChat). Eligible participants were
consumers with at least 1 chronic condition who sought health
information online during the past 12 months. The questionnaire
contained a consent form that included the details of the study.
Participants who agreed to the consent continued to the
questionnaire. Each participant received a cash incentive of 5
renminbi (RMB) (about US $0.8) after completing the
questionnaire. We received 426 questionnaires from October
18 to 29, 2021. After eliminating incomplete and invalid
questionnaires by applying the eligibility criteria, we finally
obtained a sample consisting of 390 valid responses.

Statistical Analysis
The respondents’ characteristics are illustrated in Table 2. Of
the participants, 64.1% (n=250) were male, and 35.9% (n=140)

were female. The age coverage was relatively broad, comprising
young people under the age of 20 and older adults above the
age of 60 years. Respondents’places of residence were relatively
balanced, with 46.7% (n=182) of participants living in urban
areas and 53.3% (n=208) living in rural areas. Approximately
half (n=192, 49.2%) of the participants had college degrees. In
terms of health status, 38.5% (n=150) of the participants reported
feeling normal, 25.6% (n=100) felt bad, and 35.9% (n=140) felt
good or very good. Participants reported various types of chronic
conditions. Chronic gastritis (n=146, 37.4%) was the most
frequently mentioned condition, followed by diabetes (n=114,
29.2%) and hyperlipidemia (n=98, 25%). About half (n=193,
49.5%) of the participants had 1 chronic condition, 31.79%
(n=124) had 2, and 4% (n=17) had 4 or more conditions.

We also measured the types of health information that
participants sought using a typology from Zhao and Zhao [38].
Participants most frequently sought health information about
disease symptoms (n=209, 53.6%), medical resources (n=201,
51.5%), and health prevention (n=199, 51%). Additionally, we
counted the online health information sources that the
participants used. Medical and health apps (n=187, 48%) were
the most frequently reported online health information source,
followed by social question-and-answer platforms (n=179, 46%)
and short video platforms (n=174, 44.6%). Regarding OHIS
frequency, all the participants reported they had sought online
health information at least once during the past 6 months, and
39.5% (n=154) participants reported that they had sought online
health information relatively often or very frequently.
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Table 2. Characteristics of respondents.

Value, n (%)Measure and item

Sex

250 (64.1)Male

140 (35.9)Female

Age

13 (3.33)＜20

131 (33.6)20-29

137 (35.1)30-39

58 (14.9)40-49

35 (9)50＜59

16 (4.1)≥60

Place of residence

182 (46.7)Urban

208 (53.3)Rural

Education level

58 (14.9)Junior high school or below

98 (25.1)Senior high school

42 (10.8)Technical secondary school

72 (18.5)Associate degree

103 (26.4)Bachelor’s degree

17 (4.4)Master’s degree

Monthly income (RMBa)

17 (4.4)＜1500

55 (14.1)1500-2999

112 (28.7)3000-3999

68 (17.4)4000-4999

71 (18.2)5000-5999

29 (7.4)6000-6999

38 (9.7)≥7000

Profession

46 (11.8)Currently in health care profession

208 (53.3)Past worked in health care profession

136 (34.9)Never worked in health care profession

Health status

17 (4.4)Very bad

83 (21.3)Relatively bad

150 (38.5)Normal

100 (25.6)Relatively good

40 (10.3)Very good

Type of chronic disease

146 (37.4)Chronic gastritis

114 (29.2)Diabetes

98 (25.1)Hyperlipoidemia
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Value, n (%)Measure and item

76 (19.5)Hypertension

72 (18.5)Rhinitis

62 (15.9)Rheumatism

37 (9.5)Lumbar disc bulging

33 (8.5)Asthma

33 (8.5)Chronic conjunctivitis

10 (2.6)Other

Number of chronic diseases

193 (49.5)1

124 (31.8)2

56 (14.4)3

11 (2.8)4

6 (1.5)＞4

Type of health information

209 (53.6)Disease symptoms

201 (51.5)Medical resource

199 (51)Health prevention

111 (28.5)Medication/treatment

94 (24.1)Health promotion

4 (1)Other

Source of health information

187 (48)Medical and health apps

179 (45.9)Social question-and-answer platforms

174 (44.6)Short video platforms

122 (31.3)Social platforms

111 (28.5)Search engines

56 (14.4)News clients

8 (2.1)Other

Frequency of searching

83 (21.3)Occasionally

153 (39.2)Sometimes

127 (32.6)Relatively often

27 (6.9)Very frequently

aRMB: renminbi.

Results

Approach
We employed a partial least squares (PLS) approach to structural
equation modeling (SEM) on testing the proposed model.
Previous studies have shown that the PLS-SEM method is
suitable for testing theoretically constructed models [63] and
validating relatively complex models [64]. In addition,
PLS-SEM can deal with nonnormally distributed samples, which
is advantageous when processing relatively small sample sizes

[65]. We used SmartPLS 3 software (SmartPLS GmbH) to
analyze the data and test the structural model.

Measurement Model
Drawing on Shang and Zhou [61], we adopted reliability,
convergent, and discriminant validity to evaluate the
measurement model. Table 3 reports the reliability and
convergence validity results. The reliability was judged based
on the Cronbach alpha and composite reliability values. The
results show that all Cronbach alpha and composite reliability
values were greater than the proposed threshold of 0.7 [66],
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indicating qualified reliability. The convergence validity was
examined by the values of average variance extracted (AVE).
The results show that AVEs were higher than the recommended
value of 0.5 [67], and all indicator loadings exceeded the
threshold of 0.7, suggesting satisfactory convergence validity.

The discriminant validity was checked by testing both the
Fornell-Larcker criteria [68] and the heterotrait-monotrait ratio

(HTMT) [69]. Table 4 suggested that the square root of AVE
values for each construct exceeded all its correlation coefficients
with other constructs, indicating promising discriminant validity
[68]. Moreover, all HTMT values were below the recommended
value of 0.85 (Table 5), suggesting good discriminant validity
[69]. The foregoing results verify the discriminant validity of
all the constructs in our study.

Table 3. Reliability and convergence validity.

AVEaComposite reliabilityCronbach alphaIndicator loadingConstructs and items

.729.890.814Perceived susceptibility

.881PSUb1

.795PSU2

.883PSU3

.772.910.852Perceived severity

.888PSEc1

.861PSE2

.886PSE3

.747.898.831Informational support

.883ISd1

.832IS2

.878IS3

.777.913.856Emotional support

.896ESe1

.861ES2

.888ES3

.752.901.835Perceived risk

.882PCRf1

.834PCR2

.885PCR3

.737.894.821Perceived benefits

.867PBFg1

.834PBF2

.874PBF3

.740.895.824Online health information seeking

.881OHISh1

.823OHIS2

.874OHIS3

aAVE: average variance extracted.
bPSU: perceived susceptibility.
cPSE: perceived severity.
dIS: informational support.
eES: emotional support.
fPCR: perceived risk.
gPBF: perceived benefit.
hOHIS: online health information seeking.
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Table 4. Discriminant validity (Fornell-Larcker criterion)a.

7654321Constructs

——————.8811. Emotional support

—————.860.5712. Online health information seeking

————.864.526.6213. Informational support

———.858.676.660.6844. Perceived benefits

——.867.585.461.578.5265. Perceived risk

—.879.717.582.460.576.5226. Perceived severity

.854.629.698.488.442.529.5137. Perceived susceptibility

aValues on the diagonal represent the square root of average variance extracted (AVE) for each construct.

Table 5. Discriminant validity (heterotrait-monotrait ratio).

7654321Items

1. Emotional support

.6772.Online health information seeking

.633.7353. Informational support

.815.799.8164. Perceived benefits

.707.550.692.6245. Perceived risk

.848.694.544.687.6106. Perceived severity

.754.844.598.537.643.6157. Perceived susceptibility

Structural Model
We adopted standard bootstrap in SmartPLS 3 on 5000
bootstrapping samples to examine the structural model’s path
coefficients and corresponding significance levels. Figure 2
shows the results of the PLS-SEM analysis, where perceived
risk, perceived benefits, and online health seeking behavior are
explained by the independent variables with variance values of
62.2%, 57%, and 61.5%, respectively, indicating a good
explanation of the structural model.

The hypotheses testing results (Table 6) show that perceived
risk (β=.188, P<.001) and perceived benefits (β=.222, P<.001)
have significant positive effects on OHIS, supporting both H1a

and H1b. As for health beliefs, perceived susceptibility (β=.408,
P<.001) and perceived severity (β=.461, P<.001) significantly
influence perceived risk, indicating that both H2a and H2b are
supported. Concerning social support, both emotional support
(β=.431, P<.001) and informational support (β=.408, P<.001)
have positive effects on perceived risk, supporting H3a and
H3b. Moreover, we tested the moderating effects of critical
health literacy. The results show that critical health literacy
(β=−.133, P=.002) has negative moderating effects on the
relationship between perceived risk and OHIS, which supports
H4a. However, critical health literacy cannot significantly
moderate the relationship between perceived benefits and OHIS
(β=−.012, P=.774). Therefore, H4b is not supported.

Figure 2. Structural model results. ns: nonsignificant. ***P<.001, **P<.01, and *P<.05.

J Med Internet Res 2022 | vol. 24 | iss. 11 | e42447 | p.638https://www.jmir.org/2022/11/e42447
(page number not for citation purposes)

Zhao et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 6. Hypotheses testing results.

Hypothesis validationP valuet-statisticPath coefficientsPathsHypotheses

Supported<.0013.989.188PCR -> OHISH1a

Supported<.0013.632.222PBF -> OHISH1b

Supported<.0017.743.408PSU -> PCRH2a

Supported<.0018.852.461PSE -> PCRH2b

Supported<.0015.748.431ES -> PBFH3a

Supported<.0015.761.408IS -> PBFH3b

Supported.0023.097−.133PCR×CHL -> OHISH4a

Not supported.7740.288−.012PBF×CHL -> OHISH4b

Discussion

Principle Findings
In this study, we investigated the effects of perceived risk and
perceived benefits on OHIS among patients with chronic
conditions. Based on HBM, we examined the influencing factors
of perceived risk using 2 antecedents: perceived susceptibility
and perceived severity. Additionally, drawing on social support
theory, we explored the impact of informational and emotional
support on perceived benefits of patients’ OHIS. This study
also focused on critical health literacy and how it moderates the
effects of perceived risk and perceived benefits on OHIS. We
proposed a research model by integrating the aforementioned
theories and developed corresponding measurement instruments.
Data were collected from online chronic disease communities
and social media groups using the survey method and analyzed
using the PLS-SEM method.

The results suggested that perceived risk (t=3.989, P<.001) and
perceived benefits (t=3.632, P<.001) significantly affected
patients’ OHIS. Perceived susceptibility (t=7.743, P<.001) and
perceived severity (t=8.852, P<.001) were found to significantly
influence the perceived risk of chronic diseases. Informational
support (t=5.761, P<.001) and emotional support (t=5.748,
P<.001) also impacted the perceived benefits of online sources
for patients. In addition, moderation analysis showed that critical
health literacy significantly moderates the relationship between
perceived risk and OHIS (t=3.097, P=.002) but not the
relationship between perceived benefits and OHIS (t=0.288,
P=.774).

Implications
This study makes contributions to both theory and practice.
From a theoretical perspective, we extend the HBM into
information behavior research by integrating it with the social
support theory. The HBM suggests that belief in health risk
predicts the likelihood of engaging in health-related behaviors
[37]. Prior work shows that individuals with higher perceived
risk have a stronger motivation to perform health-related
behaviors and change their health conditions [34,70]. Among
them, patient-initiated OHIS can undoubtedly meet patients’
health information needs and promote positive health
information behaviors to a certain extent. In addition to patients’
spontaneous health beliefs, this paper argues that social
determinants of health can largely contribute to patients’ health

information behaviors—social support as an intermediary social
determinant predicts patients’ OHIS. We believe this assertion
can simultaneously enrich the HBM and literature on health
information behaviors. Our empirical study confirms the validity
of this extension. Wilson [71] suggested that the disciplines of
health and medical sciences and information sciences share a
prominent common interest in information behavior research,
and the flows of ideas and theories from the community of
interest would also benefit information behavior research.

Additionally, we contextualize health literacy in chronic diseases
by proposing and testing how critical health literacy moderates
the relationship between health beliefs and social support to
patients’ OHIS. Prior work has explored the measurement of
critical health literacy for patients with chronic diseases and the
impact on self-management of health [56,72]. However, few
studies have analyzed the impact of critical health literacy on
OHIS. Our analysis contributes to the literature by uncovering
a negative moderating effect between perceived risk and OHIS.
We speculated that patients with higher critical health literacy
may also be more capable in health information seeking and
source selections. When patients with higher critical health
literacy perceive a greater health risk, they may not necessarily
search for health information on the internet and social media,
given the general information quality concerns with online
sources; instead, they are likely to seek more professional
medical advice and visit doctors directly. This finding allows
us to reexamine the compound influences of OHIS and seek
more theoretical support from a psychological perspective.

From a practical perspective, this study suggests that online
health communities should provide sufficient social support to
patients and create a reciprocal virtual community. This social
support can come from high-quality content created by
professionals or emotional support generated by the mutual help
between patient-patient and doctor-patient interactions.
Meanwhile, online health communities should encourage
surrogate health information seeking among patients and
enhance the sense of belonging to the virtual community through
gamification incentives and participatory design methods.

Finally, online health platforms need to better segment their
users by providing targeted professional services to
differentiated patients according to their varied health literacy
levels instead of the traditional demographic profiles. Patients
can become well informed about their health conditions and

J Med Internet Res 2022 | vol. 24 | iss. 11 | e42447 | p.639https://www.jmir.org/2022/11/e42447
(page number not for citation purposes)

Zhao et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


evolve into “expert patients.” Expert patients with high health
literacy usually have higher health information quality standards
and prefer to go to offline professional medical institutions for
consultation. Therefore, online health communities could
consider inviting health care experts to carry out freemium
consultations with more specialized, personalized, and accurate
services to retain patients with higher critical health literacy
and enhance their stickiness and loyalty to online health
platforms.

Limitations and Future Work
This study has several limitations. First, the underlying influence
mechanism between the 2 theories (ie, the health belief model
and the social support theory) needs to be further empirically
demonstrated. Future research could consider health beliefs as
mediating constructs to unravel the effects of social determinants
of health on individuals’perceived risks and benefits and further
draw on social cognitive theory to empirically explore this
mediating effect.

Second, we identified the moderating effect of critical health
literacy in OHIS; however, the moderation analysis indicates
that more contextualized measures are needed to validate the
working mechanisms of critical health literacy. Future research
needs to uncover how critical health literacy moderates the
patients’ OHIS intentions. Additionally, future research could
further empirically analyze the constituent domains of critical
health literacy [72] in terms of the dimensions of the constructs
and how they are measured. Furthermore, researchers may also

consider a randomized controlled trial to explore the effects of
improved critical health literacy on OHIS.

Third, the generalizability may be limited as our sample is
restricted to chronic disease patients in China. Our findings may
not be applicable to other countries, regions, and contexts.
Future work may conduct cross-cultural and cross-national
comparisons to better generalize this study’s results. Moreover,
this is a cross-sectional study; due to the diversity of chronic
diseases and the dynamic nature of chronic conditions, more
longitudinal studies are needed in the future to reveal the
dynamic effects of changes in health beliefs and social support
on OHIS among patients with chronic diseases. Experience
sampling methods and action research approaches are
recommended to improve the validity of the research through
multiwave data collection.

Conclusions
This paper contributes to the literature on OHIS by integrating
the HBM and the social support theory. The integrated model
suggested that health beliefs and social support positively impact
OHIS among patients with chronic diseases. In particular,
perceived susceptibility and severity can positively impact
perceived risk, further influencing patients’OHIS. Informational
support and emotional support can contribute to perceived
benefits, further positively affecting patients’ OHIS. This study
also demonstrated critical health literacy’s important negative
moderating effects on the association between perceived risk
and OHIS. Theoretical and practical implications for leveraging
OHIS for patients with chronic diseases were also provided.
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Abstract

Background: Despite Catalonia being an advanced region in terms of digital health adoption, the “Forum for Professional
Dialogue” identified the need to improve information and communication technology (ICT) competences as one of the present
and future challenges for health care professionals (HPs).

Objective: We aimed to validate the digital competence test developed ad hoc for this study and to measure the digital competence
level of Catalan HPs to establish their current level as the baseline for designing a strategic training plan.

Methods: An exploratory observational study was conducted based on a voluntary survey where sociodemographic, professional
and digital tool knowledge, digital tool use, and training needs data were collected and based on the score obtained from a digital
competence test developed ad hoc. The digital competence test consisted of 2 “real-life scenarios” with 7 and 11 questions.

Results: In total, 803 HPs, of whom 612 (76.2%) were women, completed the survey between June 28 and July 16, 2021. Most
participants self-rated their digital competence level as either intermediate (384/803, 47.8%) or basic (357/803, 44.5%). The mean
score in the digital competence test was 22.6 (SD 4.3). Therefore, most participants displayed a basic level of digital competence.
The internal consistency of the digital competence test was 0.66, and the discrimination index of all questions was ≥0.2 for all
items except for 1 question.

Conclusions: This exploratory study highlights the need to improve the digital competence of HPs working in Catalonia, with
special effort being made to provide training according to the specific needs of the different HP profiles. The results have informed
the Health Plan for Catalonia 2021-2025 and lay the foundations for the development and deployment of a framework program
for the digital competences of HPs. The developed digital competence test shows acceptable consistency for the objective pursued,
although improvements are needed to fine-tune its accuracy.

(J Med Internet Res 2022;24(11):e38347)   doi:10.2196/38347
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Introduction

Background
Digital health (eHealth) is changing the way prevention,
diagnosis, treatment, and health monitoring are provided to
patients [1,2], while allowing universal access to equal,
qualified, and cost-effective health care [3-5]. However,
unlocking the full potential of eHealth is only possible when
all actors (health care professionals [HPs], patients, managers,
and policy makers) are committed to accepting and adopting
information and communication technologies (ICTs) as a
different way of providing or receiving care. Embracing the
digital culture and developing professionals’ digital skills or
competences to support digital transformation in the health care
sector is fundamental to achieving this objective [6], because
poor digital health competence is a common perceived barrier
to the implementation of eHealth services [7-11].

Catalonia (Northeast Spain) is one of the most advanced regions
in terms of digital health adoption across Europe [8,12,13].
Despite this, in 2018, the “Forum for Professional Dialogue”
identified “the need to improve competences in ICTs to advance
in their use and in the design of remote healthcare services” as
one of the 17 main present and future challenges for HPs [14].
The “Digital Skills for HPs (COMPDIG-Salut)” project arose
with the aim of meeting this challenge by addressing three
objectives: (1) defining a specific digital competence framework
for HPs; (2) creating a specific evaluation and accreditation
model for HPs; and (3) drawing up actions to train and qualify
HPs in digital competences. Therefore, knowing the current
digital competence level of Catalan HPs is an essential first step
upon which to build and address all COMPDIG-Salut project
goals [15,16].

Despite the availability of a wide variety of free self-efficacy,
knowledge-based, and performance-based digital competence
assessments [16-22], these instruments were found to be too
long, unvalidated, or too specific to measure HPs’digital literacy
levels. In 2009, the Government of Catalonia launched the
Accreditation of Competence in ICTs (ACTIC) certificate with
the aim of assessing citizens’ digital competence [23] on the
basis of 3 levels: ACTIC 1-basic, ACTIC 2-intermediate, and
ACTIC 3-advanced. The competences evaluated by this
accreditation have been updated over the years and are currently
aligned with the European Digital Competence Framework [24].
Currently, the attainment of the ACTIC 2-intermediate level
certificate is a way of improving the professional development
of HPs and the employability of graduates. However, the ACTIC
intermediate certificate requires too much time and too many
resources to complete; therefore, it was deemed unsuitable for
the purposes of our research. Therefore, to assess the digital
competences of HPs working in Catalonia, a digital competence
test based on the ACTIC 2-intermediate certificate was
developed ad hoc.

Objective
The objective of this work is two-fold: (1) to validate the digital
competence test developed ad hoc, which combines both skills
and self-assessment, and (2) to assess the current digital

competence level of HPs working in Catalonia and to identify
the areas needing improvement.

Methods

Study Design
An exploratory, observational study based on a web-based
survey was conducted by Fundació TIC Salut i Social between
June 28 and July 16, 2021, among HPs currently working in
Catalonia. By law [25], the definition of HPs, who make up the
study population, includes dentists, dental hygienists, dental
technicians, dietitians-nutritionists, occupational therapists,
nurses, opticians or optometrists, pharmacists, physicians,
physiotherapists, podiatrists, speech therapists, and other health
or clinical specialists such as biologists, physicists or chemists,
and psychologists. According to the last available report (2017)
[14], the HP population in Catalonia consisted of 121,039
professionals working for public and private health care
providers. Participation was both voluntary and anonymous.

The survey was conducted, and the results were reported in
accordance with “Good Practice in the conduct and reporting
of survey research” where appropriate [26] and in compliance
with the General Data Protection Regulation.

Survey Generation and Distribution
The survey included a section recording the participants’
characteristics (“descriptive survey”) and an objective digital
competence test (Multimedia Appendix 1). The first section
recorded demographic characteristics such as gender, age,
professional profile, ownership of workplace (public or private
[subsidized or nonsubsidized]), region, level of health care,
professional experience, self-perception of digital competence,
the use of digital tools for professional purposes, the need for
training in digital tools for professional purposes, interest in
receiving such training for personal purposes, and whether the
participant had the ACTIC 2-intermediate certificate or an
equivalent qualification.

The second section was the objective digital competence test.
The ACTIC 2-intermediate level certificate served as the
framework of reference to evaluate the digital competence level
of HPs. The most appropriate and relevant digital competences
for HPs were selected from those defined in ACTIC [27] to
adapt the test to their reality and context (Table 1). Then, the
indicators for each of these competences were selected to
determine, in items, what aspects to evaluate. The indicators
are observable characteristics and consist of specific tests, be
they predefined measures or other types of qualitative
information. After selecting the indicators, questions referring
to them were formulated. These questions are related to the
definition of observable behaviors that may be put into practice
in different professional areas in the Catalan health care context.
Observable behaviors are understood to be those practices or
actions carried out by HPs during their professional activities
(eg, searching for clinical information in databases, remote
communication and collaboration with teams or patients, and
using information management and content creation tools). As
it was the achievement of competences that was being evaluated,
the suitability of defining evaluation scenarios allowing
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respondents to be faced with challenges they needed to resolve
was assessed. Attempting to resolve situations that are similar
to real ones and giving the best digital response to the proposed
challenges allows the degree of achievement of the indicators
to be evaluated more effectively. It also enables other
competences to be put into practice, such as problem-solving,
critical thinking, and the analysis and responsible use of ICTs.

After formulating the questions for each indicator, it was
necessary to close the loop by reviewing the entire process using
a methodological process whereby the specification of new
elements improves upon previous ones [28,29]. Test
development followed an iterative process of expert
consultation, prior pilot tests, and item review. For

cross-validation, 8 members of the COMPDIG-Salut project
were asked to evaluate the overall proposal and specifically
whether the questions contemplated the defined indicators for
the corresponding competence. The experts had to answer the
survey questions and suggest any changes they deemed relevant
by answering an open-ended question.

The digital competence test that we developed consisted of 2
“real-life” scenarios adapted to the health care sector with 7 and
11 self-developed questions. Each question had 4 possible
answers, with a score ranging from 0 to 1 or 2, resulting in a
total maximum score of 35. The final scores were classified
into 3 levels: initial (2-9.9), basic (10-24.9), and intermediate
(25-35). The survey took approximately 20 minutes to complete.
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Table 1. Development of survey questions by competence.

SurveyAccreditation of Competence in Information and Communication Technologies competence and intermediate level indicator

1.1 Searching for, selecting, and comparing information with digital tools

Case 1: Question 1The respondent uses advanced search parameters (language, update, publication date, region, Boolean operators, etc) using
an assistant or different menus and options to optimize searches and readjust search criteria.

Case 1: Question 2The respondent is critical of the information and recognizes the limits of the internet as a single source.

1.2 Organizing information and data with digital tools

Case 1: Question 6The respondent structures and classifies data coherently and accessibly using generic tools (spreadsheet or database) and
specific tools (bookmark manager, contact manager, expense tracker, etc) to make searching easier.

1.3 Analyzing, exploiting, and visualizing data with digital tools

Case 1: Question 5The respondent gathers data with digital tools (forms, surveys, etc) for specific objectives.

Case 2: Question 7The respondent uses and combines formulas and functions to perform simple operations.

2.1 Interacting and sharing information and digital content

Case 1: Question 4The respondent acts as an example of communication for the rest of the digital community according to the context and
the tool used.

2.2 Collaborating with others via digital technologies

Case 2: Question 1The respondent identifies and uses digital tools, resources, and strategies to improve efficiency in the performance of tasks
in collaboration with others.

Case 2: Questions 3
and 4

The respondent interacts by using the most appropriate (synchronous or asynchronous) communication tools and their
advanced functions (user groups, broadcast groups, mailing groups, distribution lists, web-based meetings, etc) effectively.

3.1 Creating and publishing digital content

Case 1: Question 7The respondent selects and evaluates the most appropriate resources and applications for the objective pursued and the
type of digital content to optimize creations.

3.2 Designing, integrating, and reworking digital content in various formats

Case 1: Question 3The respondent creates and publishes complex content suited to the audiences, objectives, or purposes thereof, seeking
the most appropriate content in each case (using a template).

Case 2: Question 5The respondent uses and evaluates repositories of audiovisual content (images, audio recordings, GIFsa, videos, templates,
etc) to design or rework digital content.

4.1 Protecting digital systems, devices, and content

Case 2: Question 9The respondent protects digital files and content to prevent unauthorized access by third parties.

4.2 Protecting personal data and privacy

Case 2: Question 10The respondent identifies critical points and suggests improvements for protecting personal data and privacy. Applying
best practices, the respondent customizes the privacy settings of digital tools and environments and the permissions of
apps to protect their identity and the privacy of the content they generate.

4.3 Acting in a civic manner in the digital environment

Case 2: Question 2The respondent uses licenses and attribution systems suited to their objectives when publishing content in digital environ-
ments.

Case 2: Question 8The respondent promotes coexistence in the digital environment.

5.1 Understanding the basics and using digital technology

Case 2: Question 11The respondent uses digital technology and its environment autonomously.

5.2 Identifying personal and professional needs and applying digital solutions

Case 2: Question 6The respondent is up to date with the latest technological trends and compares and evaluates digital devices and tools to
select those that best meet their personal needs (leisure, health, protection, sports, emotional, etc) and professional needs
(training, job search, productivity, and time management).

aGIF: Graphics Interchange Format.

Data Collection
The survey was created and distributed to HPs using Microsoft
Forms, together with an invitation email presenting the objective

and characteristics of the study. Several meetings were held
with HP associations and health service providers to explain
our intention to conduct this study and that we would need their
help to reach HPs. The invitation was distributed through the
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Catalan Department of Health and the Catalan Health Service,
which sent it to the corresponding professional associations and
to the human resources departments of public and private health
care providers (hospitals, consortia, etc). Each institution
decided how to disseminate the study among the professionals.

Before participating in the study, the participants had to provide
consent for the study sponsor to process the information
collected. The time taken to complete the survey (in minutes)
was recorded.

Sample Size
The sample size was calculated so that it would be representative
of the population of Catalan HPs (both in size and distribution).
Of a total of 121,039 HPs [30], 36,520 (30.17%) were
physicians, 45,995 (38%) were nurses, and 38,524 (31.83%)
were other HPs. In 2019, 96,105/121,039 (79.40%) and
11,014/121,039 (9.10%) of these HPs worked in the Barcelona
and Girona health care regions, respectively. The remaining
(13,920/121,039, 11.50%) worked in other health care regions
[14,30]. The minimum and maximum sample sizes were
calculated using the Cochran formula, considering a 95% power
and a 10% and 5% margin of error, respectively. This resulted
in a sample size of 304 to 906 and 34 to 101 HPs in the
Barcelona and Girona health care regions, respectively, and 45
to 134 HPs in other health care regions. The minimum and
maximum overall sample sizes were in the range of 383 to 1141
HPs.

Statistical Analysis
Percentages and mean (SD) were used to summarize categorical
and continuous variables, respectively. Categorical variables
were compared using the chi-square test, whereas continuous
variables were compared using the t test or ANOVA (for 2 or
>2 comparators, respectively). These comparisons were 2-sided.
The analysis of subgroups with a score of <25 in the digital
competence test was performed using a 1-sided t test. Given
that no maximum time to complete the survey was established
and that the filling in of fields could be interrupted for personal
or professional reasons, atypical observations where this was
likely to have happened were removed to estimate a more
realistic mean completion time. Outliers were filtered using the

Hampel identifier. The internal consistency of the survey was
analyzed using the greatest lower bound, given the lack of
homogeneity of the scoring scale. The discriminatory index of
each question of the ACTIC-derived digital competence test
was calculated according to the study by Taib et al [18], where
a score of ≥0.2 indicated good discrimination between HPs with
intermediate and basic levels. Statistical analyses were
performed using the R (version 4.11; R Foundation for Statistical
Computing) software. A P value of <.05 was considered
significant.

Ethics Approval
No ethics approval was required due to the type and nature of
the study as the Catalan Department of Health is responsible
for formulating the general criteria for health planning, setting
the objectives, and the levels to be achieved in the topics that
are included in the Health Plan for Catalonia [31]. All
participants were informed about the study’s purposes and that
their participation was voluntary. Data protection treatment was
informed to the participant and before accessing the survey,
participants had to provide acceptance.

Results

Between June 28 and July 16, 2021, a total of 1009 potential
participants accessed the survey, of whom 922 (91.40%) gave
their consent to participating in it. Of these, 803 (79.6%)
participants were classified as HPs according to the legal
definition and constituted the study population.

Descriptive Analysis
Table 2 shows the demographic and professional characteristics
of the participants, most of whom were women (612/803,
76.2%), aged between 36 and 55 years (438/803, 54.5%).
Nursing was the most common professional profile (227/803,
28.3%), followed by physicians (176/803, 21.9%). Nearly half
of the participants worked in a subsidized private center. A total
of (478/803, 59.5%) participants worked in specialized health
care settings. Barcelona city was the most common work setting
(209/803, 26%), followed by Camp de Tarragona (148/803,
18.4%). The mean length of professional experience was 19.6
(SD 11) years.
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Table 2. Demographic and professional characteristics of participants (N=803).

ValuesVariables

Gender, n (%)

612 (76.2)Women

188 (23.4)Men

3 (0.4)Nonbinary

Age (years), n (%)

24 (3)18-25

169 (21)26-35

258 (32.1)36-45

180 (22.4)46-55

155 (19.3)56-65

17 (2.1)>65

Health care professional profiles, n (%)

227 (28.3)Nurse

176 (21.9)Physician

80 (10)Physiotherapist

74 (9.2)Occupational therapist

58 (7.2)Podiatrist

49 (6.1)Dietitian-nutritionist

38 (4.7)Speech therapist

35 (4.4)Psychologist

32 (4)Pharmacist

15 (1.9)Biologist

12 (1.5)Dental hygienist

3 (0.4)Physicist or chemist

2 (0.2)Optician-optometrist

1 (0.1)Dentist

1 (0.1)Dental technician

Workplace ownership, n (%)

257 (32)Public

365 (45.5)Private (subsidized)

170 (21.2)Private (nonsubsidized)

11 (1.4)Do not know or no answer

Level of health care,a n (%)

67 (8.3)Mental health and addictions

478 (59.5)Hospital or specialized care

199 (24.8)Primary care

125 (15.6)Social health

Work setting,b n (%)

26 (3.2)Alt Pirineu i Aran

209 (26)Barcelona city

148 (18.4)Camp de Tarragona
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ValuesVariables

59 (7.3)Catalunya Central

67 (8.3)Girona

42 (5.2)Lleida

119 (14.8)Metropolitan (north)

73 (9)Metropolitan (south)

53 (6.6)Terres de l’Ebre

7 (0.9)Do not know or no answer

19.6 (11)Professional experience (years), mean (SD)

aMultiple responses were allowed.
bCatalan health regions.

Table 3 shows the information collected on digital competence
and on the use of, training needs for, and interest in digital tools.
Most participants self-rated their digital competence as
intermediate (384/803, 47.8%) or basic (357/803, 44.5%).
Nearly half of the participants (394/803, 49.1%) did not know
about ACTIC certification. Office tools (Microsoft Office, email,
etc) were the most frequently used professional digital tools
(750/803, 93.4%), followed by social media (700/803, 87.1%)
and electronic health records (574/803, 71.5%). The most
in-demand training topics were tools for disease prevention and
health promotion (383/803, 47.7%), office tools (358/803,
44.6%), electronic health records (346/803, 43.1%), remote
follow-up tools (300/803, 37.4%), and decision-making support
tools (247/803, 30.8%). In relation to the use of digital tools for
professional purposes and training needs, expressed for the
largest groups of HPs in this study, we found that the tools that
nurses (227/803, 28.3%) used the most (>30%) were office tools
(206/227, 90.7%), social networks (198/227, 87.2%), electronic
health records (192/227, 84.6%), healing support tools (83/227,
36.6%) and health promotion tools (80/227, 35.2%). Of these,
the ones with more training needs were health promotion tools
(106/227, 46.7%), office tools (94/227, 41.4%), electronic health
records (93/227, 41%), healing support tools (91/227, 40.1%),
and social networks (41/227, 18.1%). For physicians (176/803,
21.9%), we found that office tools (169/176, 96%), electronic
health records (161/176, 91.5%), social networks (154/176,
87.5%), prescription tools (152/176, 86.4%), remote follow-up
tools (68/176, 38.6%), epidemiological register tools (63/176,
35.8%), decision-making support tools (58/176, 33%), and
health promotion tools (55/176, 31.3%) were the most used
tools. Of these, the ones with more training needs were
decision-marking support tools (81/176, 46%), office tools
(78/176, 44.3%), electronic health records (77/176, 43.8%),
remote follow-up tools (74/176, 42%), health promotion tools
(69/176, 39%), prescription tools (58/176, 33%),
epidemiological register tools (48/176, 27.3%), and social
networks (40/176, 22.7%). As for physiotherapists (80/803,

10%), the most used tools were office tools (74/80, 93%), social
networks (69/80, 86%), electronic health records (49/80, 61%),
and health promotion tools (31/80, 39%), whereas health
promotion tools (45/80, 39%), office tools (37/80, 46%),
electronic health records (37/80, 46%), and social networks
(36/80, 45%) were the most in-demand training topics. For
occupational therapists (74/803, 9.2%), we found that (72/74,
97%), social networks (59/74, 80%), and electronic health
records (49/74, 66%) were the most used tools, whereas office
tools (30/74, 41%), electronic health records (30/74, 41%), and
social networks (18/74, 24%) were the most in-demand training
topics. As for podiatrists (58/803, 7.2%), the most used tools
were social networks (53/58, 91%), office tools (51/58, 88%),
electronic health records (29/58, 50%), and prescription tools
(19/58, 33%), whereas electronic health records (25/58, 43%),
prescription tools (20/58, 35%), office tools (16/58, 28%), and
social networks (15/58, 26%) were the most in-demand training
topics. Moreover, for dietitian-nutritionists (49/803, 6.1%), we
found that social networks (46/49, 94%), office tools (44/49,
90%), electronic health records (26/49, 53%), health promotion
tools (21/49, 43%), and remote follow-up tools (17/49, 35%)
were the most used tools, whereas health promotion tools (34/49,
69%), electronic health records (24/49, 49%), office tools
(23/49, 47%), and social networks (20/49, 41%) were the most
in-demand training topics.

Disaggregated information relating to “Others” participants
(biologists and dietitians or nutritionists, pharmacists,
physiotherapists, dental hygienists, speech therapists, podiatrists,
psychologists, and occupational therapists) can be found in
Multimedia Appendix 2.

The greatest interest in receiving training in digital tools for
personal purposes was for presentation of digital content
(426/803, 53.1%); data management (408/803, 50.1%); digital
technology, computer, and operating system use (344/803,
42.8%); and processing of graphic, audio, and video information
(341/803, 42.5%; Table 3).
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Table 3. Participants’ digital competences and use of, training needs for, and interest in digital tools (N=803).

Others, n (%)Nurses, n (%)Physicians, n (%)Overall, n (%)Variables

Self-perceived digital competence

26 (6.5)14 (6.2)14 (8)54 (6.7)Advanced

200 (50)104 (45.8)80 (45.5)384 (47.8)Intermediate

169 (42.3)107 (47.1)81 (46)357 (44.5)Basic

5 (1.3)2 (0.9)1 (0.6)8 (0.1)No digital competence

Accreditation of Competence in Information and Communication Technologies-2 certificate or similar

22 (5.5)32 (14.1)3 (1.7)57 (7.1)Yes

173 (42.3)109 (48)70 (39.8)352 (43.8)No

205 (51.3)86 (37.9)103 (58.5)394 (49.1)I do not know about the ACTIC certificate

Use of digital tools for professional purposesa,b

372 (93)206 (90.7)169 (96)750 (93.4)Office tools (Microsoft Office, email, etc)

348 (87)198 (87.2)154 (87.5)700 (87.1)Social media

218 (54.5)192 (84.6)161 (91.5)574 (71.5)Electronic health records

60 (15)53 (23.3)152 (86.4)265 (33)Prescription tools

111 (27.8)80 (35.2)55 (31.3)246 (30.6)Health promotion tools

101 (25.3)50 (22)68 (38.6)219 (27.3)Remote follow-up of patients

41 (10.3)60 (26.4)58 (33)159 (19.8)Decision-making support tools

Training needs for professional purposesa,b

205 (51.3)106 (46.7)69 (39.2)383 (47.7)Health promotion tools

181 (45.3)94 (41.4)78 (44.3)358 (44.6)Office tools (Microsoft Office, email, etc)

172 (43)93 (41)77 (43.8)346 (43.1)Electronic health records

156 (39)67 (29.5)74 (42)300 (37.4)Remote follow-up of patients

102 (25.5)61 (26.9)81 (46)247 (30.8)Decision-making support tools

72 (18)82 (36.1)58 (33)215 (26.8)Prescription tools

132 (33)41 (18.1)40 (22.7)212 (26.4)Social networks

89 (22.3)37 (16.3)67 (38.1)196 (24.4)Diagnostic support tools

65 (16.3)49 (21.6)55 (31.3)172 (21.4)Bioinformatic (Omics) tools

54 (13.5)53 (23.3)48 (27.3)141 (17.6)Epidemiological register tools

29 (7.3)91 (40.1)18 (10.2)158 (19.7)Healing support tools

Personal interest in digital traininga,b

219 (54.8)126 (55.5)81 (46)426 (53.1)Digital content presentation

198 (49.5)113 (49.8)97 (55.1)408 (50.1)Data management

156 (39)113 (49.8)75 (42.6)344 (42.8)Digital technology, computer, and operating system use

161 (40.3)105 (46.3)78 (44.3)344 (42.8)Web browsing and digital communication

160 (40)99 (43.6)82 (46.6)341 (42.5)Graphic, audio, and video information management

154 (38.5)88 (38.8)59 (33.5)301 (37.5)Written information management

106 (26.5)72 (31.7)57 (32.4)235 (29.3)Numeric information management

114 (28.5)70 (30.8)40 (22.7)244 (27.9)Culture, participation, and citizenship

aMultiple responses were allowed.
bOnly those options to which >15% of participants responded are shown.
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Digital Competence Test
The mean score in the digital competence test was 22.6 (SD
4.3), so most participants displayed a basic level (Table 4 and

Figure 1). After removing outliers (122/803, 15%; see the
Methods section), the mean time taken to complete the survey
was 15.7 (SD 5.8) minutes.

Table 4. Digital competence test results (N=803).

Accreditation of Competence in Information and Communication
Technologies-2 certificate holders (n=57)

Overall populationVariable

23.4 (3.9)22.6 (4.3)Score, mean (SD)

Score range, n (%)

0 (0)2 (0.2)<10 (initial level)

34 (59.6)535 (66.7)10-24.9 (basic level)

23 (40.4)266 (33.1)≥25 (intermediate level)

11.8 (3.6)15.7 (5.8)Time to complete the survey, (minutes), mean (SD)

Figure 1. Distribution of scores achieved in the digital competence test.

The test score was higher in men (mean 23.2, SD 4.2, vs mean
22.4, SD 4.3 in women; P=.03), in younger participants
(P<.001), and those with a high self-perceived level of digital
competence (P<.001). We also observed differences among the
various HP profiles, with other HP profiles scoring higher than
nurses and physicians. Most of the analyzed subgroups had
scores that were significantly <25 (Table 5).

A multivariate linear regression analysis confirmed the
significant differences found in age, HP profile, and
self-perception, but this was not confirmed for the gender
variable.

In total, 7.1% (57/803) of participants had the ACTIC-2
certificate. Their mean score in the digital competence test was
23.4, SD 3.9), with 59.6% (34/57) having a basic level. The
mean time taken to complete the survey was 11.8 (SD 3.6)
minutes (Table 4). Of those 57 participants, 13 (22.8%) said
their self-perceived knowledge was advanced, and 33 (57.9%)
said their self-perceived knowledge was intermediate.

The internal consistency of the digital competence test as
measured by greatest lower bound was 0.66 (acceptable
consistency). The discrimination index of all questions except
for one for all items was ≥0.2.
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Table 5. Scores achieved in the digital competence test according to participants’ characteristics (N=803)a.

Intermediate level achievement, P valueP valueScore, mean (SD)Value, n (%)Characteristics

.03Gender

<.00122.4 (4.3)612 (76.2)Women

<.00123.2 (4.2)188 (23.4)Men

<.001Age (years)

.2824.6 (3.2)24 (3)18-25

<.00123.5 (4)169 (21.1)26-35

<.00122.6 (4.7)258 (32.1)36-45

<.00122.5 (4.1)180 (22.4)46-55

<.00121.6 (4.1)155 (19.3)56-65

.00421.5 (4.9)17 (2.1)>65

<.001Health care professional profiles

<.00121.7 (4.2)227 (28.3)Nurse

<.00122.5 (4.2)176 (21.9)Physician

<.00123.1 (4.4)400 (49.8)Other

.1023.3 (5.1)15 (1.9)Biologist

.0524 (4.3)49 (6.1)Dietitian-nutritionist

.0623.6 (4.9)32 (4)Pharmacist

<.00122.6 (4)80 (10)Physiotherapist

.00320 (5)12 (1.5)Dental hygienist

.2424.6 (3.9)38 (4.7)Speech therapist

<.00122.3 (4.6)58 (7.2)Podiatrist

.0923.8 (5.1)35 (4.4)Psychologist

<.00123 (4)74 (9.2)Occupational therapist

.40Workplace ownership

<.00122.5 (4.4)257 (32)Public

<.00122.5 (4.3)365 (45.5)Private (subsidized)

<.00123.1 (4.3)170 (21.2)Private (nonsubsidized)

.24Level of health care

.00123.5 (3.9)67 (8.3)Mental health and addictions

<.00122.5 (4.4)478 (59.5)Hospital or specialized care

<.00122.5 (4.3)199 (24.8)Primary care

<.00123 (4.4)125 (15.6)Social health

.08Work setting

<.00121.8 (2.9)26 (3.2)Alt Pirineu i Aran

<.00123.5 (4.3)209 (26)Barcelona city

<.00122 (4.2)148 (18.4)Camp de Tarragona

<.00122.8 (4.5)59 (7.4)Catalunya Central

<.00122.3 (4.5)67 (8.3)Girona

<.00121.7 (4.4)42 (5.2)Lleida

<.00122.6 (4.2)119 (14.8)Metropolitan (north)

<.00123 (5.1)73 (9.1)Metropolitan (south)

<.00122 (3.9)53 (6.6)Terres de l’Ebre
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Intermediate level achievement, P valueP valueScore, mean (SD)Value, n (%)Characteristics

<.001Self-perceived digital competence

.2124.6 (3.8)54 (6.7)Advanced

<.00123.6 (3.9)384 (47.8)Intermediate

<.00121.4 (4.3)357 (44.5)Basic

.00216.1 (6.3)8 (1)No digital competence

.11Accreditation of Competence in Information and Communication Technologies-2 certificate
or similar

.00223.4 (3.9)57 (7.1)Yes

<.00122.5 (4.4)746 (92.9)No, I do not know about the Accreditation of
Competence in Information and Communication
Technologies certificate

aSmall samples were not analyzed.

Discussion

Principal Findings
Globally, there is a need to improve the digital skills of HPs
through dedicated training to fully exploit the potential of digital
technologies and to be able to provide the best possible care
using such technologies [3,11,32-34]. Multiple initiatives have
been implemented to address this need [35]. For example, the
EU*US eHealth Work Project devoted its efforts to identifying
gaps and defining competences and developed a free
introductory web-based course in eHealth [36]. Another major
effort is that of Health Education England, which had defined
a digital capability framework for improving the digital literacy
of the health and care workforce and is currently testing a tool
to self-assess digital literacy [37].

Our exploratory study in a large cohort representative of the
Catalan HP population has provided valuable information
regarding their digital competence level and training needs and
revealed the consistency of the ad hoc digital competence test
for the pursued objective. Nearly all participants (801/803,
99.8%) had either the basic or the intermediate level of
competence, indicating that this HP group is already fulfilling
the objectives set by the European Skills Agenda [38], whose
aim is to ensure that at least 70% of adults have basic digital
skills by 2025. However, the results should be interpreted with
caution given the voluntary nature of participation, which might
have given rise to a bias in assessing the participants’ digital
competence.

Some of the findings deserve further discussion. We only found
statistically significant differences in the level of digital
competence by age (higher in younger ages), self-rated digital
competence (higher in those rated as advanced), and professional
profile (higher in HP profiles other than nurses and physicians).
Conversely, we found no differences based on workplace
ownership (public vs private), level of health care, or work
setting, which points to a homogeneous population in this sense.
Most of the analyzed subgroups obtained an overall score that
was statistically <25 (basic level). Exceptions to this included
the youngest participants (aged 18-25 years); those with an
advanced level of self-reported digital competence; and certain

HP profiles such as biologists, dietitians or nutritionists,
pharmacists, speech therapists, and clinical psychologists.
Although it cannot be ruled out that these professional profiles
may be more highly trained in digital competences as a result
of their profession, the small size of these populations may have
contributed to a biased result.

Our study also provides valuable information on the most
frequently used professional digital tools (Office tools, social
media, and electronic health records) and the most requested
type of training (tools for disease prevention and health
promotion, Office tools, electronic health records, and remote
follow-up tools). The training needs were found to be broader
than the nature of the main tools used, and these needs were
inversely proportional to the frequency of use of specific digital
tools. Both findings are indicative of HPs’ interest in digital
competence, which goes beyond the limitations imposed by
their current professional digital skills or even by their current
clinical practice. The results of an in-depth analysis of the most
frequent HP profiles revealed interesting differences in the use
of digital tools and training needs, with physicians displaying
a broader range in terms of digital tools used and training needs
[39].

Interestingly, only 7.1% (57/803) of the participants held an
ACTIC-2 certificate, accrediting an intermediate level. This
finding has several possible interpretations. On the one hand,
the ACTIC certificate is voluntary and was conceived as a
standard tool to prove citizens’ digital competences when
applying for a job or job promotion. This may explain its
reduced representation in our sample and the fact that nearly
50% (394/803) of the HPs participating in our study were not
aware of its existence. Not holding an ACTIC-2 certificate only
denotes that the participants had not had access to this voluntary
certificate. This may explain the similar scores observed between
the participants with or without ACTIC-2. Of the 6.7% (54/803)
of participants who rated their digital competence as advanced,
only 24% (13/55) had the ACTIC-2 certificate. Objectively
speaking, holding this certificate translated into a higher rate
of participants scoring ≥25 (intermediate level: 23/57, 40%, vs
266/803, 33.1%) and lesser time taken to complete the survey
(mean 11.8, SD 3.6 minutes vs mean 15.7, SD 5.8 minutes).
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However, the statistical significance of these differences was
not analyzed.

The findings of our study are highly valuable to the
COMPDIG-Salut project as it establishes the basis for planning
and deciding on specific strategic actions and policies to improve
the digital competences of Catalan HPs. These are likely to be
similar to other HPs in other EU countries. Furthermore, the
results revealed the HPs’ training needs from both professional
and personal perspectives, which may serve as a starting point
for designing tailored training actions.

Comparison with similar studies is hindered by differences in
the populations included, the methodology, and the
questionnaires used. Further analyses through an in-depth
examination of the answers obtained for each of the formulated
questions are currently underway to identify specific competence
areas and on which training should be primarily focused.

Strengths and Limitations
Our study has several strengths, including a large sample size
and sociodemographic representativeness of the main HP
profiles in Catalonia. The distribution of the HPs’ professional
profiles was skewed with respect to the real Catalan scenario,
with profiles of HPs other than nurses and physicians being
overrepresented.

One of the novelties of our study is the way in which digital
competence is assessed, that is, subjectively by self-efficacy
(the most common method) and objectively by an ad hoc survey.
Although the digital competency tool is yet to be fully validated,
its acceptable consistency reinforces our findings and supports
its validity for use in evaluating the digital competence level in
the research setting. Owing to its approach, no barriers were
anticipated for its local adaptation. Moreover, all the questions
answered by the participants, except one, showed sufficient
discriminatory power. However, given that the tool is a generic
one aimed at all HPs, the adaptation of assessment scenarios
and activities to different HP profiles will enable further
refinement of the results. Resolving these weaknesses in the
tool will improve its accuracy.

Our study also has several limitations, some of which have
already been addressed. Assuming that the gold standard of

testing should be a practical test and not a survey-based case
test, some of these limitations are related to the study design:
these mainly include aspects related to data collection, as no
information was available for the percentage of people willing
to participate, the differences between respondents and
nonrespondents, including how they were approached, and the
response rate. Other limitations are inherent to voluntary
surveys, including concerns not only about the truthfulness of
the answers provided and the attention placed on certain answers
but also about selection bias, as we expect HPs with higher
digital skills to have been more likely to participate in the study.
Differences in the interpretation of questions posed should also
be considered. Finally, the exploratory nature of this study leads
to hypothesis-generating conclusions rather than definitive
conclusions.

Conclusions
Knowing the digital competence level of HPs is fundamental
for promoting relevant strategic policies and actions to ensure
that the right resources and conditions are in place for good
professional performance. Such strategies would include the
design and provision of specific training to qualify and accredit
the digital competences of HPs.

This exploratory study highlights the need to improve the digital
competences of HPs working in Catalonia. The results have
informed the Health Plan for Catalonia 2021-2025 [31] and lay
the foundations for the development and deployment of a
framework program for HPs’ digital competences that should
include assessment indicators and standards to meet the
COMPDIG-Salut project’s goals. On the basis of the definition
of this digital competence framework, training methodologies
and content will be developed for implementation in bachelor’s
degree programs (the basic educational level for students of the
various health care professions) and continuing education
programs for working HPs, which in both cases must include
the assessment and accreditation of digital competences.

The digital competence test showed acceptable consistency for
the objective pursued, although improvements are needed to
fine-tune its accuracy. The findings of this study lay the
foundations for designing a strategic plan for training Catalan
HPs.
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Abstract

Background: Electronic medical records (EMRs) of patients with lung cancer (LC) capture a variety of health factors.
Understanding the distribution of these factors will help identify key factors for risk prediction in preventive screening for LC.

Objective: We aimed to generate an integrated biomedical graph from EMR data and Unified Medical Language System
(UMLS) ontology for LC, and to generate an LC health factor distribution from a hospital EMR of approximately 1 million
patients.

Methods: The data were collected from 2 sets of 1397 patients with and those without LC. A patient-centered health factor
graph was plotted with 108,000 standardized data, and a graph database was generated to integrate the graphs of patient health
factors and the UMLS ontology. With the patient graph, we calculated the connection delta ratio (CDR) for each of the health
factors to measure the relative strength of the factor’s relationship to LC.

Results: The patient graph had 93,000 relations between the 2794 patient nodes and 650 factor nodes. An LC graph with 187
related biomedical concepts and 188 horizontal biomedical relations was plotted and linked to the patient graph. Searching the
integrated biomedical graph with any number or category of health factors resulted in graphical representations of relationships
between patients and factors, while searches using any patient presented the patient’s health factors from the EMR and the LC
knowledge graph (KG) from the UMLS in the same graph. Sorting the health factors by CDR in descending order generated a
distribution of health factors for LC. The top 70 CDR-ranked factors of disease, symptom, medical history, observation, and
laboratory test categories were verified to be concordant with those found in the literature.

Conclusions: By collecting standardized data of thousands of patients with and those without LC from the EMR, it was possible
to generate a hospital-wide patient-centered health factor graph for graph search and presentation. The patient graph could be
integrated with the UMLS KG for LC and thus enable hospitals to bring continuously updated international standard biomedical
KGs from the UMLS for clinical use in hospitals. CDR analysis of the graph of patients with LC generated a CDR-sorted
distribution of health factors, in which the top CDR-ranked health factors were concordant with the literature. The resulting
distribution of LC health factors can be used to help personalize risk evaluation and preventive screening recommendations.

(J Med Internet Res 2022;24(11):e40361)   doi:10.2196/40361
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Introduction

Early lung cancer (LC) detection is a key strategy to combat
this deadly disease worldwide [1]. The National Lung Screening
Trial in the United States and similar clinical trials around the
world have shown an approximately 20% reduction in mortality
from LC as a result of screening with low-dose computed
tomography [2]. Based on these studies, LC screening medical
guidelines as well as statistical risk prediction models including
PLCOM2012 have been implemented to recommend screening
for smokers [3]. However, screening is not commonly
recommended for nonsmokers even though they represent a
significant percentage of patients with LC worldwide, 15%-20%
among male patients and over 50% among female patients [4].
In addition, adoption of LC screening is still very low. For
example, only approximately 5% of the at-risk population
received their annual screening in the United States [5].

Risk-based or personalized screening approaches are being
studied to overcome these challenges [6]. We believe that a
deeper understanding of the spectrum of risk factors for LC and
applying technologies such as machine learning and knowledge
graphs (KGs) will generate more cost-effective screening
solutions.

KGs have been widely applied in biomedical research. For
interpreting proteomics data, a large-scale clinical KG has been
plotted from biomedical data using the Neo4j tool [7].
Open-source graph databases and tools including Neo4j have
made it easier to build and analyze KGs [8]. Studies have also
demonstrated that construction of high-quality patient KGs from
electronic medical records (EMRs) using rudimentary concept
extraction is feasible and that the KGs can be used to predict
diagnosis on the basis of symptoms [9]. Even though graphical
representation of patient data holds the promise to illuminate
insights in health care and to transform such insights gleaned
from EMR data into actionable knowledge, the application of
EMR-wide graphs for studying individual disease diagnosis
journeys or treatment processes is still limited [10]. A graphical
data model has been constructed, integrating clinical and
molecular data of patients with non–small cell LC in the Cancer
Genome Atlas LC data sets [11]. Another recent study of
synthetic patients proposed a new graphical method to identify
any particular disease’s potential risk factor distribution from
EMR (personal communication by A Chen, March 1, 2022).

The Unified Medical Language System (UMLS) ontology,
freely available from the National Library of Medicine, is a KG
consisting of millions of nodes and relationships [12]. It forms
the foundation of interoperable biomedical information systems
and services, including electronic health records. Connecting
the UMLS KG to patient graphs may enable semantic search
of patient data and support clinical decision-making [13].

This study aimed to construct a patient health factor graph for
LC from a hospital EMR and integrate it with the UMLS KG

for graph search and risk factor analysis. Through graph search,
the study also aimed to generate a distribution of LC health
factors, which was expected to help implement personalized
LC risk evaluation for preventive screening.

Methods

EMR Health Factor Data Collection
We deidentified the patient records from January 2018 to June
2021 and saved them on a secured data server controlled by the
hospital’s informatics department. The data set had
approximately 1 million patients and 7 million encounters
including both outpatients and inpatients, in which patient
names, dates of birth, contacts, and addresses were removed.
The original identifiers of patients and encounters were replaced
by irrelevant random numbers. Before using the data, our
research team members were trained in the hospital’s patient
data security and privacy policy.

Because the EMR data had no usable codes associated with the
diagnoses, synonyms of LC in Chinese were used to search for
patients with LC. A total of 1397 patients with LC aged ≥30
years were included in the target data set. The same number
(n=1397) of patients without LC and aged ≥30 years were
randomly selected as control (or background) patients for
comparison purposes.

Deidentified records of outpatient and inpatient visits, diagnoses,
laboratory tests, and procedures were imported into a custom
data collection tool on the secured data server. The data tool
automatically extracted laboratory test data and saved them in
the database. Researchers manually selected data from text
records and entered them into the database. Because the records
were not coded, practical rules were developed to improve
consistency in the data collection process. Synonyms were
automatically converted to “local standard terms” and the
resulting data were called “local standard data.” For each patient,
only data from before the final diagnosis of LC were collected
for studying disease risk factors, and a patient diagnosis journey
(PDJ) object was created in the data tool to contain 1 or multiple
encounters leading to the final diagnosis. When exporting PDJ
data to a CSV file for analysis, only the latest data for each
health factor in PDJ were selected. The final raw data set
contained near 50,000 data from patients with LC and over
58,000 data from background patients. There were over 3000
different health factors identified in these data.

Patient Graph Construction
To simplify the patient graph, continuous numerical data were
converted to categorical data. For example, values of age were
converted to categories (ranges), including 30-50, 50-70, and
>70 years; the value of drinking was “true” if the patient
consumed >1 drink per day; the value of smoking was “true”
if the patient smoked >1 cigarette per day. Laboratory findings
from the EMR were already recorded as categorical variables:
normal or abnormal; true or false; positive or negative; high,
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medium, or low; and up, down, or normal. After value
conversion, approximately 93,000 standard data for about 550
factors (ie, codes) that appeared in at least 10 patients with LC
were selected and saved into a factor import CSV file. The
format of the factor import file was as follows: virtual-id,
category, code, term, value, unit, converted-value, and date.
Patients with LC and background patients (N=2794) were both
saved in a patient import file, one patient per line, with the
following format: virtual-id, LC-label (1 for LC, 0 for
background), and factor-count.

We used the Neo4j Desktop tool (version 4.4) available freely
from Neo4j Inc, which is a graph database with a graphical user
interface (Neo4j Browser) to query with Cypher language and
view graphs. It provides an application programming interface
through a Python driver. It can load data from CSV files to
construct graphs. In our patient-centered graph model, each
patient was represented by a “Patient” node (total of 2794 patient
nodes), while health factor and value pairs were represented by
650 factor nodes. Because all values were categorical and some
health factors had more than 1 piece of categorical data, the
number of factor-value pair nodes increased from 550 to 650.
The health factors were further subdivided into the following
categories: Condition, Symptom, Observation, History,
RiskFactor, Labtest, Procedure, Medication, and Treatment.
The graph drew over 93,000 connections from patients to
factors. Constraints were created on each label to ensure
uniqueness. Patient nodes required virtual-id while all factor
nodes required category, code, and converted-value as node
key.

UMLS Disease Subgraph Construction
The UMLS 2020AB release was downloaded from the National
Library of Medicine’s UMLS website and installed locally by
following the provided instructions. The local UMLS ontology
had 2.8 million concepts, 8.3 million terms, and 39.1 million
relationships. For generating an LC UMLS subgraph, we directly
used the concept file MRCONSO.RRF and relation file
MRREL.RRF in rich release format to generate Neo4j graph
import files. The LC codes were first expanded to a more
complete set of LC codes using the UMLS hierarchy (Table 1).
We then used the expanded concept unique identifiers to find
all horizontal relations (approximately 1100) between these LC
target concepts and other biomedical concepts from over 39
million relations in UMLS ontology. The relations discovered
were filtered by a selected set of UMLS relationship attributes
for biological or medical concepts (Textbox 1); these were
categorized into either biological concept relationships (called
“biorel”) or medical concept relationships (called “medrel”).
To visualize this simple categorization of biomedical knowledge,
we added RelCat nodes between TargetConcept nodes and
related Concept nodes in the UMLS subgraph as shown in
Figure 1. We then introduced a single AbstractPatient node to
connect with all LC TargetConcept nodes. Connecting the
patient nodes in EMR graph to the single AbstractPatient node
resulted in an integrated biomedical graph that can present any
patient’s health factors together with biomedical knowledge
from UMLS ontology for LC.

Table 1. Expanded lung cancer concepts in the Unified Medical Language System (UMLS) hierarchy.

SNOMEDCT codeTermUMLS concept unique identifiers

162573006Suspected lung cancerC0581834

363358000Malignant neoplasm of lungC0242379

254632001Small cell carcinoma of lungC0149925

254637007Non-Small Cell Lung CarcinomaC0007131

254626006Adenocarcinoma of lung (disorder)C0152013

254634000Squamous cell carcinoma of lungC0149782

93880001Primary malignant neoplasm of lungC1306460

94391008Secondary malignant neoplasm of lungC0153676
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Textbox 1. List of Unified Medical Language System (UMLS) relationship attributes and categories.

Biological concept relationships:

• gene_associated_with_disease

• gene_involved_in_pathogenesis_of_disease

• gene_mapped_to_disease

• gene_product_malfunction_associated_with_disease

• gene_product_is_biomarker_of

• may_be_cytogenetic_abnormality_of_disease

• may_be_molecular_abnormality_of_disease

Medical concept relationships:

• may_treat

• regimen_has_accepted_use_for_disease

• has_associated_finding

• associated_finding_of

• associated_disease

• is_finding_of_disease

• related_to

• clinically_associated_with

• co-occurs_with

• may_be_associated_disease_of_disease

• may_be_finding_of_disease

Figure 1. Biomedical graph model for the integration of the electronic medical record patient graph with the Unified Medical Language System
knowledge graph of lung cancer. Numbered relationship labels are listed in Table 2.
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Table 2. Node and relationship labels in the integrated biomedical graph model (shown in Figure 1).

To node labelRelationship labelsFrom node labelNumber

ConditionHAS_CONDITIONPatient1

SymptomHAS_SYMPTOMPatient2

ProcedureHAS_PROCEDUREPatient3

MedicationHAS_MEDICATIONPatient4

TreatmentHAS_TREATMENTPatient5

ObservationHAS_OBSERVATIONPatient6

RiskFactorHAS_RISKFACTORPatient7

HistoryHAS_HISTORYPatient8

LabtestHAS_LABTESTPatient9

AbstractPatientINSTANCE_OFPatient10

TargetConceptMAY_HAVE_TARGETAbstractPatient11

RelCatHAS_RELCATTargetConcept12

ConceptHAS_RELARelCat13

Patient Health Factor Distribution
We developed a Python script to automatically query the patient
graph with each of the health factors. The number of connections
from each factor to LC target patients (depicted as “TPC” in
equation 1) and background patients (depicted as “BPC” in
equation 1) in the search results were counted separately. For
each factor, the delta of patient connection counts was calculated
by subtracting the number of background patient connections
from that of the target patient connections. Division of the delta
by the total number of patient connections yielded the
“connection delta ratio” (CDR), a relative measure of the
strength of connections from a factor to the target patient.
Sorting factors by CDR and plotting a graph of CDR versus the
sorted factors yielded a distribution of LC health factors from
high to low strength.

CDR = (TPC – BPC) / (TPC + BPC) (1)

A CDR between 1 and 0 implied that the factor was more related
to the target patient, 1 being most related. A CDR below 0
implied that the factor was more related to the background
patient.

In this study, factors with a CDR of >0.5 and having connections
with at least 10 patients with LC were selected for literature
verification. The local standard terms were first translated to
English and the corresponding UMLS concepts as well as
standard codes from SNOMEDCT_US, LOINC, or RxNORM
if possible. We then searched the research literature on Google,
Google Scholar, PubMed for each health factor and reviewed
the published studies to verify whether the health factors were
confirmed risk factors, correlated with LC, were unrelated to
LC, or had an unsure relationship with LC. If a factor’s
relationship with LC was inconclusive in existing research
reports, the factor was tagged as “unsure.” For example, to look
up the factor “Hypocalcemia,” search terms included “Lung
cancer risk factor Hypocalcemia” and other variations if
necessary.

Ethical Considerations
This retrospective study of EMR patient data has been approved
by the institutional review board of Guilin Medical University
Associated Hospital in China (QTLL202139).

Results

Integrated Graph Model of the EMR Patient Graph
and the UMLS KG
To study the spectrum of health factors related to LC in the
hospital EMR, we applied a new graph method that we recently
developed using synthetic patient data. Figure 1 shows the graph
model integrating the EMR patient graph and UMLS knowledge
subgraph for LC. The patient graph is patient-centered with
patient nodes connecting to different categories of health factor
nodes. Table 2 lists the relationships between nodes, as
generated in the graph database. The UMLS subgraph in this
model is focused on the horizontal biomedical relationships
between LC nodes and related concept nodes. Such an
integration model enables the presentation of a patient’s actual
health factors together with the UMLS KG’s related biomedical
factors in the same graph.

Patient Health Factor Graph Based on EMR Data
From the hospital EMR, 1397 patients with LC were selected
along with the same number of background patients without
LC. After deidentified data of laboratory tests and procedures
were integrated into the corresponding encounters, a total of
108,000 standard data for various categories of health factors
were extracted from patient encounters. Although over 3000
different factors were collected, only approximately 550 factors
shared by at least 10 patients with LC were used for building
the patient health factor graph.

The patient health factor graph was constructed by importing
patient properties for the patient nodes and factor properties for
the corresponding health factor nodes. The resulting patient
graph had 93,000 relations between the 2794 patient nodes and
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650 factor-value pair nodes. Table 3 lists several examples of
Cypher queries for searching patients with various factors. For
example, clinicians can easily search for patients with LC with
1 or more co-occurring diseases (Figure 2), with 1 or more

nonlaboratory factors (symptoms, medical histories, and
observations; Figure 3), or laboratory tests (Figure 4). One can
also easily search for any number of health factors shared by
patients among patients with LC.

Table 3. Examples of graph search tasks and queries using Cypher language.

Cypher querya,bGraph search taskNumber

match (p:Patient {label:'1'})-->(f {cat: 'dac'})

where f.code = 'C-389764'

or f.code = 'C-172569'

or f.code = 'C-765209'

or f.code = 'C-305976'

or f.code = 'C-352894'

or f.code = 'C-654730'

return p, f;

1 • Search for patients with LC with 1-6 co-occurring diseases and
present the topology.

• C-389764: Hypocalcemia
• C-172569: Bacterial Infection
• C-765209: Obstructive pneumonia
• C-305976: Pneumothorax
• C-352894: Leukopenia
• C-654730: Pneumonia

match (p:Patient {label:'1'})-->(f) where

(f.code = 'C-549780' and f.valcvt = 'true')

or (f.code = 'C-289547' and f.valcvt='true')

or (f.code = 'C-127089' and f.valcvt='true')

or (f.code = 'C-029761' and f.valcvt='true')

or (f.code = 'C-294680' and f.valcvt='true')

return p, f;

2 • Search for patients with LC with 1-5 nonlaboratory factors and
present the topology

• C-549780: Pain
• C-289547: Bloodstained sputum
• C-127089: Hoarseness
• C-029761: Productive Cough
• C-294680: Swollen Lymph Node in head and neck

match (p:Patient {label:'1'})-->(f {cat: 'lab'}) where

(f.code = 'C-659218' and f.valcvt = 'true')

or (f.code = 'C-493765' and f.valcvt = 'up')

or (f.code = 'C-573086' and f.valcvt = 'up')

or (f.code = 'C-120948' and f.valcvt = 'abnormal')

or (f.code = 'C-814793' and f.valcvt = 'abnormal')

return p, f;

3 • Search for patients with LC with 1-5 laboratory test values and
present the topology.

• C-659218: Hepatitis B virus
• C-493765: Squamous cell carcinoma antigen
• C-573086: Neuron-specific enolase measurement
• C-120948: Gastrin-releasing peptide precursor increased
• C-814793: Mycoplasma pneumoniae antibody

match (p:Patient {label:'1', vpid:'_8908085766'})-->(f)

match (p)-->(ap:AbstractPatient)-->(tc:TargetConcept)-->(cr:RelCat)-
->(c:Concept)

return p, f, ap, tc, cr, c;

4 • Search for 1 patient, show the electronic medical record health
factor graph and the Unified Medical Language System
knowledge graph together

aUsing Neo4j Cypher query language.
bPatient with LC: label=1; background patient: label=0. Factor property f.code: unique local code. Factor property f.valcvt: converted value.

Figure 2. Topology of an example patient graph searched with 6 disease factors. Search query 1 in Table 3 was used. Patient nodes are shown in blue
and factor nodes are shown in red. Lines represent relationships between a patient and factors.
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Figure 3. Topology of an example patient graph searched with 5 nonlaboratory factors. Search query 2 in Table 3 was used. Patient nodes are shown
in blue and factor nodes are shown in pink. Lines represent relationships between a patient and factors.

Figure 4. Topology of an example patient graph searched with 5 laboratory factors. Search query 3 in Table 3 was used. Patient nodes are shown in
blue and factor nodes are shown in orange. Lines represent relationships between a patient and factors.

Integration of the EMR Patient Graph With the UMLS
Subgraph
As the largest integrated biomedical ontology, the UMLS graph
contains hierarchies of diseases and horizontal relationships
with other entities. Within a disease family such as LC, the
various types of LCs are horizontally connected to a myriad of
related biomedical concepts including genes, proteins,
symptoms, observations, medication, and treatments. This study
is focused on the UMLS knowledge subgraph containing
horizontal relationships for LC. Using the UMLS LC hierarchy,
the target LC codes found in EMRs were expanded to 8 main
LC concepts (Table 1). From these concepts, approximately

1100 relations were identified in the UMLS ontology. Most of
the relations were hierarchical—for example, a parent-child
relationship—and thus the relations were further filtered by the
biomedical relationships that we were interested in (Textbox
1). The resulting UMLS LC biomedical subgraph had 8 LC
concept nodes, 187 related biomedical concepts, and 188
horizontal biomedical relations (Figure 5).

Through a single AbstractPatient node, the EMR patient graph
was connected to the UMLS subgraph for LC. Search query 4
in Table 3 and its search result in Figure 5 show an example
presentation of both actual patient’s health factors in the EMR
and relevant biomedical knowledge in the UMLS in the same
graph.
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Figure 5. Example search result of the integrated biomedical graph. Search query 4 in Table 3 was used to search 1 specific ID of a patient with lung
cancer. Left side: health factors from the electronic medical record of one patient with lung cancer. Right side: lung cancer biomedical knowledge from
the Unified Medical Language System. Middle: single AbstractPatient as the connection. BioRel: biological concept relationship; MedRel: medical
concept relationship.

Generation of the Distribution of LC Health Factors
From the EMR
With the patient health factor graph, we searched for patients
with LC and background patients with each of the health factors
and its value. The connection delta ratios were calculated for
each factor from the number of connections to patients with LC
and the number of connections to background patients. Sorting

factors by CDR in descending order generated a distribution of
health factors for LC found in the EMR. The complete
distribution of top-ranked factors over a CDR cutoff of 0.5 are
shown in Table A1 in Multimedia Appendix 1 and plotted in
Figure 6. As examples, up to 5 top health factors in each
category are shown in Table 4. For understanding LC risk
factors, this distribution excluded the various cancers, all
procedures and medications related to cancers, and treatments.

Figure 6. Distribution curve of lung cancer health factors sorted by the connection delta ratio (CDR; cutoff=0.5). Only partial codes are visible on the
x-axis. The full spectrum of lung cancer health factors can be found in Table A1 in Multimedia Appendix 1.
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Table 4. Partial distribution of lung cancer health factors sorted by category and connection delta ratio (cutoff=0.5) as examples. The full distribution
of lung cancer health factors is provided in Table A1 in Multimedia Appendix 1.

TagConnection delta ratioValueTermLocal codeCategorya

confirmed1.00TRUELeft lung pulmonary obstructive pneumoniaC-182460dac

confirmed1.00TRUERight lung pulmonary obstructive pneumoniaC-248056dac

confirmed1.00TRUEObstructive pneumoniaC-765209dac

correlated0.93TRUEPneumothoraxC-305976dac

correlated0.88TRUEBacterial InfectionC-172569dac

correlated1.00TRUEHepatitis B virusC-659218lab

confirmed0.90upSquamous cell carcinoma antigenC-493765lab

correlated0.82upNeuron-specific enolase measurementC-573086lab

confirmed0.82upNon-small cell lung cancer associated-antigenC-952408lab

correlated0.82downSuperoxide dismutase measurementC-103698lab

confirmed1.00TRUEMediastinal massC-039824obs

confirmed1.00TRUELung massC-706432obs

confirmed1.00TRUELung mass found in checkupC-748932obs

confirmed0.91TRUELung shadowC-134276obs

correlated0.89TRUEBronchial stenosisC-706281obs

confirmed0.50TRUESmokingC-902187rf

confirmed1.00TRUEPainC-549780smp

confirmed0.96TRUEBloodstained sputumC-289547smp

correlated0.83TRUEHemoptysis (cough up blood)C-152064smp

confirmed0.82TRUEShoulder PainC-243071smp

correlated0.80TRUEHoarsenessC-127089smp

aCategories include condition (dac), laboratory test (lab), observation (obs), risk factor (rf), and symptom (smp).

We checked the medical literature for any associations between
these top CDR-ranked health factors and LC [14-26]. This
literature review confirmed that 70 out of the 71 factors (Table
A1 in Multimedia Appendix 1) were LC risk factors or were
correlated with LC. The relationship between 1 factor, laboratory
test for immunoglobulin E levels, and LC was unsure according
to the literature [27]. This high degree of concordance between
the results of our CDR analysis and the literature suggests that
the patient graph CDR method was effective in generating a
reliable distribution of LC health factors from EMR patient
data.

Discussion

Using hospital EMR patient data and applying the new patient
graph CDR method recently developed from synthetic patient
data, this study was able to construct an integrated biomedical
graph for LC. From searching the graph, the study created a
distribution of health factors for LC, which were verified
through literature review. Our results show that the new strategy
of first using synthetic patients for method development and
then applying the methods with real patient data is valid and
effective.

This study has implications for hospitals with regard to
harnessing KG databases and technologies. First, generating an

integrated biomedical graph with hospital EMR data may enable
medical professionals to view individual patient’s health factor
graphs along with the related UMLS KGs for comprehensive
comparisons. Current medical concept nodes horizontally related
to the LC nodes are mostly genes and gene-related biological
information, as well as drugs and treatment-related information
from the UMLS ontology (see Figure 5). Since the UMLS is
updated quarterly, the LC integrated biomedical graph will grow
as the UMLS grows. Thus, this KG integration offers a new
way for hospitals to bring continuously updated international
standard biomedical knowledge to patient care. The current
graph model is designed specifically for searching risk factors;
however, it can be modified for other clinical information tasks.
It may also be integrated with cancer-associated lifestyle KGs
for disease management information [28].

The second implication of this study may be applying the
CDR-ranked distribution of health factors to build more effective
or practical machine learning models for LC risk prediction.
Because the distribution ranks factors from higher to lower
relative strength, they may be used to help select more health
factors to build prediction models; that is, feature engineering.
For example, we have an ongoing project experimenting with
the factor distribution in building LC risk prediction machine
learning models. Knowing the risk factors actually found in the
EMR data, we could focus on these risk factors and reduce the
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variables from over 100 to less than 30 in the machine learning
models that were generated from EMR-wide data. To increase
the LC screening rate in larger populations, machine learning
models with a small number of variables for which data can be
readily available in community and rural clinics are necessary.

In addition, the patient health factor graphs generated from EMR
data may enable hospitals to study the effect of various types
of factors in diagnosis, medication, treatment, and disease
management. Such graph analysis complements existing
statistical analysis. Traditionally, studies on individual risk
factors are hypothesis driven and use a clinical trial or
case-control study design [29]. The literature found in this study
for verification of the health factor distribution collectively
indicate the use of this approach [14-27]. Because this study’s
patient graph method is EMR data driven, it can reveal potential
new risk factors or inconclusive risk factors that deserve
additional research. For example, the factor “laboratory test for
immunoglobulin E levels” was tagged as “unsure” in the
distribution because prior studies were inclusive. Our CDR
analysis suggests that this immunoglobulin E factor requires
further clinical validation [30].

Because EMR data sometimes have biases and missing data,
the EMR data–driven patient graph CDR method has limitations.
CDR is a simple measurement of a factor’s relative strength,

but caution should be taken when considering factors with a
high CDR but a small number of connections. The higher the
number of connections, the more reliable the CDR. Hence,
studies should set a cutoff for the CDR as well as the minimal
number of connections to ensure that the study uses enough
data. It is also important to recognize factors that might be
affected by data biases and to exclude them from CDR analysis
[31]. For EMRs lacking standardized and structured data,
collecting standardized data is crucial but challenging. If a data
collection pipeline is not fully automated, collecting enough
unbiased standardized patient profile data will be a very
time-consuming process.

In conclusion, by collecting standardized data of thousands of
patients with and those without LC from EMRs, it was possible
to generate a hospital-wide patient-centered health factor graph
for graph search and presentation. It was also practical to
integrate the patient graph with the UMLS KG for LC, enabling
hospitals to bring continuously updated international standard
biomedical KGs from the UMLS to clinical care. Applying
CDR analysis to the graph of patients with LC yielded a
CDR-sorted distribution of health factors, where top
CDR-ranked health factors showed a high degree of concordance
with the literature. The resulting distribution of LC health factors
can be used to help personalize risk evaluation and preventive
screening recommendations.
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Abstract

Background: Physician rating websites (PRWs) have become increasingly important in the cross-section between health and
digitalization. Social influence plays a crucial role in human behavior in many domains of life, as can be demonstrated by the
increase in high-profile influential individuals such as social media influencers (SMIs). Particularly in the health-specific
environment, the opinion of family and friends has a significant influence on health-related decisions. However, so far, there has
been little discussion about the role of social influence as an antecedent of behavioral intention to use PRWs.

Objective: On the basis of theories of social psychology and technology acceptance and theories from the economic perspective,
this study aimed to evaluate the impact of social influence on the behavioral intention to use PRWs.

Methods: We conducted 2 studies by applying a mixed methods approach including a total of 712 participants from the Austrian
population. The impact of social influence on the behavioral intention to use PRWs was investigated through linear regression
and mediation and moderated mediation analysis using the PROCESS macro 4.0 in SPSS 27 (IBM Corp).

Results: The 2 studies show similar results. In study 1, an experiment, no direct effect of social influence on the behavioral
intention to use PRWs could be detected. However, an indirect effect of social influence on the behavioral intention to use PRWs
via credibility (b=0.572; P=.005) and performance expectancy (b=0.340; P<.001) could be confirmed. The results of study 2, a
cross-sectional study, demonstrate that social influence seems to have a direct impact on the behavioral intention to use PRWs
(b=0.410; P<.001). However, when calculating the proposed mediation model, it becomes clear that this impact may partly be
explained through the 2 mediator variables—credibility (b=0.208; P<.001) and performance expectancy (b=0.312; P<.001). In
contrast to the observed direct and indirect effect, neither demographic nor psychographic variables have a significant moderating
impact on the influencing chain in study 2.

Conclusions: This study provides an indication that social influence has at least an indirect impact on the behavioral intention
to use PRWs. It was observed that this impact is exerted through credibility and performance expectancy. According to the
findings of both studies, social influence has the potential to boost the use of PRWs. As a result, these web-based networks might
be a promising future interface between health care and digitalization, allowing health care practitioners to gain a beneficial
external impact while also learning from feedback. Social influence nowadays is not just limited to friends and family but can
also be exerted by SMIs in the domain of PRW use. Thus, from a marketing perspective, PRW providers could think of collaborating
with SMIs, and our results could contribute to stimulating discussion in this vein.

(J Med Internet Res 2022;24(11):e37505)   doi:10.2196/37505
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Introduction

Background
The number of websites where patients can publicly share their
health care experiences has grown rapidly in recent years [1].
These web-based platforms are characterized by patients sharing
their subjective perceived health experience with the entire
web-based community by creating qualitative reviews and
quantitative ratings [2]. In addition, there is an increasing
number of patients who use these websites to make their
health-related decisions as well as to search for and select a
suitable health service provider [3]. Especially for health care
providers, those web-based portals represent a cost-efficient
possibility to achieve a positive external impact [4]. This shows
that physician rating websites (PRWs) provide the opportunity
to evaluate incidents in the health sector and make
evidence-based decisions by referring to existing evaluations
on rating sites [5].

Theoretical Background
We built our conceptual framework on insights from several
theoretical domains. These can be categorized as theories from
the social psychological perspective, theories of technology
acceptance, and theories from the economic perspective. From
a social psychological perspective, the theory of reasoned action
(TRA) [6] and its extension, the theory of planned behavior
(TPB), can be used as a framework for this study [7]. According
to the TRA, it is assumed that individuals’ attitudes and
subjective norms shape their behavioral intentions as well as
their behavior [8]. It is proposed that individuals are more likely
to perform a specific behavior if they have a positive attitude
toward this behavior and believe that others want them to
perform it (subjective norm) [9]. The TRA has formed the
theoretical underpinning of many empirical studies so far. As
the meta-analysis by Sheppard et al [10] in 1988 could
demonstrate, the empirical results of several studies contribute
to support the TRA [10]. However, the proposed influencing
chain was further extended through the more sophisticated
version, the TPB [11]. According to this theory, there are 3
independent core components that shape an individual’s
behavioral intentions [12]. These include attitudes and
subjective norms but also perceived behavioral control [13]. In
this context, again, attitude describes the individual’s view of
a particular behavior, and subjective norms describe what others
might think about the particular behavior [14]. However,
perceived behavioral control is an individual’s sense of control
over their own behavior and represents an exogenous variable
that, in contrast to the other 2, affects both behavioral intention
and behavior itself [7].

The second stream of theories that provide both the foundation
and framework for this study are the theories of technology
acceptance and technology use. These theories are based on the
TPB and integrate further theories, factors, and modifications
depending on their individual characteristics [15-18]. The
pioneering theory of this kind was the technology acceptance
model (TAM), in which it was assumed that perceived
usefulness and perceived ease of use influence the attitude
toward using [19,20]. According to this model, attitude toward

using represents the decisive predictor for actual system use
[21]. Further developments of the original TAM were published
as TAM 2 [22] and TAM 3 [23]. The currently prevailing theory
of technology acceptance was developed on this basis. The
so-called Unified Theory of Acceptance and Use of Technology
(UTAUT) [24,25] and its further development, the Extended
UTAUT [26], propose factor models that are characterized by
a vast number of independent influencing variables [27]. These
include, for example, performance expectancy or social
influence [28]. According to the UTAUT, these factors affect
the use behavior regarding new or adapted technologies whereby
the impact can be obtained directly or indirectly via behavioral
intention [29].

Finally, from an economical perspective, the theory of
information economics (TIE) [30] and the concept of source
similarity [31] also contribute to the theoretical underpinning
of this study. According to the TIE, consumers are not able to
sufficiently assess the quality of credence products [30]. In the
medical context, this means that patients are dependent on
additional sources beyond their mere subjective perception to
be able to assess the quality of the medical encounter and the
medical treatment involved [32,33]. The concept of similarity,
in which it is assumed that the recipient of a piece of advice
evaluates the quality of the source, could be valuable in this
context [34]. According to this theoretical concept, the decision
for or against advice received is dependent on the transmitter’s
attributed expertise and similarity to the perceiver’s point of
view [35]. Sources that are perceived as similar seem to have
a significant impact from the perceiver’s perspective because
of the ascription of similar needs and expectations [31]. These
assumptions show that advice from a person with a high
similarity might lead to a change in behavior [36] and, thus,
inter alia could also contribute to an increase in the behavioral
intention to use PRWs.

The effect of social influence on the behavioral intention to use
a new or adapted technology is well known. For example,
previous studies have already shown that social influence has
an impact on the behavioral intention to use mobile-based
assessments [37], Instagram messaging [38], web-based banking
[39], eHealth services [40], social media [41], e-government
[42], e-learning [43], and accounting platforms [44]. Although
this review is not exhaustive and includes only a fraction of the
studies that have investigated the relationship between social
influence and the behavioral use intention, to the best of our
knowledge, the relationship between social influence and
behavioral intention to use PRWs has not been investigated so
far. For this reason, we conducted 2 studies by applying a mixed
methods approach to investigate the direct and indirect effects
of social influence on the behavioral intention to use PRWs,
including potential moderation effects. The following section
elaborates on this.

Determinants of Behavioral Intention to Use PRWs
The behavioral intention to use a new or adapted technology
refers to the strength of the ambition to perform a particular
action [6,22]. On the basis of various studies in this field (eg,
Krueger and Carsrud [45], Tonglet et al [46], Hardeman et al
[47], Anderson and Schwager [48], Hoogenbosch et al [49],
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and Venkatesh and Zhang [24]), it can be assumed that the
behavioral intention to use a new technology plays a crucial
role in forecasting individuals’ actual or future use behavior.

Social Influence
Consumer decisions in the product or service sector are often
strongly influenced by individuals who have an impact on the
customers’ behavior [50]. The whole boom of influencer
marketing nowadays is more or less based on this fact. However,
in the medical field, the degree of perceived uncertainty from
the patients’ perspective is frequently very high, which leads
to the fact that social influence has a very strong effect on
patients’ decision-making behavior [51]. Moreover, studies
have shown that individuals whom patients feel closely related
to have a strong impact on a variety of health-related decisions
such as the choice of physician, the therapeutic method, or the
frequency of medical consultation [52,53]. Beyond that, social
influence was represented as subjective norm and was already
an integral part of the TPB [11] and of subsequent theories from
the field of technology acceptance [25]. For this reason, we
focused on social influence as the independent variable and

propose the following hypothesis: a positive social influence
leads to a higher behavioral intention to use PRWs (hypothesis
1).

Figure 1 shows the proposed direct effect of social influence
on the behavioral intention to use PRWs.

In hypotheses 2 to 6, we describe indirect effects, which increase
the behavioral intention to use PRWs through credibility and
performance expectancy based on social influence. Owing to
this effect in which credibility and performance expectancy act
as mediator variables, a potential direct effect of social influence
on the behavioral intention to use PRWs should be weakened
[54]. This assumption is based on the fact that mediator variables
generally affect the direct effect of the independent variable on
the dependent variable [55]. As we assume that the impact of
social influence on the behavioral intention to use PRWs can
partly be explained through credibility and performance
expectancy, we argue that, in the mediation model, the direct
effect between social influence and the behavioral intention to
use PRWs gets weaker compared with the single linear
regression (hypothesis 1a).

Figure 1. Direct effect of social influence on the behavioral intention to use physician rating websites. H: hypothesis.

Credibility
The concept of credibility describes the level of believability
of a transmitter judged by the information perceiver [56].
Perceived credibility has an important impact on the whole
consumer decision-making process, especially in the case of
decisions under conditions of uncertainty [57]. In this context,
it was shown that social influence not only can change or
reinforce the attitude toward new or unknown subjects but also
affects subject attributes such as the credibility of an information
source [58]. Thus, credibility is a construct that is strongly
controlled by social influence [59]. This leads to our second
hypothesis: a more positive social influence leads to a higher
credibility of PRWs (hypothesis 2).

In addition to social influence, the impact of credibility on
behavioral use intention has also been investigated in the past
[60]. In the context of technology acceptance, it was shown that
credibility exerts a direct impact on the behavioral intention to
use a new or adapted technology [61]. For this reason, we
propose the following: a higher credibility leads to a higher
behavioral intention to use PRWs (hypothesis 3).

Performance Expectancy
With regard to use of new technologies, performance expectancy
is based on the fact that the use of new systems and the
associated change of behavior can lead to an improvement of
the current state [25]. This means that the desire and motivation

to use and accept a new application or technology increases
with the potential benefits derived from its use [62]. As users
create individual content on rating portals, the question of
credibility regarding this content in particular and the evaluation
portal as a whole is essential to assess the performance
expectancy [63]. Therefore, an increase in credibility can lead
to web-based portals being perceived as more useful [64,65].
Thus, we expect the following: a higher credibility leads to a
higher performance expectancy toward PRWs (hypothesis 4).

Nevertheless, alternative factors can also exert impact on
performance expectancy. Fedorko et al [66] extended the
UTAUT in the area of electronic banking and demonstrated that
social influence had a positive effect on the expected
performance. For this reason, the corresponding hypothesis is
as follows: a more positive social influence leads to a higher
performance expectancy regarding PRWs (hypothesis 5).

Studies in different fields have shown that performance
expectancy has a strong effect on the behavioral intention to
use new or adapted technologies [67]. In line with published
results in the field of technology acceptance (eg, Anderson and
Schwager [48], Carlsson et al [68], and Marchewka and Kostiwa
[69]), we propose the following: a higher performance
expectancy leads to a higher behavioral intention to use PRWs
(hypothesis 6).

Figure 2 shows the proposed relationships between the
constructs and, thus, the proposed influencing chain.
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Figure 2. Conceptual serial mediation model. H: hypothesis.

Moderators of the Impact of Social Influence on the
Behavioral Intention to Use PRWs
Age and gender are 2 demographic characteristics that have
been discovered to affect the behavioral intention to use a new
or adapted technology [70-73]. For this reason, we propose that
the age of the participants moderates the effects between social
influence and the behavioral intention to use PRWs as well as
between social influence and credibility of PRWs (hypothesis
7a) and that the gender of the participants moderates the effects
between social influence and the behavioral intention to use
PRWs as well as between social influence and credibility of
PRWs (hypothesis 7b).

In addition to these demographic characteristics, psychographic
characteristics could also moderate the proposed effects. eHealth
literacy describes the extent to which individuals are able to
distinguish useful health-related information on the internet
from less useful information [74]. Even though it was shown
that eHealth literacy seems to exert little influence under certain
conditions [75,76], it was also discovered that a high eHealth
literacy can lead to an increase in the use behavior regarding
health-related digital and mobile technologies [77,78]. In the
context of PRWs, Schulz and Rothenfluh [79] observed that a
higher eHealth literacy may mitigate the strength regarding the
impact of individual reviews. This result shows that individuals
with a high eHealth literacy seem to be less impressionable,
especially in the medical web-based rating environment. On
the basis of these results and assuming that individuals with a
high eHealth literacy know where to find health-related
information on the web, it is expected that a high eHealth
literacy weakens the effects of our research model. For this
reason, we propose that a high eHealth literacy weakens the
effects between social influence and the behavioral intention
to use PRWs as well as between social influence and credibility
of PRWs (hypothesis 8a).

In addition to eHealth literacy, the level of skepticism regarding
web-based reviews may also weaken the proposed effects in
our research model. Consumer skepticism toward marketing
and communication activities has a long research history [80].
Particularly in the digital environment, it has been shown that
the level of skepticism toward web-based information can play
a significant role in different types of decision-making [81,82].
A distinctive expression of consumer skepticism is review
skepticism, which can be defined as mistrust toward electronic
word of mouth in the context of web-based reviews [83]. In our
study, review skepticism was conceptualized as a dispositional
form of skepticism and not a situational one [81]. As it can be

assumed that individuals who reveal a higher level of review
skepticism are even more critical toward information on PRWs,
we postulate that a high level of review skepticism weakens the
effects between social influence and the behavioral intention
to use PRWs as well as between social influence and credibility
of PRWs (hypothesis 8b).

To check the hypotheses, a mixed methods approach was applied
by conducting 2 studies with different target samples and an
experimental as well as cross-sectional study approach. Both
of the studies are explained in detail in the following sections.

Study 1

Methods

Study Design and Measures

To test the proposed hypothesized model as depicted in Figure
2, in a first step of our research endeavor, study 1 was conducted
by performing a web-based questionnaire–based experiment
with a between-subject design. Through randomized
experimental manipulation, study participants were assigned to
either the experimental group or the control group. After
entering sociodemographic data, both groups received the
following information: “Physician Rating Websites offer health
care consumers the opportunity to evaluate their doctor
anonymously. These evaluations could assist future or potential
patients in decision-making regarding their future medical care.”
In addition to that, the experimental group was asked to imagine
that someone who influences their behavior or is important to
them or whose opinion is appreciated has recommended the use
of PRWs, whereas the control group did not receive this
additional information. After that first part, respondents were
asked to evaluate their perceived credibility and performance
expectancy regarding PRW use as well as their behavioral
intention to use PRWs.

The web-based questionnaire used in the experimental setting
of study 1 was based on the adoption of established and
validated scales [24,26,49,84-88]. The item wording of the
questionnaire can be found in Multimedia Appendix 1
[24,26,49,84-88]. All items used were translated and back
translated by both an English and a German native speaker who
each had fluent language skills in their respective foreign
language. To identify potential ambiguity in wording, a pretest
with 20 participants was performed. After slight modifications
based on the pretest results, the final version of the questionnaire
was developed, which was then used for the main study.
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Procedure

Data collection was performed using the web-based survey tool
Google Forms. Respondents were invited to participate through
various web-based channels such as email or social media
(snowball sampling), and the survey was conducted over a
period of 1 month, from April 15, 2019, to May 14, 2019.

Ethical Considerations

In Austria, there is no requirement to go through an institutional
review board or an ethical committee when conducting research
with human participants. The questionnaire and study methods
adhere to Austrian and European Union privacy laws. The study,
as well as the questionnaire, has received clearance from a
number of academics and university professors. Participants
were properly informed and instructed about their voluntary
participation in a web-based survey and were also given the
reassurance that their data would be managed with strict
confidentiality using acceptable methods, processes, and
protocols. Individuals who freely decided to participate in the
survey were notified about it in written form before and after
they completed the questionnaire. The data were handled in a
strictly confidential and anonymous manner.

Data Check

At the beginning of the questionnaire, participants were
informed that there were no right or wrong answers and that
they would serve the objective of the survey best if they
answered the questions honestly to minimize the potential risk
of common method bias [89]. Participants were also informed
that their information would be handled with complete secrecy
using appropriate techniques, processes, and protocols [90].

Measurement Models

SPSS Statistics (version 27; IBM Corp) was used to test the
hypotheses. The data were analyzed using linear regressions
[91]. In addition to that, regression-based mediation analyses
[92] were conducted using the PROCESS macro for SPSS [93].
Of the 92 models included in the PROCESS macro, which are
also depicted in the appendix of the corresponding book by
Hayes [94], we identified model number 6
(Y=iy+c′X+b1M1+b2M2+ey) as the appropriate model for the
mediation analysis [92,94]. Furthermore, we included 5000
bootstraps and chose a 95% CI. Social influence was defined
as independent variable (X), the behavioral intention to use
PRWs was defined as dependent outcome variable (Y), and
credibility as well as performance expectancy were both
conceptualized as mediators (M1 and M2).

Results

Analysis of Used Concepts

The Cronbach α ranged from .88 (performance expectancy) to
.98 (behavioralintention to use PRWs) for all multi-item
measures. The evaluation of construct means shows a rather
high credibility (4.04, SD 1.43), performance expectancy (4.39,
SD 1.55), and behavioralintention to use PRWs (4.15, SD 1.96).
Table 1 provides a summary of the model construct and
measures, including means, SDs, and Cronbach α calculation
results.

Table 2 shows how the individual constructs correlate with each
other. It is evident that there is a high correlation between
performance expectancy and behavioralintention to use PRWs.
In contrast, there is a low correlation between credibility and
performance expectancy as well as between credibility and
behavioral intention to use PRWs [95].
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Table 1. Model constructs and measures.

Cronbach αValue, mean (SD)Variable and item

.96Credibility

4.54 (1.60)PRWsa seem to be credible

4.49 (1.56)PRWs seem to be reliable

4.34 (1.65)PRWs seem to be honest

4.06 (1.64)PRWs seem to be sincere

4.01 (1.65)PRWs seem to be trustworthy

3.77 (1.73)PRWs seem to have expert knowledge

3.72 (1.60)PRWs seem to be experienced

3.93 (1.72)PRWs seem to contain knowledgeable content

3.86 (1.65)PRWs seem to be qualified

3.73 (1.70)PRWs seem to be knowledgeable

.88Performance expectancy

4.73 (1.70)I think that PRWs are a useful tool

4.22 (1.70)By using PRWs, I feel like I have more control over my health

4.23 (1.80)Using PRWs will enhance my effectiveness in managing my health care

.98Intention to use PRWs

4.14 (2.01)I intend to use PRWs in the future

4.16 (1.98)I will try to use PRWs

4.13 (2.02)I plan to use PRWs

aPRW: physician rating website.

Table 2. Construct correlationsa.

Correlations (2-sided; 95% CI)Value, mean (SD)Variable

321

0.23 (0.10-0.36)0.29 (0.16-0.42)14.04 (1.43)Credibility

0.53 (0.42-0.62)10.29 (0.16-0.42)4.39 (1.55)Performance expectancy

10.53 (0.42-0.62)0.23 (0.10-0.36)4.15 (1.96)Intention to use PRWsb

aAll correlations have a P value of <.001.
bPRW: physician rating website.

Participant Characteristics

A total of 194 participants took part in the study. As the
questionnaire was primarily sent out in the university

environment, it can be assumed that most study participants
were members (students and employees) of a midsized Austrian
university. Table 3 provides the sample description.
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Table 3. Sample description (N=194).

Participants, n (%)Sociodemographic characteristics

Sex

106 (54.6)Female

88 (45.4)Male

Age (years)

31 (16)20 to 24

18 (9.3)25 to 29

26 (13.4)30 to 34

56 (28.9)35 to 39

15 (7.7)40 to 44

2 (1)45 to 49

8 (4.1)50 to 54

13 (6.7)55 to 59

20 (10.3)≥60

Education

20 (10.3)Compulsory education

9 (4.6)Vocational secondary education

29 (14.9)Apprenticeship

29 (14.9)High school

80 (41.2)University degree

27 (13.9)No answer

Marital status

43 (22.2)Single

68 (35.1)Close-partnered

42 (21.6)Married

5 (2.6)Divorced

36 (18.6)No answer

Occupation

102 (52.6)Salaried employee

3 (1.5)Unemployed

8 (4.1)Self-employed

47 (24.2)In training (pupil or student)

3 (1.5)Retired

31 (16)No answer

Area of living

116 (59.8)Urban

74 (38.1)Rural

4 (2.1)No answer

Test of Hypotheses

In hypothesis 1, we propose that a positive social influence leads
to a higher behavioral intention to use PRWs. This relationship
could not be confirmed by the data as no direct effect of social
influence on the behavioral intention to use PRWs could be

found (b=−0.032; P=.91; SE −0.008; t1=−0.114). For this
reason, hypothesis 1 has to be rejected. Figure 3 shows the direct
effect of social influence on the behavioral intention to use
PRWs.
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In hypothesis 1a, we assume that, in the mediation model, the
direct effect between social influence and the behavioral
intention to use PRWs gets weaker compared with the single
linear regression. However, as the direct effect between social
influence and the behavioral intention to use PRWs could not
be demonstrated in hypothesis 1, it cannot be assumed that there
is a direct effect between the independent and the dependent
variable in the mediation model. This assumption is confirmed
by the data as there is no significant direct effect between social
influence and the behavioral intention to use PRWs in the
mediation model (b=−0.037; P=.88). For this reason, hypothesis
1a has to be rejected.

Hypotheses 2 to 6 describe the indirect effect between social
influence and the behavioral intention to use PRWs through 2
mediators (ie, credibility and performance expectancy). In this
context, hypothesis 2 suggests that a positive social influence
leads to a higher credibility of PRWs. The results referring to
this assumption confirm that a positive social influence led to
an increased credibility of PRWs (b=0.572; P=.005). This shows
that, for the experimental group, PRWs seemed to be more
credible than for the control group. Thus, hypothesis 2 is
confirmed.

Referring to hypothesis 3, it is believed that a higher credibility
also leads to a higher behavioral intention to use PRWs.
However, this relationship could not be observed (b=−0.123;
P=.18). For this reason, hypothesis 3 has to be rejected.

Hypothesis 4 examines the influence of credibility on the
behavioral intention to use PRWs. The analysis in the mediation

model confirms the expected relationship. Higher credibility
led to an increase in performance expectancy (b=0.340; P<.001).
For this reason, hypothesis 4 is confirmed.

Hypothesis 5 assumes that a stronger social influence also leads
to a direct increase in performance expectancy. This relationship
could not be observed (b=−0.298; P=.17). For this reason,
hypothesis 5 has to be rejected.

Hypothesis 6 examines the influence of performance expectancy
on the behavioral intention to use PRWs. The analysis in the
mediation model confirms the expected relationship. Higher
performance expectancy led to a substantial increase in the
behavioral intention to use PRWs (b=0.630; P<.001). Thus,
hypothesis 6 is confirmed. Figure 4 shows the mediation model
including estimates and P values for the linear regressions. In
addition to that, Table 4 shows the detailed outcomes for our
proposed mediation model, including model summary, SEs,
and 2-tailed t test and P values.

Nevertheless, to check the external validity of the proposed
effect chain and replicate the findings, another study was
conducted. To assure external validity, another research setting
(ie, a cross-sectional study instead of an experimental setting)
was applied. In addition, the target sample of the second study
should reflect a broader range of individuals, representing the
general (web-based) population in a better way, and we intended
to use a larger sample size instead of the small sample of 194
largely university members (students and employees) from a
southern Austrian university.

Figure 3. Direct effect of social influence on the behavioral intention to use physician rating websites (study 1). *P<.05; **P<.01; ***P<.001; n.s.:
not significant.

Figure 4. Serial mediation model (study 1). *P<.05; **P<.01; ***P<.001; n.s.: not significant.
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Table 4. Serial mediation model outcomes.

P valuet test (df)Coefficient ba (SE; 95% CI)Outcome variable and variable

Credibilityb

<.00125.457 (1)3.740 (0.147; 3.450 to 4.029)Constant

.0052.838 (1)0.572 (0.202; 0.175 to 0.970)Social influence

Performance expectancyc

<.0019.743 (2)3.176 (0.326; 2.533 to 3.819)Constant

.17−1.366 (2)−0.298 (0.218; −0.729 to 0.132)Social influence

<.0014.438 (2)0.340 (0.077; 0.189 to 0.491)Credibility

Intention to use PRWsd,e

.0462.012 (3)0.904 (0.450; 0.018 to 1.790)Constant

.88−0.149 (3)−0.037 (0.247; −0.525 to 0.451)Social influence

.181.354 (3)0.123 (0.091; −0.056 to 0.301)Credibility

<.0017.730 (3)0.630 (0.082; 0.469 to 0.791)Performance expectancy

aRegression coefficient.
bR=0.201; R2=0.040; P=.005.
cR=0.307; R2=0.095; P<.001.
dR=0.532; R2=0.283; P<.001.
ePRW: physician rating website.

Study 2

Methods

Study Design and Measures

In study 2, the constructs were once again measured using
existing and validated measures [24,26,49,84-88,96-98]. The
questionnaire used in study 2 can be found in Multimedia
Appendix 2 [24,26,49,84-88,96-98]. Again, all items were
translated and back translated by native English and German
speakers who each had fluent language skills in their respective
foreign language. The scale options in all variables of interest,
apart from the demographic ones, ranged from 1 (“strongly
disagree”) to 7 (“strongly agree”).

In contrast to the experimental research applied in study 1, the
cross-sectional research approach applied in study 2 is less
appropriate to indicate the direction of proposed effects. Thus,
the direction of effects is not specified, and study models with
alternative effect chains could be set up. However, the use of
cross-sectional data is quite common in the analysis of mediation
effects as cross-sectional studies are often the only feasible
approach for certain topics [99-109] and for targeting larger
sample sizes as we intended in study 2. Thus, the methodological
approach of our cross-sectional study, which was used in study
2, is in line with existing literature using cross-sectional data
to test hypothesized models [99-109]. Both of our studies apply
different methodological approaches but lead to comparable
results. This agreement in the results supports the validity of
the proposed mediation model. However, it has been mentioned
previously that cross-sectional data alone may not be suitable
to confirm or reject hypotheses proposing a causal direction of
effects. To act cautiously and anticipate points of criticism in
this vein, we decided not to report in the Results section of study

2 whether hypotheses were confirmed or had to be rejected but
to report whether the data were in line with the proposed
hypotheses or not.

Procedure

Data collection was carried out in February 2021 and March
2021. The data were gathered using a web-based panel
(Clickworker GmbH), which is a research crowdsourcing
platform comparable with Amazon’s Mechanical Turk.

Ethical Considerations

The study methodology, questionnaire, and survey instrument
adhered to European Union and Austrian privacy laws. The
questionnaire did not address any sensitive subjects, and the
evaluation process precluded drawing any conclusions about
the survey respondents. The questions were kept generic, and
there was never any risk of harm from answering them. None
of the panel members were asked for any sensitive information,
and they all agreed to the data gathering. As mentioned
previously, the study was conducted using the crowdsourcing
platform Clickworker. This platform has pledged to abide by
the General Data Protection Regulation standards and has
obtained ISO 27001 certification. Before being approved, all
projects and orders must pass an auditing procedure. In this
process, professional staff members review for any survey
issues, requests for personal information, and instances of
discriminatory or unethical content. Orders requesting personal
information or containing offensive or unethical content are not
accepted. Participants were given the proper information and
instructions on their voluntary participation in a web-based
survey as well as the knowledge that their data would be handled
with utmost secrecy. The processing of the data was completely
private and anonymous.
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Data Check

The constructs included in study 2 were self-reported measures
that are associated with the risk of common method bias [110].
To minimize the potential risk of common method bias, we
informed participants that there were no right or wrong answers
and that they would serve the purpose of the survey best if they
answered the questions as honestly as possible [89]. In addition
to that, participants were informed that their data would be
treated with absolute confidentiality using suitable methods,
procedures, and protocols [90].

Furthermore, we ran multiple pretests and eliminated unclear
or imprecise data sets [111]. Using the survey tool LimeSurvey
(LimeSurvey GmbH), the data were thoroughly checked for
inconsistent answer patterns, flatliners, and very short answer
times. In this context, we eliminated questionnaires from
respondents who used descending or ascending numerical
sequences for the items throughout the questionnaire
(inconsistent answer patterns), consistently responded with the
same answer (flatliners), or completed the questionnaire in <265
seconds (very short answer times). The minimum response time
for answering the questionnaire was pretested by the authors.

By incorporating 3 security levels in the web-based
questionnaire, we followed guidelines to reduce validity
concerns when using crowdsourcing platforms (eg, see Aguinis
et al [112]). First, logic tasks and attention tests were used to
verify that survey participants’ attention and integrity were
maintained. Participants had to solve a mathematical equation
to verify that they were human and that they were eligible before
they could begin answering the questions. In addition to that,
there was a check for attention. See Multimedia Appendix 3 for
an example equation and the attention check. To verify that
participants had read the introductory text of the third question
group, they had to pick a specific answer choice in a specific
question as part of this attention check (see Oppenheimer et al
[113] and Kung et al [114]). Finally, each participant was
assigned a cookie to prevent them from taking part again.

There were no missing data in the survey as the questionnaire
instrument was not set up to allow for unanswered questions.

Measurement Models

SPSS Statistics (version 27; IBM Corp) was used to test the
hypotheses. The data were analyzed using linear regressions

[91]. In addition to that, regression-based mediation analyses
[92] were conducted using the PROCESS macro for SPSS [93].
Of the 92 models included in the PROCESS macro, which are
also depicted in the appendix of the corresponding book by
Hayes [93], we again identified model number 6
(Y=iy+c′X+b1M1+b2M2+ey) for the mediation analysis and model
number 8 (Y=iy+c′1X+c′2W+c′3XW+b1M1+b2M2+ey) for the
moderated mediation analysis [92,94] as the appropriate models
in our case. Furthermore, we included 5000 bootstraps and chose
a 95% CI. Social influence was defined as independent variable
(X), the behavioral intention to use PRWs was defined as
dependent outcome variable (Y), and credibility as well as
performance expectancy both were conceptualized as mediators
(M1 and M2). Age, gender, and eHealth literacy as well as review
skepticism acted as moderator variables in our models. The
analyses were performed in a hierarchical order starting with
the basic mediation model. After that, the proposed moderators
were included one after the other.

Results

Analysis of Used Concepts

The Cronbach α ranged from.79 (performance expectancy)
to.97 (behavioralintention to use PRWs) for all multi-item
measures. The evaluation of construct means shows a rather
high credibility (4.44, SD 1.11) and behavioralintention to use
PRWs (4.14, SD 1.90). The mean value of performance
expectancy (3.62, SD 1.26) is slightly above the midpoint of
the scale. However, on average, social influence (2.47, SD 1.56)
in the domain of PRWs in real life (as opposed to the
experimental manipulation of social influence in study 1) seems
to be rather low. Table 5 provides a summary of the model
construct and measures, including means, SDs, and Cronbach
α calculation results.

Table 6 shows how the individual constructs correlate with each
other. It is evident that there is a high correlation between
performance expectancy and behavioralintention to use PRWs.
By contrast, there is a low correlation between social influence
and credibility. The remaining constructs are characterized by
a medium correlation with each other [95].
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Table 5. Model constructs and measures.

Cronbach αValue, mean (SD)Variable and item

.962.47 (1.56)Social influence

2.39 (1.57)People who influence my behavior think that I should use PRWsa

2.49 (1.61)People who are important to me think that I should use PRWs

2.53 (1.66)People whose opinion I value think that I should use PRWs

.924.44 (1.11)Credibility

4.50 (1.76)PRWs seem to be credible

4.37 (1.22)PRWs seem to be reliable

4.44 (1.21)PRWs seem to be trustworthy

.793.62 (1.26)Performance expectancy

4.99 (1.50)I think that PRWs are a useful tool

3.14 (1.71)By using PRWs, I feel like I have more control over my health

3.64 (1.67)Using PRWs will enhance my effectiveness in managing my health care

2.70 (1.55)Overall, PRWs will be useful in managing my health care

.974.14 (1.90)Intention to use PRWs

4.24 (1.97)I intend to use PRWs in the future

4.18 (1.92)I will try to use PRWs

4.00 (2.00)I plan to use PRWs

aPRW: physician rating website.

Table 6. Construct correlationsa.

Correlations (2-sided; 95% CI)Value, mean (SD)Variable

4321

0.41 (0.34-0.48)0.49 (0.43-0.56)0.29 (0.21-0.37)12.47 (1.56)Social influence

0.47 (0.40-0.54)0.50 (0.42-0.56)10.29 (0.21-0.37)4.44 (1.11)Credibility

0.59 (0.53-0.64)10.50 (0.43-0.56)0.50 (0.43-0.56)3.62 (1.26)Performance expectancy

10.59 (0.53-0.64)0.47 (0.40-0.54)0.41 (0.34-0.48)4.14 (1.90)Intention to use PRWsb

aAll correlations have a P value of <.001.
bPRW: physician rating websites.

Participant Characteristics

A total of 852 participants from Austria took part in the study,
with 334 (39.2%) of them being eliminated as they were not
able to pass the manipulation check (239/334, 71.6%) or were
characterized by an implausible response behavior or insufficient

answer time (95/334, 28.4%). See Multimedia Appendix 4 for
a graphical data cleansing description. This data cleansing
mechanism resulted in a total of 518 survey participants who
form the calculation sample for this study. Table 7 provides the
sample description.
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Table 7. Sample description (N=518).

Participants, n (%)Sociodemographic characteristics

Sex

289 (55.8)Female

227 (43.8)Male

2 (0.4)Intersex

Age (years)

62 (12)15 to 19

141 (27.2)20 to 24

101 (19.5)25 to 29

75 (14.5)30 to 34

64 (12.4)35 to 39

32 (6.2)40 to 44

14 (2.7)45 to 49

13 (2.5)50 to 54

8 (1.5)55 to 59

8 (1.5)≥60

Education

27 (5.2)Compulsory education

55 (10.6)Vocational secondary education

72 (13.9)Apprenticeship

214 (41.3)High school

150 (29)University degree

Marital status

203 (39.2)Single

218 (42.1)Close-partnered

87 (16.8)Married

10 (1.9)Divorced

Occupation

245 (47.3)Salaried employee

43 (8.3)Unemployed

47 (9.1)Self-employed

175 (33.8)In training (pupil or student)

8 (1.5)Retired

Area of living

322 (62.2)Urban

196 (37.8)Rural

Test of Hypotheses

In hypothesis 1, we propose that a positive social influence leads
to a higher behavioral intention to use PRWs. This relationship
is in line with the data as it was shown that respondents whose
social environment influenced them to a greater extent to use
those websites seemed to have a higher behavioral intention to
use PRWs than respondents who were less influenced to use

PRWs by their social environment (b=0.503; P<.001; SE 0.049;
t1=10.197). Thus, the data were in line with hypothesis 1. Figure
5 shows the direct effect of social influence on the behavioral
intention to use PRWs. However, in hypothesis 1a, we assume
that the impact of social influence on behavioral intention to
use PRWs is partly explained by the mediator variables
credibility and performance expectancy. Therefore, this
conclusion would lead to the direct impact of social influence
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on the behavioral intention to use PRWs being weaker in the
mediation model than in the simple linear regression. In this
context, the data are in line with hypothesis 1a as the direct
effect of social influence on the behavioral intention to use
PRWs in the mediation model was weaker (b=0.177; P<.001)
than the effect measured in the simple linear regression
(b=0.410; P<.001). On the basis of these results, the data were
in line with hypothesis 1a.

Hypotheses 2 to 6 describe the indirect effect between social
influence and the behavioral intention to use PRWs through 2
mediators (ie, credibility and performance expectancy). In this
context, hypothesis 2 suggests that a positive social influence
leads to a higher credibility of PRWs. The results referring to
this assumption suggest that, for respondents whose social
environment influenced them to a greater extent to use those
websites, PRWs seemed to be more credible than for
respondents who were less influenced to use PRWs by their
social environment (b=0.208; P<.001). Thus, the data are in
line with hypothesis 2.

Hypothesis 3 assumes that higher credibility also increases the
behavioral intention to use PRWs. Study participants who
indicated that PRWs were more credible also seemed to have
a higher behavioral intention to use PRWs (b=0.402; P<.001).
For this reason, hypothesis 3 is in line with the data.

Referring to hypothesis 4, it is believed that a higher credibility
also leads to a higher performance expectancy toward PRWs.
Results show that respondents reporting a higher credibility
regarding PRWs also reported a higher performance expectancy
toward PRWs (b=0.431; P<.001). On the basis of these results,
hypothesis 4 is in line with the data.

Hypothesis 5 assumes that a stronger social influence also leads
to a direct increase in performance expectancy. In this context,
it could be observed that respondents whose social environment
influenced them to a greater extent to use those websites also
reported a higher performance expectancy regarding PRWs
(b=0.312; P<.001). For this reason, hypothesis 5 is in line with
the data.

Hypothesis 6 examines the influence of performance expectancy
on the behavioral intention to use PRWs. The analysis in the
mediation model showed that respondents who reported a higher
performance expectancy regarding PRWs also reported a higher
behavioral intention to use PRWs (b=0.605; P<.001). Thus,
hypothesis 6 is in line with the data. Figure 6 shows the
mediation model, including estimates and P values for the linear
regressions. In addition to that, Table 8 shows the detailed
outcomes for our proposed mediation model, including model
summary, SEs, and t test and P values.

Hypotheses 7 and 8 control for potential moderator effects in
our model. In hypothesis 7a, we suggest that the age of the
participants affects the effects between social influence and the
behavioral intention to use PRWs as well as between social
influence and credibility of PRWs. To test this hypothesis, we

created a subsample consisting of 2 age groups. Respondents
aged <39 years were assigned to the younger age group
(443/518, 85.5%), and respondents aged ≥39 years were
assigned to the older age group (75/518, 14.5%). No significant
interaction effects could be demonstrated when examining age
as a potential moderator variable. For this reason, hypothesis
7a had to be rejected. However, it could be shown that higher
age has a negative influence on performance expectancy
(b=−0.501; P=.04). Table 9 summarizes the results of the
corresponding moderated mediation model.

In hypothesis 7b, we suggest that the gender of the participants
affects the effects between social influence and the behavioral
intention to use PRWs as well as between social influence and
credibility of PRWs. To examine this assumption, we excluded
participants who reported that they belonged to the intersex
category. The exclusion was made as the response rate of this
population group was very low (2/518, 0.4%). No significant
interaction effects could be demonstrated when examining
gender as a potential moderator variable. For this reason,
hypothesis 7b had to be rejected. Table 10 summarizes the
results of the corresponding moderated mediation model.

In hypothesis 8a, we suggest that a high level of eHealth literacy
weakens the effects between social influence and the behavioral
intention to use PRWs as well as between social influence and
credibility of PRWs. Accordingly, a high eHealth literacy should
weaken the direct as well as indirect effect in the moderated
mediation model. Even though in the model it was shown that
eHealth literacy had a positive effect on credibility (b=0.266;
P=.002), this effect could not be observed between eHealth
literacy and the behavioral intention to use PRWs (b=0.173;
P=.17). In addition to that, the proposed interaction effects could
also not be observed as eHealth literacy did not exert significant
influence on the effect between social influence and credibility
(b=0.018; P=.55) or the effect between social influence and the
behavioral intention to use PRWs (b=0.005; P=.92). For this
reason, hypothesis 8a had to be rejected. Table 11 summarizes
the results of the corresponding moderated mediation model.

Finally, in hypothesis 8b, we suggest that a high level of review
skepticism weakens the effects between social influence and
the behavioral intention to use PRWs as well as between social
influence and credibility of PRWs. Accordingly, a high level
of review skepticism should weaken the direct as well as indirect
effect in the moderated mediation model. Even though in the
model it was shown that review skepticism had a negative effect
on credibility (b=−0.254; P<.001), this effect could not be
observed between review skepticism and the behavioral intention
to use PRWs (b=−0.111; P=.24). In addition to that, the
proposed interaction effects could also not be observed as review
skepticism did not exert significant influence on the effect
between social influence and credibility (b=0.025; P=.25) or
the effect between social influence and the behavioral intention
to use PRWs (b=0.017; P=.58). For this reason, hypothesis 8b
had to be rejected. Table 12 summarizes the results of the
corresponding moderated mediation model.
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Figure 5. Direct effect of social influence on the behavioral intention to use physician rating websites (study 2). *P<.05; **P<.01; ***P<.001; n.s.:
not significant.

Figure 6. Serial mediation model (study 2). *P<.05; **P<.01; ***P<.001; n.s.: not significant.

Table 8. Serial mediation model outcomes.

P valuet test (df)Coefficient ba (SE; 95% CI)Outcome variable

Credibilityb

<.00144.393 (1)3.925 (0.088; 3.751 to 4.098)Constant

<.0016.845 (1)0.208 (0.030; 0.148 to 0.267)Social influence

Performance expectancyc

<.0015.172 (2)0.935 (0.181; 0.580 to 1.290)Constant

<.00110.590 (2)0.312 (0.030; 0.254 to 0.370)Social influence

<.00110.516 (2)0.431 (0.041; 0.351 to 0.512)Credibility

Intention to use PRWsd,e

.32−1.003 (3)−0.275 (0.274; −0.814 to 0.264)Constant

<.0013.665 (3)0.177 (0.048; 0.082 to 0.271)Social influence

<.0016.012 (3)0.402 (0.067; 0.271 to 0.533)Credibility

<.0019.283 (3)0.605 (0.065; 0.477 to 0.734)Performance expectancy

aRegression coefficient.
bR=0.289; R2=0.083; P<.001.
cR=0.615; R2=0.378; P<.001.
dR=0.637; R2=0.406; P<.001.
ePRW: physician rating website.
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Table 9. Results of the moderated mediation analyses with age as moderator.

P valuet test (df)Coefficient ba (SE; 95% CI)Outcome variable

Credibilityb

<.00141.299 (3)3.992 (0.097; 3.802 to 4.182)Constant

<.0015.952 (3)0.194 (0.033; 0.130 to 0.258)Social influence

.11−1.600 (3)−0.383 (0.239; −0.853 to 0.087)Age

.440.777 (3)0.071 (0.091; −0.108 to 0.249)Interaction: (social influence × age)

Performance expectancyc

<.00127.438 (3)2.714 (0.099; 2.520 to 2.908)Constant

<.00111.504 (3)0.383 (0.033; 0.318 to 0.449)Social influence

.04–2.045 (3)−0.501 (0.245; −0.982 to −0.020)Age

.291.054 (3)0.098 (0.093; −0.085 to 0.281)Interaction: (social influence × age)

Intention to use PRWsd,e

.66−0.435 (5)−0.124 (0.285; −0.682 to 0.435)Constant

.0033.021 (5)0.152 (0.050; 0.053 to 0.251)Social influence

<.0015.942 (5)0.397 (0.067; 0.266 to 0.528)Credibility

<.0019.135 (5)0.596 (0.065; 0.468 to 0.725)Performance expectancy

.05−1.961 (5)−0.650 (0.331; −1.300 to 0.001)Age

.131.503 (5)0.189 (0.125; −0.058 to 0.435)Interaction: (social influence × age)

aRegression coefficient.
bR=0.299; R2=0.090; P<.001.
cR=0.503; R2=0.253; P<.001.
dR=0.640; R2=0.410; P<.001.
ePRW: physician rating website.
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Table 10. Results of the moderated mediation analyses with gender as moderator.

P valuet test (df)Coefficient ba (SE; 95 CI)Outcome variable

Credibilityb

<.00114.458 (3)3.916 (0.271; 3.384 to 4.448)Constant

.022.317 (3)0.222 (0.096; 0.034 to 0.410)Social influence

.990.011 (3)0.002 (0.181; −0.353 to 0.357)Gender

.88−0.145 (3)−0.009 (0.061; −0.129 to 0.112)Interaction: (social influence × gender)

Performance expectancyc

<.0019.125 (3)2.539 (0.278; 1.992 to 3.085)Constant

<.0014.608 (3)0.454 (0.098; 0.260 to 0.647)Social influence

.750.313 (3)0.058 (0.186; −0.306 to 0.422)Gender

.59−0.542 (3)−0.034 (0.063; −0.158 to 0.090)Interaction: (social influence × gender)

Intention to use PRWsd,e

.570.563 (5)0.250 (0.445; −0.623 to 1.124)Constant

.22−1.233 (5)0.169 (0.134; −0.096 to 0.420)Social influence

<.0016.255 (5)0.407 (0.065; 0.280 to 0.535)Credibility

<.0019.609 (5)0.599 (0.062; 0.476 to 0.721)Performance expectancy

.13−1.514 (5)−0.364 (0.240; −0.836 to 0.108)Gender

.830.216 (5)0.078 (0.083; −0.144 to 0.180)Interaction: (social influence × gender)

aRegression coefficient.
bR=0.290; R2=0.084; P<.001.
cR=0.495; R2=0.245; P<.001.
dR=0.643; R2=0.413; P<.001.
ePRW: physician rating website.
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Table 11. Results of the moderated mediation analyses with eHealth literacy as moderator.

P valuet test (df)Coefficient ba (SE; 95% CI)Outcome variable

Credibilityb

<.0015.031 (3)2.463 (0.490; 1.501 to 3.425)Constant

.520.649 (3)0.111 (0.170; −0.224 to 0.445)Social influence

.0023.056 (3)0.266 (0.087; 0.095 to 0.438)eHealth literacy

.550.592 (3)0.018 (0.030; −0.042 to 0.078)Interaction: (social influence × eHealth litera-
cy)

Performance expectancyc

<.0013.700 (3)1.920 (0.519; 0.901 to 2.940)Constant

.061.899 (3)0.342 (0.181; −0.012 to 0.698)Social influence

.171.394 (3)0.129 (0.092; −0.053 to 0.310)eHealth literacy

.740.338 (3)0.011 (0.032; −0.052 to 0.074)Interaction: (social influence × eHealth litera-
cy)

Intention to use PRWsd,e

.15−1.433 (5)−1.030 (0.719; −2.442 to 0.382)Constant

.500.674 (5)0.165 (0.244; −0.315 to 0.644)Social influence

<.0015.158 (5)0.355 (0.069; 0.220 to 0.490)Credibility

<.0019.267 (5)0.601 (0.065; 0.474 to 0.729)Performance expectancy

.171.378 (5)0.173 (0.126; −0.074 to 0.420)eHealth literacy

.920.103 (5)0.005 (0.043; −0.081 to 0.090)Interaction: (social influence × eHealth litera-
cy)

aRegression coefficient.
bR=0.399; R2=0.159; P<.001.
cR=0.509; R2=0.260; P<.001.
dR=0.643; R2=0.414; P<.001.
ePRW: physician rating website.
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Table 12. Results of the moderated mediation analyses with review skepticism as moderator.

P valuet test (df)Coefficient ba (SE; 95% CI)Outcome variable

Credibilityb

<.00117.403 (3)5.012 (0.288; 4.447 to 5.579)Constant

.350.936 (3)0.086 (0.092; −0.094 to 0.266)Social influence

<.001−3.836 (3)−0.254 (0.066; −0.384 to 0.124)Review skepticism

.251.143 (3)0.025 (0.022; −0.018 to 0.068)Interaction: (social influence × review skepti-
cism)

Performance expectancyc

<.00110.440 (3)3.158 (0.303; 2.564 to 3.752)Constant

.0023.188 (3)0.307 (0.096; 0.118 to 0.496)Social influence

.07−1.809 (3)−0.126 (0.069; −0.262 to 0.011)Review skepticism

.340.954 (3)0.022 (0.023; −0.023 to 0.067)Interaction: (social influence × review skepti-
cism)

Intention to use PRWsd,e

.590.535 (5)0.277 (0.518; −0.740 to 1.294)Constant

.430.797 (5)0.104 (0.131; −0.153 to 0.362)Social influence

<.0015.570 (5)0.382 (0.069; 0.247 to 0.516)Credibility

<.0019.287 (5)0.606 (0.065; 0.478 to 0.734)Performance expectancy

.24−1.174 (5)−0.111 (0.095; −0.298 to 0.075)Review skepticism

.580.555 (5)0.017 (0.031; −0.044 to 0.078)Interaction: (social influence × review skepti-
cism)

aRegression coefficient.
bR=0.365; R2=0.133; P<.001.
cR=0.501; R2=0.251; P<.001.
dR=0.639; R2=0.408; P<.001.
ePRW: physician rating website.

Discussion

Principal Findings
On the basis of the results of studies 1 and 2, social influence
exerts a statistically significant impact on the behavioral
intention to use PRWs [115,116]. However, in study 1, it was
shown that this impact might only be exerted indirectly through
the 2 mediator variables credibility and performance expectancy.
Notwithstanding, when we tested the proposed chain of effects
in study 2, we were able to reveal 2 further findings. On the one
hand, we found a direct effect of social influence on the
behavioral intention to use PRWs. However, this direct effect
between social influence and the behavioral intention to use
PRWs was significantly weakened in the mediation model. This
result suggests that the direct effect between the independent
and the dependent variable is at least partially explained by the
2 mediator variables [92,117]. Furthermore, the proposed
indirect effect itself could again be observed in a significant
expression.

In contrast to the successfully predicted direct and indirect
effects between social influence and the behavioral intention
to use PRWs, the proposed moderation effects could not be
observed in our moderated mediation model. Even though

eHealth literacy and review skepticism seem to affect the
credibility of PRWs, we were not able to observe a significant
effect of age, gender, eHealth literacy, or review skepticism on
the proposed mediation model.

These findings strongly support theories from the social
psychological perspective, theories of technology acceptance,
and theories from the economic perspective. From a social
psychological perspective, the results of the 2 studies support
both the TRA and its extension, the TPB. Both theories serve
as a basis for the factor model studied. However, the TRA can
also generally be reconstructed by means of the factors
investigated. As described in the Introduction, social influence
is a continuation of subjective norms [25]. Credibility as well
as performance expectancy may be considered as determinants
of attitude toward behavior, and behavioral intention is a
construct that is incorporated as a result of attitudes and
subjective norms within the TRA [9]. The 2 studies also show
a generally similar influencing chain. Thus, the results are in
line with a large number of empirical studies in the field of
social psychological theories (eg, Gotch and Hall [118], Fishbein
[119], Ajzen et al [120], Lada et al [121], and Buttle and Bok
[122]) and provide evidence for the validity of the TRA.
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The results of the 2 studies also support theories of technology
acceptance as it was shown that social influence affects the
behavioral intention to use PRWs indirectly (studies 1 and 2)
and directly (study 2). Furthermore, the impact of performance
expectancy on the dependent variable could also be
demonstrated in the factor model. Even though not all
technology acceptance variables were considered in the factor
model, these studies still provide evidence for the validity of
the respective influencing paths included in the UTAUT.

Finally, the findings of both studies strongly support the TIE
as they show that individuals in our study samples built their
decision for or against the behavioral intention to use PRWs
on social influence through credibility and performance
expectancy. This outcome indicates that individuals may base
their decision for or against the use of these web-based platforms
at least partly on factors other than the performance quality of
PRWs. In addition to that, our results support the similarity
effect as we were able to show that advice from a person with
a high similarity could lead to an increased behavioral intention
to use PRWs.

Furthermore, a path model in the form examined in this study
has never been tested in the context of PRWs. Therefore, the
added value of the studies also lies in developing practical
implications from the relationships that could specifically
increase the degree of use of PRWs (eg, through the targeted
use of social influence by social media influencers [SMIs]).

Limitations
Despite the significance of the findings, a number of limitations
need to be considered. Particularly in web-based surveys, it is
to be expected that research participants might be disinterested
or respond in a one-sided manner. However, we tried our best
to address and solve the issue of a possible common method
bias. We attempted to minimize the risk of a potential common
method bias by conducting information processes before and
during the completion of the questionnaire by study participants.
Furthermore, participants in a web-based survey may have a
more thorough grasp of web-based issues. This might have
resulted in a more prominent representation of the behavioral
intention to use PRWs in the study population. In addition to
that, by focusing on social influence as the only independent
variable, we disregarded a number of alternative influencing
variables. This may have led to a disproportionate impact of
social influence on our study model. Finally, as was already
explained in detail in the Methods section of study 2, it should
be noted that a cross-sectional study, in contrast to the
experimental study design of study 1, does not specify a
direction of effects. In general, this means that the effect of the
factors on each other could also be different from that proposed
in the study model. An explanation could be that individuals
tend to associate with people who share their attitudes and
viewpoints (eg, see Bos et al [123]). Another explanation could
be that people tend to exaggerate the degree to which their
opinions and those of others are similar (eg, see Dunning et al
[124]). We have made several attempts to address this criticism.
First, the factor model of this study was built on established
theories of social psychology and technology acceptance. In
addition, we used a 2-step procedure to check the

appropriateness of the proposed influencing chain. In a first
step, we conducted a study applying an experimental setting to
test the meaningfulness of the causal model. The cross-sectional
study was the second step of our research endeavor. Although
this approach lends considerable credence to the study model,
there is still a certain residual risk that the influence paths of
the integrated factors are not as interrelated as suggested.

Conclusions and Practical Implications
The aim of the bipartite research endeavor was to investigate if
and how social influence affects the behavioral intention to use
PRWs. In study 1, the proposed indirect effect between social
influence and the behavioral intention to use PRWs could be
demonstrated. Moreover, in study 2, almost all of our hypotheses
were in line with the data. The proposed serial mediation model
provides evidence for the validity of both the TRA and the
UTAUT. Moreover, we were able to observe the proposed
similarity effect as a positive social influence led to a higher
credibility of PRWs in both studies. In this context, the TIE can
serve as a profound theoretical framework in explaining the
relationships between the constructs. By categorizing health
care services as credence goods, this theoretical approach can
make valuable contributions in explaining the impact of social
influence on the credibility of PRWs as well as on the
performance expectancy and behavioral intention to use PRWs.
The most obvious finding to emerge from both studies is that
social influence seems to exert an impact on the behavioral
intention to use PRWs. However, in particular, we showed that,
under certain conditions, this impact seems not to be exerted
directly but indirectly through credibility and performance
expectancy. To sum up, the evidence from both studies suggests
that social influence could increase the use rates of PRWs
enormously. Bearing in mind that SMIs develop a kind of
parasocial relationship with their followers [125,126], it might
be conceivable that social influence is not just limited to friends
and family but could also be exerted by SMIs in the domain of
PRW use. From a marketing perspective, PRW providers could
think of collaborating with SMIs to boost use of PRWs in the
future. With the onset of the ongoing pandemic, and especially
in times of lockdowns and reduced personal contacts, SMIs
have increasingly taken on the role of a kind of “homefluencers”
[127], especially with regard to specific health-related issues
such as vaccination in general [128]. Thus, the follower base
of SMIs could also be used as a target group of electronic word
of mouth to increase use of PRWs in the long run. However,
special attention should be paid to choosing the most suitable
SMI according to the fit between their personality, their follower
base, and the specific PRW provider, as it has been widely
investigated in commercial realms such as brand relationships
[129-131]. Increased use of PRWs could be advantageous not
only for PRW providers but also for patients and physicians.
Higher PRW use could lead to a higher average number of
ratings per physician, which could increase their
representativeness [132]. From the physicians’ perspective,
PRWs enable them to achieve a positive external impact and
learn from feedback and offer them avenues to improve their
service quality [133].
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Directions for Future Research
This study investigated not only whether social influence exerts
an impact on the behavioral intention to use PRWs but also
how this influence emerges. However, when focusing on this
crucial independent variable, several other possible influencing
variables could be interesting as well. These include, in line
with the UTAUT [25], for example, effort expectancy,

facilitating conditions, hedonic motivation, or habit
[24,26,49,134]. In future investigations, it might be possible to
use additional moderator variables (eg, the area where people
live [rural vs urban]). To sum up, further elaboration on the
influencing chain to explain behavioral intention to use PRWs
by including other variables of interest could be an important
issue for future research.
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Abstract

Background: Conversational agents (CAs) have been developed in outpatient departments to improve physician-patient
communication efficiency. As end users, patients’ continuance intention is essential for the sustainable development of CAs.

Objective: The aim of this study was to facilitate the successful usage of CAs by identifying key factors influencing patients’
continuance intention and proposing corresponding managerial implications.

Methods: This study proposed an extended expectation-confirmation model and empirically tested the model via a cross-sectional
field survey. The questionnaire included demographic characteristics, multiple-item scales, and an optional open-ended question
on patients’ specific expectations for CAs. Partial least squares structural equation modeling was applied to assess the model and
hypotheses. The qualitative data were analyzed via thematic analysis.

Results: A total of 172 completed questionaries were received, with a 100% (172/172) response rate. The proposed model
explained 75.5% of the variance in continuance intention. Both satisfaction (β=.68; P<.001) and perceived usefulness (β=.221;
P=.004) were significant predictors of continuance intention. Patients' extent of confirmation significantly and positively affected
both perceived usefulness (β=.817; P<.001) and satisfaction (β=.61; P<.001). Contrary to expectations, perceived ease of use
had no significant impact on perceived usefulness (β=.048; P=.37), satisfaction (β=−.004; P=.63), and continuance intention
(β=.026; P=.91). The following three themes were extracted from the 74 answers to the open-ended question: personalized
interaction, effective utilization, and clear illustrations.

Conclusions: This study identified key factors influencing patients’ continuance intention toward CAs. Satisfaction and perceived
usefulness were significant predictors of continuance intention (P<.001 and P<.004, respectively) and were significantly affected
by patients’ extent of confirmation (P<.001 and P<.001, respectively). Developing a better understanding of patients’ continuance
intention can help administrators figure out how to facilitate the effective implementation of CAs. Efforts should be made toward
improving the aspects that patients reasonably expect CAs to have, which include personalized interactions, effective utilization,
and clear illustrations.

(J Med Internet Res 2022;24(11):e40681)   doi:10.2196/40681

KEYWORDS

conversational agent; continuance intention; expectation-confirmation model; partial least squares; structural equation modeling;
chatbot; virtual assistant; cross-sectional; field study; optimization; outpatient; interview; qualitative; questionnaire; satisfaction;
perceived usefulness; intention; adoption; attitude; perception
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Introduction

Background
Tertiary hospitals in China are occupied with many outpatients
every day, which results in long waiting times and limited
physician-patient communication during consultations. This
phenomenon is caused mainly by two aspects. First, the large
population base has resulted in a growing demand for medical
services. Second, physicians have to finish both consulting
patients and filling out medical histories during a limited amount
of time. A study found that in the consultation room, 66.5% of
physicians’ time was spent on communication and the
examination of patients, and 20.7% of their time was spent on
writing medical records [1]. Long waiting times, together with
limited consultation times, further result in insufficient
physician-patient communication and an incomplete
understanding of conditions and diagnoses (ie, knowing all of
the facts) [2,3]. Besides, during the ongoing COVID-19
pandemic, long waiting times have also put patients at risk for
cross-infection [4].

Under national policies on the digital transformation of the
health care industry, Shanghai, as a leading digital city,
developed conversational agents (CAs) in outpatient
departments, hoping to alleviate patient overload and improve
communication efficiency. CAs are artificial intelligence
programs that engage in dialogues with patients on mobile
devices [5]. With these contextual question–answering agents,
data on patients’ symptoms and medical histories can be
captured and delivered to physicians’workstations in structured
forms before a consultation. During face-to-face consultations,
physicians can rapidly gain an understanding of patients' general
conditions and focus on other responsibilities [6], which has
resulted in a man-machine integrated consultation model.

Prior studies have indicated that CAs can save time by reducing
the time required for history taking, improve consultation
efficiency, and enhance the completeness and accuracy of
medical histories [7-10]. However, their potential has not been
fully exploited, as the usage of CAs is often limited; 6 months
after tertiary hospitals in Shanghai established CAs, the usage
rates fell short of expectations (26% and 20%, respectively, for
the second- and fourth-ranked hospitals). As end users, patients’
continuance intention is essential for the sustainable
development of CAs [11], yet limited studies are available.

Based on the abovementioned research background and
motivations, this study has 3 aims. First, it attempts to identify
key factors influencing users’ continuance usage intention via
a theoretical model. Second, it empirically examines the
applicability of the model in the context of implementing CAs
in outpatient departments. Third, it proposes corresponding
managerial implications based on the results.

Theoretical Background and Model
The usage of information systems includes the following two
stages: preacceptance (acceptance before a system’s initial use)
and postacceptance (acceptance after a system’s initial use; ie,
continuance).

Even though initial use is an important first step toward realizing
information systems’ success, it is mostly influenced by
secondhand information from referent others or popular media
rather than users’ actual interactions with the information
system. In contrast, continuance after a system’s initial use is
more realistic and unbiased, since it is grounded in users'
firsthand experiences [12]. Therefore, the long-term viability
and eventual success of information systems depend on users’
continued use.

There has been a considerable body of theory-based research
on information system use in recent years. Among the theoretical
models, the Technology Acceptance Model (TAM) is commonly
applied to understand the initial acceptance of information
systems, including intelligent health service systems (eg,
registration systems and patient portals) [13-16]. The TAM
predicts users' initial use of information systems based on the
following two constructs: perceived usefulness and perceived
ease of use [17].

To understand users’ continuance behavior in an information
system context, an expectation-confirmation model (ECM) of
information system continuance was proposed by Bhattacherjee
[11]. This ECM has been empirically tested in a variety of
contexts, including health services such as e-appointment
systems and teleconsultations. The model predicts users'
continuance intention via the following three antecedent
constructs: perceived usefulness, confirmation, and satisfaction.

The ECM only incorporated perceived usefulness from the
TAM, as Bhattacherjee [11] considered it to be the more salient
and consistent predictor of information system use intention.
However, both perceived usefulness and perceived ease of use
are the primary motivators of information system acceptance
in the TAM [18,19]. The significant impact of perceived ease
of use on both perceived usefulness and usage intention has
been verified in previous research (eg, studies on electronic
health record acceptance by physicians and self-management
technology acceptance by patients [20,21]). Given the
particularities of patients and medical professionalism, perceived
ease of use might also have the potential to influence patients’
continuance intention. Therefore, this study extended existing
ECM constructs by integrating perceived ease of use, hoping
to provide a better understanding of patients' continuance
intention in the context of CAs.

Based on the abovementioned theoretical reasoning and the
results of previous research, we propose the following theoretical
model (Figure 1) and hypotheses: (1) perceived usefulness
positively affects continuance intention (hypothesis 1), (2)
perceived usefulness positively affects satisfaction (hypothesis
2), (3) perceived ease of use positively affects continuance
intention (hypothesis 3), (4) perceived ease of use positively
affects satisfaction (hypothesis 4), (5) perceived ease of use
positively affects perceived usefulness (hypothesis 5), (6) the
confirmation of initial expectations positively affects perceived
usefulness (hypothesis 6), (7) the confirmation of initial
expectations positively affects satisfaction (hypothesis 7), (8)
the confirmation of initial expectations positively affects
perceived ease of use (hypothesis 8), and (9) satisfaction
positively affects continuance intention (hypothesis 9).
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Figure 1. Research model. H: hypothesis; +: positive effect.

Methods

Study Design and Setting
Tertiary hospitals in Shanghai established CAs in early 2021
to improve medical service efficiency and alleviate the overload
in outpatient departments. Before face-to-face consultations,
patients can provide their symptoms and medical histories on
mobile devices via a contextual question–answering agent.
Afterward, physicians can rapidly gain an understanding of
patients' general conditions with the structured information
delivered by CAs.

Shanghai Eye and ENT (ear, nose, and throat) Hospital has been
a pioneer during the CA implementation process. Empirical
data for this research were collected via a cross-sectional field
survey that was conducted in the outpatient department of
Shanghai Eye and ENT Hospital. The duration of this study
was 3 months (November 2021 to January 2022). We invited
patients and their companions who had used CAs. The survey
was conducted near the pharmacy to make sure that patients
finished their face-to-face consultations and minimize possible
inconveniences.

Sample Size and Sampling
The minimum sample size for this research was 124, and
according to Marcoulides and Saunders [22], the minimum

sample size depends on the maximum number of arrows pointing
at a latent variable. Hoyle [23] recommended a sample size of
100 to 200 when performing path modeling. The convenience
sampling technique was used, and a total of 172 questionnaires
were completed. This sample size met the requirements for
obtaining sufficient statistical power.

Measurement Tools
The questionnaire included 3 parts—demographic
characteristics, multiple-item scales, and the following optional
open-ended question: “What are your expectations that CAs
failed to meet?” The five constructs in the proposed model were
measured by using multiple-item scales that were adapted from
Davis [17] and Bhattacherjee [11], and the items were reworded
to accommodate the context of CA use. Satisfaction items were
scored on 5-point semantic differential scales. The remaining
items were scored on 5-point Likert scales that ranged from 1
(strongly disagree) to 5 (strongly agree). Table 1 provides
definitions and sources for the five constructs. The scale items
were translated from English to Chinese because the survey was
conducted in China. To avoid wording-related misapprehension,
we used a back-translation process [24]. Multimedia Appendix
1 presents the items for each construct and their sources. A
pretest was conducted among 25 patients to ensure the reliability
and validity of the questionnaire.

Table 1. Definitions of constructs.

ReferenceOperational definitionConstruct

Bhattacherjee [11]Patients’ intention to continue using conversational agentsContinuance intention

Bhattacherjee [11]Patients’ affects (feelings) prior to using conversational agentsSatisfaction

Bhattacherjee [11]Patients’ perceptions of the expected benefits of conversational agentsPerceived usefulness

Davis [17]The degree to which patients believe that using conversational agents would be free from effortPerceived ease of use

Bhattacherjee [11]Patients’ perceptions of the congruence between expectations for conversational agents and
their actual performance

Confirmation
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Data Collection
To help patients better understand their choices and remain
focused, two postgraduates from Shanghai Jiao Tong University
School of Medicine conducted the in-person survey, using paper
questionnaires. During this process, the investigators read all
of the questions aloud to the patients and filled in the
questionnaire with their answers, which saved patients the
trouble of reading the items themselves. The questionnaires
ended with an optional open-ended question (“What are your
expectations that CAs failed to meet?”). The answers were
collected through brief interviews and written down in the form
of detailed summaries by the investigators. A total of 172 valid
questionnaires were collected, with a 100% (172/172) response
rate, and 74 participants answered the optional open-ended
question.

Data Analysis
Descriptive statistics were performed by using SPSS 25.0 (IBM
Corporation). A partial least squares structural equation model
(PLS-SEM) analysis was performed in SmartPLS 3.3.3
(SmartPLS GmbH) to validate the research model and test the
research hypotheses. A PLS-SEM was chosen because it is
capable of producing robust results with restricted sample sizes
and data lacking normality [25].

The implementation of this method was performed in 2 steps
[26]. The first step consisted of assessing the reliability and
validity of the measurement model using the partial least squares

algorithm, while the second step focused on assessing the fit of
the structural model and the significance of the hypotheses by
using bootstrapping (5000 bootstrap samples) [27].

The qualitative data were analyzed via thematic analysis.
Thematic analysis is a method for analyzing qualitative data
that entails searching across a data set to identify, analyze, and
report repeated patterns [28]. The initial codes were generated
by deductively reading the manuscripts. This was done by a
single coder, and the codes were reviewed by a second analyst
[29]. After they reached consensus on the initial codes, the
themes were extracted from and defined on the basis of the
codes through group discussions.

Ethics Approval
This study was approved by Shanghai Children’s Hospital
(approval number: 2022R092-E01). All respondents participated
in this study voluntarily and anonymously on the basis of
informed consent.

Results

Demographic Information
A total of 172 questionnaires were complete and valid, with a
100% (172/172) response rate. The demographic information
of CA users is listed in Table 2. Notably, 54.1% of the
respondents were in the 25 to 35 years age group, and 63.4%
(109/172) were women.
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Table 2. Demographic information.

Participants (N=172), n (%)Participant characteristics

Gender

63 (36.6)Men

109 (63.4)Women

Age (years)

12 (7)<25

93 (54.1)25-35

46 (26.7)36-45

21 (12.2)>45

Relationship with the patient

106 (61.6)Patients themselves

22 (12.8)Patients’ children

44 (25.6)Patients’ parents

Visit type

112 (65.1)First visit

60 (34.9)Return visit

Number of visits over the past half year

101 (58.7)1

47 (27.3)2-3

24 (14)>3

Number of times that a participant used a conversational agent

136 (79.1)1

31 (18)2-3

5 (2.9)>3

Measurement Model Assessment
The measurement model was assessed in terms of construct
reliability, convergent validity, and discriminative validity by
performing a confirmatory composite analysis. The results are
displayed in Table 3 and Table 4.

Reliability can be evaluated with Cronbach α and composite
reliability values [30]. Convergent validity can be accessed with
factor loading and average variance extracted (AVE) values
[27,31]. As shown in Table 2, all of the Cronbach α and
composite reliability values were above 0.7, the AVE for each
construct was above 0.5, and the factor loadings for each item

were above 0.7, indicating good reliability and convergent
validity [27].

Discriminant validity reflects the extent to which constructs are
significantly different from each other. To achieve discriminant
validity, the square root of the AVE for a given construct must
be higher than that construct’s correlation with other constructs,
and this must hold true for all constructs [31]. As shown in
Table 4, the results indicated that discriminate validity was
achieved. Therefore, we concluded that the quality of the
measurement model was sufficient for testing the hypotheses
in the model.
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Table 3. Construct reliability and convergent validity.

AVEbCRaCronbach αFactor loadingsConstructs and items

0.8900.960.938CONFc

0.947CONF1

0.940CONF2

0.943CONF3

0.9930.996.993CId

0.996CI1

0.996CI2

0.6940.871.792PEOUe

0.866PEOU1

0.763PEOU2

0.865PEOU3

0.7100.879.793PUf

0.825PU1

0.761PU2

0.933PU3

0.9600.980.959SATg

0.980SAT1

0.981SAT2

aCR: composite reliability.
bAVE: average variance extracted.
cCONF: confirmation.
dCI: continuance intention.
ePEOU: perceived ease of use.
fPU: perceived usefulness.
gSAT: satisfaction.

Table 4. Discriminant validity.

SatisfactionPerceived usefulnessPerceived ease of useContinuance intentionConfirmation

————b0.943aConfirmation

———0.996a0.853Continuance intention

——0.833a0.1750.177Perceived ease of use

—0.843a0.1920.7590.825Perceived usefulness

0.980a0.7830.1570.8570.841Satisfaction

aThe square root of the average variance extracted for each construct.
bNot available.

Structure Model Assessment
The inner variance inflation factors were below 5, indicating
that we were able to avoid construct collinearity in the model
[27]. The research model was assessed by evaluating the path

coefficients (β) and the coefficients of determination (R2). The
path coefficients and their significance levels, as well as

hypothesis outcomes and R2 values, are shown in Figure 2 and
Table 5.

β represents the direct effects of independent variables on
dependent variables. The hypotheses that were based on the
original ECM (hypotheses 1, 2, 6, 7, and 9) were all supported,
while the hypotheses regarding the newly integrated
construct—perceived ease of use (hypotheses 3, 4, and 5)—were
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rejected, except for hypothesis 8. R2 refers to the amount of
explained variance for each endogenous latent variable. The

entire model explained 75.5% of the variance in continuance
intention and 73.2% of the variance in satisfaction, which was
considered substantial.

Figure 2. Results of the structure model. *:P<.05; **:P<.01; *** P<.001.

Table 5. Hypothesis test results.

OutcomeP valueCoefficient (β)PathHypothesis

Supported.004.221Perceived usefulness → continuance intentionHypothesis 1

Supported<.001.280Perceived usefulness → satisfactionHypothesis 2

Rejected.63−.004Perceived ease of use → continuance intentionHypothesis 3 

Rejected.91.026Perceived ease of use → satisfactionHypothesis 4

Rejected.37.048Perceived ease of use → perceived usefulnessHypothesis 5

Supported<.001.817 Confirmation → perceived usefulnessHypothesis 6

Supported<.001.610Confirmation → satisfactionHypothesis 7

Supported.007.177Confirmation → perceived ease of useHypothesis 8

Supported<.001.680Satisfaction → continuance intentionHypothesis 9

Qualitative Data on Patients’ Expectations
A total of 3 themes were extracted from the 74 answers
regarding patients’ specific expectations that CAs failed to meet.
The first theme was personalized interaction (mentioned 50
times). Instead of the same interaction content and forms of
interaction, patients expected to see more personalized
conversations that were based on their previous medical histories
and visit types. Older participants asked for a voice recognition
function and larger font sizes. The second theme was effective
utilization (mentioned 37 times). Patients expected CAs to have
more useful functions, mainly focusing on self-assessments for
referrals and self-management for follow-up treatments. The
third theme was clear illustrations on the use and promises of
CAs (mentioned 15 times). In some cases, CAs were easily
mistaken as replacements for face-to-face consultations.

Discussion

Summary of Findings
This study identified key factors influencing patients'
continuance intention toward CAs through an extended ECM.
Satisfaction (β=.68; P<.001) and perceived usefulness (β=.221;
P=.004) were significant predictors of continuance intention,
with satisfaction being the stronger predictor. Patients' extent
of confirmation significantly affected both perceived usefulness
(β=.817; P<.001) and satisfaction (β=.61; P<.001). These
findings are consistent with the original ECM as well as the
findings of previous research on information system usage (eg,
telemedicine and health data reporting platform usage) among
patients [32-35]. The confirmation of patients’expectations has
a positive effect on perceived usefulness and satisfaction, and
the improvement of perceived usefulness and satisfaction can
further enhance patients’ enthusiasm for continuing to use a
system.
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Our qualitative data shed light on patients’ specific expectations
that CAs failed to meet, including personalized interactions,
effective utilization, and clear illustrations. Our findings can
help administrators and researchers better understand low CA
usage rates. After using CAs, if these expectations have not
been positively confirmed, perceived usefulness and satisfaction
among patients will drop accordingly and result in their
unwillingness to continue using CAs.

Although accumulated evidence has shown the significant
impact of perceived ease of use on both perceived usefulness
and usage intention [15-17], in this study, perceived ease of use
turned out to be trivial in the context of CAs. Not coincidentally,
some studies on information system usage in hospitals have
also shown the insignificant relationship between perceived
ease of use and usage intention [36-38]. This result indicates
that once CAs prove to be useful and effective, patients will
consider it worth their time and effort to learn how to use CAs.
However, if CAs are easy to use but cannot collect useful
medical histories from patients, patients’ continuance intention
will not improve anyway [37].

Managerial and Public Health Implications
Our findings have important managerial implications. The
proposed model provides a feedback channel that administrators
can use to gain insight into patients’ actual experiences and
expectations. To maximize patients’satisfaction and continuance
intention, efforts should be made toward improving the aspects
that patients reasonably expect CAs to have. Offering
personalized interactions based on patients’histories and adding
more functions can increase perceived usefulness among
patients, while providing clear illustrations on the use and
promises of CAs can result in patients having appropriate
expectations, which allow for positive postuse confirmation.

Contributions of This Study
This study contributes to the body of knowledge about the
determinants of CA continuance usage. Almost half of the
existing literature on CA acceptance, adoption, and usage
evaluates a specific CA artifact, while only 21% of studies put
the user in the center of attention when investigating the
determinants of their acceptance and usage of CAs [39]. Most

of these user-focused empirical studies did not draw on specific
concepts from theory for their evaluations [40-43], which makes
the results hard to compare. The contribution of this paper is
2-fold. From a theoretical point of view, we identified key
factors influencing users’ continuance usage intention through
a theoretical model. The applicability and validity of the model
was empirically tested via a cross-sectional field survey. From
a practical point of view, corresponding managerial implications
based on the results were proposed to facilitate the successful
and continuous development of CAs.

Study Limitations
This study has several limitations that should be addressed. The
digital transformation of CA systems started less than 1 year
ago, and the progress of this transformation varies dramatically
from hospital to hospital. Therefore, this study was conducted
at a hospital with a relatively well-designed system and a larger
user base. Further research is needed to confirm our findings in
the context of different hospitals and different CAs.
Additionally, the sample was not normally distributed in terms
of gender and age. However, the data analysis was trustworthy,
since a PLS-SEM is capable of producing robust results with
restricted sample sizes and data lacking normality. Furthermore,
a successful digital transformation in health care is a joint effort,
and in terms of CAs, this effort depends not only on patients’
continuance but also on physicians’ utilization and
administrators’ management of CAs. A multisource model is
required to explore the relationships among the constructs.

Conclusions
This study intended to identify key factors influencing patients’
continuance intention toward CAs. Satisfaction and perceived
usefulness were significant predictors of continuance intention
(P<.001 and P<.004, respectively) and were significantly
affected by patients’extent of confirmation (P<.001 and P<.001,
respectively). Developing a better understanding of patients’
continuance intention can help administrators figure out how
to facilitate the effective implementation of CAs. Efforts should
be made toward improving the aspects that patients reasonably
expect CAs to have, which include personalized interactions,
effective utilization, and clear illustrations.
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ECM: expectation-confirmation model
ENT: ear, nose, and throat
PLS-SEM: partial least squares structural equation model
TAM: Technology Acceptance Model
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Abstract

Background: Health care and well-being are 2 main interconnected application areas of conversational agents (CAs). There is
a significant increase in research, development, and commercial implementations in this area. In parallel to the increasing interest,
new challenges in designing and evaluating CAs have emerged.
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Objective: This study aims to identify key design, development, and evaluation challenges of CAs in health care and well-being
research. The focus is on the very recent projects with their emerging challenges.

Methods: A review study was conducted with 17 invited studies, most of which were presented at the ACM (Association for
Computing Machinery) CHI 2020 conference workshop on CAs for health and well-being. Eligibility criteria required the studies
to involve a CA applied to a health or well-being project (ongoing or recently finished). The participating studies were asked to
report on their projects’ design and evaluation challenges. We used thematic analysis to review the studies.

Results: The findings include a range of topics from primary care to caring for older adults to health coaching. We identified
4 major themes: (1) Domain Information and Integration, (2) User-System Interaction and Partnership, (3) Evaluation, and (4)
Conversational Competence.

Conclusions: CAs proved their worth during the pandemic as health screening tools, and are expected to stay to further support
various health care domains, especially personal health care. Growth in investment in CAs also shows the value as a personal
assistant. Our study shows that while some challenges are shared with other CA application areas, safety and privacy remain the
major challenges in the health care and well-being domains. An increased level of collaboration across different institutions and
entities may be a promising direction to address some of the major challenges that otherwise would be too complex to be addressed
by the projects with their limited scope and budget.

(J Med Internet Res 2022;24(11):e38525)   doi:10.2196/38525
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Introduction

Conversational agents (CAs) are applications that facilitate
human-computer interaction through natural language.
Automatic speech recognition (ASR) and natural language
processing (NLP) models help to interpret human language and
produce appropriate responses [1]. CAs (also widely known as
chatbots, virtual assistants, dialog systems, or voice assistants)
are used in several domains such as e-commerce, scheduling
services, and question-answer systems [2]. The user-system
interaction could be over text (eg, SMS text messaging over an
app or web service), voice (eg, interactive voice response via
phone calls, voice assistants via a smartphone or smart speaker),
or multimodal (eg, visual, text, and audio feedback and
interaction via a smartphone, smart speaker, or any other smart
and internet of things devices) [3].

CAs have been variously used and studied in health care for
supporting behavioral health and healthy living [3,4]; health
information seeking [5-9]; appointment, medication, symptom
tracking and chronic condition management [10-12]; and
facilitating COVID-19 screening and information sharing
[13,14]. Mobile phone ownership enables and increases the
potential applications, availability, and access to CAs in practice.
Mobile phone ownership is around 15 billion worldwide as of
2021 [15], and 97% of US adults own a mobile device [16].
Current studies and randomized trials showed that CAs could
be effectively used in health care delivery and improving health
outcomes, such as improving mental health [17], maternal health
[18], and healthy behaviors [19]. In addition, there is an
increasing investment in chatbots in the health care industry;
some examples include Woebot, Babylon, and ADA Health
[20].

Despite the increasing interest in using CAs in supporting health
care and well-being, there are many challenges in the
development, deployment, and use of CAs. Recent review
studies have highlighted some of the challenges including NLP

[21,22], patient safety [1,23,24], integration with other
technologies [22], information dissemination [25,26],
medico-legal issues [27], and ethics [28]. In response to that,
recent workshops have explored the challenges and opportunities
of conversational user interfaces [29-31] and the design and
evaluation of CAs in health care [32]. Here we contribute to
this developing literature by reporting a self-assessment of 17
such projects.

In May 2020, a workshop entitled “Conversational Agents for
Health and Well-being” was held at the ACM (Association for
Computing Machinery) Conference on Human Factors in
Computing Systems (CHI 2020) [32]. The aim was to understand
the most current challenges recent research projects face and
devise potential directions for future research to address those
challenges. The workshop included completed or ongoing
projects from 30 participants in 5 countries, covering various
topics from supporting older adults to mental health and
coaching to supporting everyday health. Following the
workshop, participants were invited to collectively report the
design and evaluation challenges of CAs in health care to
provide researchers, designers, and health care professionals
practical perspectives on these challenges. This paper aims to
present the challenges of designing and evaluating CAs derived
from recent health care projects conducted in the last 2 years.

Methods

We followed a selective review study design focusing on the
challenges of recent studies on CAs in health and well-being.
Coauthors were invited to report their original CA research in
health care and well-being, outlining major challenges in the
design and evaluation of the CA being used in their research.
Coauthors were asked to report on design and evaluation
challenges they faced in their project. In their written report,
each coauthor or author group (1) described their research, (2)
explained challenges (limited to 3 major design challenges and
3 major evaluation challenges), (3) explained how they

J Med Internet Res 2022 | vol. 24 | iss. 11 | e38525 | p.710https://www.jmir.org/2022/11/e38525
(page number not for citation purposes)

Kocaballi et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.2196/38525
http://www.w3.org/Style/XSL
http://www.renderx.com/


addressed the challenges or how they plan to address, and (4)
support their findings and suggestions with prior literature. Only
the information provided through the written report was
analyzed as a case study. Each case study went through an open
peer review process among authors and was revised. Finalized
cases were analyzed by 3 coauthors (ABK, ES, and LC). We

used thematic analysis to identify, assess, and analyze the
patterns in the cases [33]. The following steps were used in the
analysis process: (1) familiarizing with the data, (2) generating
initial codes, (3) searching for themes, (4) reviewing and refining
themes, (5) defining and naming themes, and (6) reporting the
findings (Textbox 1).

Textbox 1. Steps used in the analysis process.

1. Familiarizing with data

• To gain familiarity with the data and understand the depth and breadth of the content, coauthors (ABK, ES, and LC) read and re-read the
case studies.

2. Generating initial code

• Following an open-coding approach (without predefined codes, developed, and modified during the coding process), coauthors (ABK, ES,
and LC) created initial codes independently. They reviewed the codes iteratively. The codes were compared, and group decisions and
consensus created the finalized codes. Coauthors used Google Sheets to create codebooks.

3. Searching for themes

• The codes were sorted at first to understand the frequency of occurrence. They were reviewed to find patterns and grouped into the themes
collectively by the coauthors (ABK, ES, and LC). Each theme was labeled to guide the grouping and reviewed by the coauthors (ABK, ES,
and LC) iteratively. Similar to the coding, coauthors reached a consensus to finalize themes.

4. Reviewing and refining themes

• All themes were reviewed. The relationships between codes and themes were discussed by the coauthors (ABK, ES, and LC). Some of the
themes were combined that were found to be related; for example, obtaining domain information and training data were combined into
Domain Information and Training. Themes were reviewed and finalized for consistency regarding their content, by consensus.

5. Defining and naming themes

• Definitions of the themes were created regarding codes, subthemes, and corresponding cases. In case of disagreements, coauthors reviewed
themes to ensure consensus in theme content, definition, and labeling.

6. Reporting the findings

• Thematic analysis results were reported through a chart with themes, subthemes, definitions, associated cases, and frequency of occurrences.

Results

Overview
The review included 17 studies covering many domains from
primary care to caring for older adults to health coaching. A

summary of the projects is presented in Table 1, with a unique
project number for each project to be referenced in the
presentation of results. The thematic analysis identified 4 major
themes: (1) Domain Information and Integration, (2)
User-System Interaction and Partnership, (3) Evaluation, and
(4) Conversational Competence (Table 2).
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Table 1. A summary of participating projects, including titles, domain, CAa purpose, and CA input and output modalities.

Project statusCA input/outputCA purposeHealth/well-being do-
main

Project titleProject
number

OngoingWritten and spoken/writ-
ten, spoken, and visual

Work with general practitioners to
document patient information in a
consultation

Primary careDigital Scribe: A Wizard of
Oz Study

1

OngoingSpoken/written, spoken,
and visual

All speech-based CAs (nonspecific
projects)

Accessibility and in-
clusivity/speech diver-
sity

Speech Diversity and Speech
Interfaces – Considering an
Inclusive Future Through
Stammering [34]

2

CompletedWritten/writtenProvide health and well-being care,
advice, and monitoring

Care of the elderly in
their homes

ADELE: An Artificial Conver-
sational Care Agent for the
Elderly [35-37]

3

OngoingSpoken/spokenSupport navigation and other activi-
ties by having the person with visual

People with visual
impairments

Talk the Talk: How Human
Conversational Agents Build
Trust [38-41]

4

impairment share their smartphone
camera feed. Based on the camera
feed and conversational interaction,
plus use of online tools such as
Google Maps, a remotely located
sighted person provides guidance to
the person with visual impairment.

OngoingSpoken/spoken and visualEmpower the person with MCI as
well as their caregiver; amplify
caregiver

Older adults with

MCIb
Empowering Older Adults
With Mild Cognitive Impair-
ment and Their Caregivers
Using Conversational Agents

5

CompletedWritten and spoken/writ-
ten, spoken, and visual

Help users answer analytical ques-
tions about health care enterprises

Health care enterprise,
payer

Adaptive Conversational
Agents for the Health Care
Enterprise

6

OngoingWritten/writtenCollect truthful self-disclosure and
deliver guidance

Mental health careEncouraging Users’ Self-dis-
closure With a Chatbot Medi-
ator [42-44]

7

CompletedSpoken/spokenDeliver a counseling method named
motivational interviewing in an au-

Family eating habitsMotivational Interviewing
Conversational Agent (MI-
CA) [45,46]

8

tomated manner to help parents eat
healthier along with their children

CompletedWritten/writtenDeliver health information on
COVID-19 to African Americans
with chronic illnesses

Chronic illnessConversational Agent for
African Americans With
Chronic Illnesses [47,48]

9

CompletedSpoken/written and spokenEntries in food journalFood journalingExploring Voice Assistants in
Multimodal Food Journaling
[49,50]

10

OngoingWritten/written and visualHealth coaching and goal setting for
type 2 diabetes self-management

Health coachingt2.coach: A Chatbot Health
Coach for Diabetes Self-man-
agement [51,52]

11

OngoingWritten and spoken/writ-
ten, spoken, and visual

Recommending personalized hear-
ing aid settings by gathering user
feedback in real-world environments

Hearing health careDesigning Audiologist Bots
Fusing Soundscapes and User
Feedback

12

CompletedWritten and spoken/writtenOffering medical advice (eg, diag-
nostic suggestions) to patients based
on their input (eg, symptoms)

Self-diagnosisUtilization of Self-Diagnosis
Health Chatbots in the Wild:
A Case Study [53]

13

OngoingWritten/written and spokenDiscuss treatments to encourage
adherence

Children and their
families referred to
incontinence and

eADVICE: Providing Special-
ist Treatment Advice to Pa-
tients on Waiting List [54]

14

sleep clinic awaiting
appointment
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Project statusCA input/outputCA purposeHealth/well-being do-
main

Project titleProject
number

CompletedWritten and spoken/written
and spoken

Assisting caregivers and patients
with tracking and communicating
symptoms and health events outside
of clinical settings to reduce docu-
mentation burden and facilitate care
coordination

Documentation and
care coordination sup-
port for children with
special health care
needs

Symptom and Health Events
Tracking at Home for Chil-
dren With Special Health
Care Needs (CSHCN) Using
Conversational Agents
[55,56]

15

OngoingWritten/spoken and visualDevelopment of a CA that provides
end of life planning and spiritual
counseling

Elderly care, spiritual
support, human-
agent/robot interaction

Palliative Care With Spiritual
Support by Conversational
Agents

16

CompletedWritten/written and spokenCollect high-quality social needs
data from vulnerable populations
while increasing engagement

Social needs screen-
ing in public hospital
emergency depart-
ments

HarborBot: A Chatbot for So-
cial Needs Screening [57,58]

17

aCA: conversational agent.
bMCI: mild cognitive impairment.

Table 2. A summary of themes and subthemes and the studies reporting them.

Reported byThemes and subthemes

Domain Information and Integration

P2a, P6, P10, P11, P13, P14, P17Domain Information and Training

P11, P14, P15Integration and Infrastructure

User-System Interaction and Partnership

P3, P5, P6, P8, P9, P11, P12, P13, P14Personalization

P3, P4, P7, P12, P13, P16, P17Relationship Building

P3, P5, P7, P8, P9, P10, P13Safety and Privacy

P4, P7, P9, P10, P13, P14User Engagement

Evaluation

P1, P8, P11, P12Methodological Limitations

P1, P3, P5, P12, P13, P14, P17Experimental Limitations

P1, P2, P9, 13, P15Lack of Guidance on Evaluation

Conversational Competence

P1, P2, P3, P8, P10, P12, P15Topic Detection and ASRb

P10, P11, P1, P2, P17Discoverability and Conversational Interaction Model

P2, P5, P8, P9, P14, P16, P17Accessibility and Inclusivity

aP: project.
bASR: automatic speech recognition.

Domain Information and Integration

Overview and Subthemes
Health care CAs often operate within particular domains of
health care that require the integration of domain-specific
information and language. This theme is concerned with the
challenges of obtaining the required problem domain
information, collecting data to train CAs, and integrating CAs
with the existing systems and infrastructures. For example, a
CA to be designed for helping general practitioners in the
primary care domain needs to be trained by a large number of
doctor-patient conversations. Obtaining this kind of information

is challenging and resource intensive. In addition, the expert
medical knowledge needs to be translated into conversational
format. Similarly, CAs cannot be developed as isolated
applications: they need to be integrated with the existing systems
and infrastructure.

Domain Information and Training
Two projects (P6 and P14) reported on the difficulties of
obtaining domain information, in these cases, for health care
enterprise and medical adherence communications. These
difficulties are associated with the lack of time of domain
experts (P6), the domain information being not in a
conversational format (P6) or being distributed across many
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subdomains (P6), and the knowledge acquisition bottleneck
(P14). While P6 recruited subject matter experts to review
conversation flows and response frames to format health care
data for conversation-like interactions, P14 implemented
incremental acquisition from the expert or user to alleviate the
problem of obtaining domain-specific information.

Integration and Infrastructure
Three studies reported some challenges associated with
integrating CAs into existing infrastructures. One project (P15)
using CAs to support health care tracking of children with
special needs at home explained the security and privacy
challenges of integrating CA-collected information into clinical
systems and workflows. Using interoperability standards (eg,
Fast Healthcare Interoperability Resources) to share caregiver
notes with health care professionals was suggested as one of
the fundamental approaches for integration (P15). Many CAs
are developed using underlying development platforms such as
Amazon Alexa Skills or Google Dialogflow. P14 highlighted
the difficulty in adapting to the rapidly evolving platforms that
can potentially make the CAs designed according to the previous
platform functionality stop working. Finally, P11 discussed the
tension between the ubiquity and richness of the underlying
platforms. For example, while SMS-based text messaging is
ubiquitous, it is purely text based and does not offer some of
the multimodal interaction options of other messaging platforms
such as Facebook Messenger or WhatsApp (eg, 1-click
suggested response buttons or carousel menus). P11 used SMS
text message–based messaging to support a higher degree of
accessibility and ubiquity; however, to expand the richness of
the user experience they included more immersive education
content with multimedia messages including infographics to
elaborate on each health goal option.

User-System Interaction and Partnership

Overview and Subthemes
This was one of the major themes that captured several
challenges related to the characteristics and qualities of
interaction between users and CAs, and the ways in which users
and CAs work together. The subthemes included Personalization
of CAs, Relationship Building Between CAs and Users, Safety
and Privacy, and User Engagement. Some common challenges
were supporting users’ trust in CAs, enabling CAs to show
empathy, and ensuring users’ privacy.

Personalization
Personalization emerged as an essential design feature as part
of the projects. Personalization was reported as a challenge in
10 projects. The personalization challenges were providing
appropriate responses based on users’ context (P8 and P3),
tailoring conversations for different user groups with a broad
age range and different health literacy levels (P14, P6, P9, P11,
and P12), and minimizing the question overload in surveys
(P13). While 1 project reported on the difficulties in evaluating
the effects on adaptive features (P6), another project presented
the challenges associated with designing for dyads (P5), which
include a patient and a caregiver. P5 explained that dyads using
the same device pose several challenges, including dyads’
difficulties managing technology, dyads’ overall wide range of

technology literacy, and how to support both members of the
dyad through the functionality of the CA.

Relationship Building
Humans and CAs may have different forms of relationships
ranging from very short-term relationships typically
characterized by one-off task-based conversational exchanges
to long-term relationships in which CAs have longer
conversational interactions across different topics over a longer
period. Relationship building—how a human-CA relationship
is established and maintained—was reported as a challenge in
13 projects. Trust (P3, P4, P7, P13, and P16), empathy (P4, P17,
and P16), self-disclosure (P7), and transparency (P12) were
presented as important dimensions of relationship building. One
project focusing on designing a CA for people with visual
impairment (P4) explains the importance of CAs to show
empathy in establishing and strengthening trust between the
sighted Aira agent and the client with visual impairment.
According to P4, to incorporate empathy into conversational
interaction, an agent must represent not only the situation itself
(eg, what objects are present, their spatial relationships,
movement vectors) but also the other agent’s experience and
interpretation of the situation. A project designing a CA for
older adults’ care (P3) describes the difficulties of building trust
due to concerns about security, legal issues, the sharing and
storing of personal and sensitive information, and privacy and
ethical concerns, among others [59]. Issues with any of these
and other concerns have the potential to damage the relationship
critically or terminally between the CA and the patient. To
address this challenge, P3 incorporated trust-building and repair
strategies from the onset. Previous research has shown that
reliability is likely the preeminent factor in building trust
between the patient and the artificial care agent [60,61]. By
contrast, other factors such as competence, benevolence, and
integrity are also likely to significantly influence [62].
Transferring users’ self-disclosure was reported as a challenge
in human-in-the-loop artificial intelligence systems where CAs
mediate between a user and a domain expert (P7).

Safety and Privacy
Safety of user data and privacy of personal information shared
with CAs have influenced the user decision and perception
toward CAs. Six projects reported users’ safety (P3 and P13)
and privacy (P5, P7, P8, and P10) as challenges. P10 explained
that while some users were worried that using the voice assistant
would disturb others, other users felt discomfort or concerned
with privacy when other people could hear them track their
food. To tackle this issue, some suggested solutions in P10
included adopting other devices or modalities for input (eg,
taking picture or text input using phone or web), as well as
implementing food “template” features for quick commands
(eg, saying “Alexa, journal number 1” or “Google, journal same
breakfast as yesterday”). In the cases of CAs as mediators
between 2 users (P7) or multiple users (P5), privacy challenges
may become more critical. As many health care CAs deal with
safety-critical user information and decision making, P3 and
P13 noted the need for more strict and standardized evaluation
measures for CAs.
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User Engagement
Establishing user engagement strategies for CAs is fundamental
to improving user experience and sustained use. However, 6
projects reported enabling and maintaining user engagement as
a challenge (P4, P7, P9, P10, P13, and P14). P9 explained the
importance of culturally sensitive CAs to support increased trust
and adoption in the context of helping African Americans with
chronic diseases and the difficulties of understanding and
incorporating cultural aspects into CAs. P10’s focus on creating
a multimodal food journal mentioned their participants’problem
of remembering or discovering the voice commands to track
their food, and the need to have a better mapping of commands
to multiple utterance styles and advanced intent recognition.
P13, a project using a self-diagnosis chatbot, reported that their
users tended to drop out of the consultation with their chatbot,
especially during the early stages, and pointed out the
importance of examining and evaluating the mechanisms and
approaches that can increase the uptake and utilization of health
chatbots. P14 incorporated various strategies into the chatbot
to support higher treatment adherence for pediatric patients
awaiting a specialist appointment. These included developing
a working alliance; having face-to-face communication; using
everyday conversational language; and empathic language
strategies such as choices, consequences, and nonjudgmental
affirmations.

Evaluation

Overview and Subthemes
The Evaluation theme encapsulates 3 limitations that authors
have encountered during their experiments with CAs: (1)
methodological limitations that show challenges in evaluating
interactions and performance of CAs; (2) experimental
limitations related to the challenges with data collection and
analysis and study environment; and (3) lack of guidance in
evaluation describing challenges to navigate assessment of CAs
without guidance or prior evidence.

Methodological Limitations
By nature, CA interactions are designed to communicate with
humans and are dependent on intellectually crafted bidirectional
conversations that are hard to generate or replicate. Early efforts
toward testing the CAs included scripted conversations to
measure the performance of CAs objectively. Yet, scripted
conversations fall short in mimicking the actual number of
conversations and iterations that may occur in the real world
(P1). In addition, a limited number of interactions create a
barrier to evaluating the performance effectively. Creating
complex scripts or testing with actual patients are some of the
solutions proposed (P1).

To provide standard measures to evaluate the performance of
CAs, user-CA interactions can be tested in a controlled
environment using scripts, such as scenarios, role-playing, or
Wizard of Oz testing. However, these scripted or simulated
interactions might be limited to providing organically flowing
conversations (P1) and accurate assessments due to the
simulated nature of system functionalities and user scenarios
(P8). Such evaluation yields the results only in a controlled
environment, impacting the end user’s judgment (P8). The

observations on user-CA interactions may explain a CA’s
efficacy to a degree yet not its effectiveness, which can be
observed in the real-world environment. Using actual end users
with different health and well-being needs in real-world settings
and observing them longitudinally may improve the evidence
of CA interactions (P1, P11, and P14).

Experimental Limitations

Effects of Training Materials/Unplanned Events

Training data are core requirements in developing and assessing
CAs performance. However, it could be hard to gauge the effects
of training materials (P5). Developers must track the features
used in training and compare them with the actual CA usage.
Similarly, unplanned or unforeseen events can affect the
outcomes of CA interaction evaluations. The COVID-19
pandemic shifted the norms toward remote management of
experiments, causing miscommunications and inefficiencies in
simple user training and troubleshooting (P5).

Accessing Vulnerable Populations

It is important to design for diverse populations, including
vulnerable populations, and people with various social ills, such
as homelessness, poverty, and hunger [58]. However, recruiting
and engaging them with limited resources and connections with
community partners can be difficult. In terms of improving CA
interaction with such populations and enhancing access to the
CA, inputs from heterogeneous groups and different users are
needed through alternative platforms and technologies (P12 and
P14). For instance, CA use evaluation in an emergency
department with low-literacy users may require trained personnel
to guide users and understand their experiences (P17).

Challenges of Testing in Real-World Settings

In research, test settings and iterations often occur in controlled
environments, without real-world interactions to objectively
assess CAs. This results in decontextualization of testing and
yields limited results. Some significant difficulties are involved
in performing CA testing in real-world, authentic settings. For
instance, P1, in a study with CA-supported automated
documentation, reported that without a real-world electronic
health record interaction, many work routines cannot be tested.
Even if a CA gets integrated into electronic health record,
technically, logistically, and legally it is hard to roll out.
However, such efforts are necessary for understanding all end
users’perceptions (nurses, doctors, patients) and the complexity
of medical workflow (P17). P3 suggested a staged evaluation
approach through a research platform, which will allow
evaluations in mock care settings. There are still very few
user-CA evaluations in real-world settings. Further efforts are
required to promote real-world testing (in uncontrolled authentic
environments). P13 explained that without an in-depth
understanding of contextual elements in a problem domain, it
is challenging for CA designers and developers to figure out
how to improve the user experience and how to overcome the
challenges in the actual use of health care CAs.
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Lack of Guidance in Evaluation

Lack of Evaluation Data for Special Population Groups

As with vulnerable populations, there is a lack of evaluation
data for special population groups. This issue may lead to having
no real knowledge of user experiences with CAs for people with
diverse speech patterns (P2). Similarly, there is a lack of
evaluation material designed (P13) specifically for marginalized
or minor user groups, such as African Americans with low
technology literacy (P9). Development of population-specific
evaluation methods and promotion of participatory design and
interactive sessions are necessary (P2 and P9).

Lack of Evaluation Guidelines and Metrics

The lack of evaluation guidelines for CAs leads to creating
robust frameworks for effectively and uniformly measuring
impact and outcomes. In addition, the CA-based interventions’
safety, efficacy, and effectiveness are lacking due to no clear
guidance provided in the literature yet (P13). Metrics to measure
the effects of interaction, engagement, and measures for health
outcomes are necessary. One solution could be longitudinally
observing interaction to identify key indicators to be used as
success metrics (P15).

Theoretical approaches to evaluating the CAs may not be aligned
with the standard measures. In P11, behavior change techniques
showed a mismatch with usability metrics, potentially showing
an inverse relationship between user engagement (quality of
communication in user experience and CA usage patterns) and
behavior change techniques (eg, goal setting). Combining
theories and evaluation approaches might be necessary to create
multifaceted evaluation metrics and triangulate use patterns.

Difficulties in Multimodal Testing

CA could be potentially provided in multiple platforms and
different modalities (eg, text-based chatbot, voice assistant with
avatar). Evaluating individual modalities in a multimodal system
is necessary, yet it is hard to evaluate the graphical and
conversational interfaces separately. However, it might still be
possible to design visual elements and layouts in a minimal way
to reduce their effects on users’ perception and assessment of
the CA interface (P1).

Conversational Competence

Overview and Subthemes
Several projects discussed challenges related to the
conversational competence of CAs and the impacts these might
have on people’s interactions. Competence here refers to
accurately understanding user input and responding
appropriately, whether the conversation is an appropriate
metaphor for design and how user interactions can be best
facilitated, and how CA interactions can be made more
accessible and inclusive.

Topic Detection and Automated Speech Recognition
Detecting the topic being discussed can be difficult in several
CA scenarios. The unscripted nature of the social talk, often
undertaken as part of caregiving interactions, makes it difficult
to follow the discussed topics (P3). Even more scripted
interactions such as primary care consultations may be nonlinear

and fragmented, creating further difficulties in detecting the
current topic being discussed (P1). Proposed solutions include
advanced topic detection methods (P3) and collaboratively built
data sets to support these methods (P1). Using specific phrases
to highlight topic shifts during interactions (P1) and personalized
systems (P3) may also improve CAs.

Topic detection in CA in health care settings also faces
challenges related to specific contexts and users. For example,
tracking health care outcomes for different patients and
treatments requires an understanding of specific medical terms
(P15). Using services such as Amazon Comprehend Medical
[63] alongside manual interventions could help expand
appropriate vocabulary to improve CA comprehension.
Similarly, P12 describes using CAs for people with hearing aids
that may require them to use an agreed set of terms or additional
supervised training to recognize “audiological intents.”

More generally, there is an ongoing challenge of understanding
when someone has finished an utterance while communicating
with a CA (endpoint detection). This may require additional
research for people with diverse speech patterns such as
stammering (P2), to collect the necessary audio data and
understand their interactions.

In addition to detecting topics in interaction, CAs in health care
interactions face difficulties with ASR. This is also common in
CA interactions outside of health care [64]. Audio may be
impacted by recording quality ambient noise (eg, other devices
such as televisions or other people talking), which could be
combated with the use of directional microphones (P1 and P15)
[21]. Again, in more nuanced interactions such as using CAs
for people with hearing aids, optimal CA responses may require
the processing of environmental information such as loudness
and signal-to-noise ratio (P12). Inserting such information into
the dialog may improve CA performance for this type of
interaction.

In addition to audio quality, the language a user produces can
also be a limiting factor for CAs. Active error correction by a
CA may help in the misunderstanding and nonrecognition of
specific terms (P10). For privacy-first interactions, processing
of speech data may be performed locally on the device rather
than requiring any interaction with servers, though this may
reduce the performance of the CA’s speech processing
capabilities (P8).

Discoverability and Conversational Interaction Model
A key challenge in CA design is making the set of possible
actions or commands discoverable for users [65]. Understanding
and remembering how to interact with CAs in different contexts
can create difficulties for people using these systems (P10 and
P11). Making CAs open ended and lightweight may allow
people to explore systems’ capabilities and adapt them for their
purposes (P10). For people with low levels of technology
literacy, CA-initiated dialogs can be implemented at consistent
intervals to counteract the lack of discoverability of
user-initiated features (P11).

CAs rely on turn-taking–based conversational communication
and interaction models; however, they may not always be
appropriate or require additional scaffolding. General
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practitioners taking notes using a CA, for example, may need
to interrupt interactions with their patients. By contrast,
screen-based technologies for the same task can support
multimodal, more continuous interactions, and less intrusive
data entry (P1). Continuing the multimodal use of information
entry for general practitioners may improve or resolve
interruptions. Furthermore, monitoring utterances in user-CA
interactions may not be as smooth as human-human interactions.
Consequently, enabling a CA to detect when someone has
finished speaking is critical to more seamless interactions (P2).
For diverse speech patterns, such as stammering, we may be
able to draw on advice for interacting with various
demographics, though crucially, we must understand the nuances
of these interactions and design CAs with inclusivity in mind.
For scenarios such as filling in forms and surveys with CAs,
audio may be an inefficient modality and create design tension
with sequential questions and wait times (P17). Optimizing
delay usage to limit unnecessary wait times, using shorter
phrases, and allowing people to opt-out of audio in multimodal
CAs can be used to work against these limitations.

Accessibility and Inclusivity
Several projects discuss the need to make CAs accessible to a
broad set of demographics or to focus on improving systems to
make them inclusive for specific types of people. P14 identifies
the need to provide equitable and easy access to CAs that
improve health and well-being. They propose allowing access
through a web browser and downloadable software, as well as
offering technical support and downloadable fact sheets to work
with or replace their CA. Off-the-shelf CAs may present
difficulties for people in lower-resource areas (eg, limited
internet access, financial constraints), which could be improved
with systems that use more offline resources (P8), though this
may present its own performance challenges that need to be
addressed.

Levels of education, experience, and technological literacy can
also impact users’ interactions with CAs (P5, P16, and P17).
These obstacles may be overcome by providing multiple
modalities to compensate for people’s preferences and abilities
(P5 and P17) and engaging in participatory design with target
demographics (P16). Evaluating such systems may require
redeveloping protocols to include people with lower literacy
and ensure they are able to understand the questions being posed
to them (P17). Specific communities may also require additional
thought in designing and evaluating CAs and building on the
available sparse research literature (P2 and P9). Working with
people who stammer, for example, has seen little research with
CA interactions and requires a fundamental understanding of
the barriers to successful interactions and how these can be
overcome (P2). P9 highlights the need to consider African
American communities and how their perceptions towards CA
and interactions with them cannot be assumed to be the same
as other communities. Consequently, novel methods and
evaluation techniques may need to be developed with diverse
populations in mind.

Discussion

Principal Findings
This review highlights numerous challenges of CA interactions
in the health care and well-being fields, including 4 major
themes on Domain Information and Integration, Conversational
Competence, User-System Interaction and Partnership, and
Evaluation. Many challenges reported in this review echo those
discussed in related CA work. ASR errors are long-standing
concerns with speech-based CAs [66] that can lead users to alter
their speech patterns to increase comprehension [67]. Difficulties
in fostering user engagement have been highlighted when CAs
cease to perform their intended utility [68]. Existing research
has addressed this issue, for example, by explaining the cause
of interaction errors to users or allowing users to halt interactions
when they desire [69]. Accessibility concerns discussed in this
review also map to those discussed in prior work on both
text-based [70] and speech-based CAs [71]. Research continues
to identify how CA accessibility can be improved [72] and
design recommendations such as the Web Content Accessibility
Guidelines [73] have been suggested as a means of addressing
these. Prior studies also reported challenges associated with
involving and engaging patients in their home environments
[74], limitations in short-duration laboratory studies and
challenges in longitudinal assessments [75], and difficulties
with multicomponent system evaluation [76].

In addition to the similar challenges identified in prior CA
literature, this review identifies some challenges that are specific
or more critical to health care and well-being domains, including
empathy, safety, recruitment of vulnerable populations, and
challenges in testing authentic settings. Prior work has brought
attention to open challenges across the broader CA field [77]
and highlights the need to create responsible CAs that focus on
fairness, transparency, and ethics. This is critical for CAs
discussed in this review, particularly given the sensitive nature
of interactions and the underlying data collected from these.
The fragmented nature of speech-based CA work, in particular,
has recently been addressed [29,78]. This prior work notes a
scarcity of robust evaluation metrics and research involving
real-world testing. Our review shows that there are similar
problems for application of CAs in health care and well-being.
However, the nature of these domains means there can be
additional obstacles when entering research phases that require
strict considerations of medical ethics, laws, and standardized
practices. Improving consistency in CA research and
implementation may benefit from reaching out to other
disciplines (eg, cognitive sciences, linguistics) [78], combining
existing theories and evaluation approaches (see the “Lack of
Guidance in Evaluation” section), and examining guidelines
from both academia and industry [79]. While broad challenges
around CAs must be considered within health care and
well-being contexts, this review also identifies more nuanced
challenges for these domains. Future work should consider how
these different challenges overlap, depending on both the
expected CA scenarios and user demographics.
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Data Collection in Health Care Domains
Obtaining domain-specific information and collecting data are
typically challenging. There are 2 major reasons: first, health
care professionals who can provide critical domain information
are very time-poor and their contribution to the projects is
limited; and second, health care data are extremely sensitive,
and there are a lot of privacy and safety concerns. As recruiting
a full-time health care professional is not financially feasible,
an incremental acquisition method might be useful (P14). Data
privacy and safety are significant concerns for health care
professionals, and consumers are more hesitant to share
information compared with other application areas (P1). For
example, the Digital Scribe project needed to collect thousands
of doctor-patient conversations in primary care settings to train
their NLP algorithm [21]. However, managing the audio
recording system, informing patients and getting their consent,
and privacy and safety concerns of not only patients but also
doctors made the data collection process extremely challenging.
In this case, multi-institution collaborations are needed to
organize and manage data collection to reduce the frictions in
the process such as employing a dedicated technical person to
provide support, more automated and easy-to-control audio
recording system, and streamlined patient consent gathering.
Such data collection challenges are not specific to primary care
as many health care settings have similar situations and
requirements. Therefore, incentivizing collaborations and data
sharing between institutions and creating ethical frameworks
to facilitate data sharing are needed, with some already emerging
in the CA community [80]. In addition, proven data safety
protocols and certifications can be made available to ensure
safety and increase user trust. Integrating CAs into existing
systems and enabling data sharing across systems were other
challenges reported. Fast Healthcare Interoperability Resources
was suggested as a promising interoperability standard (P15).

Developing Empathy in CA Interactions
Concerning the theme User-System Interaction and Partnership,
empathy, safety, and privacy emerged as important challenges.
Especially for CAs used in mental health applications, being
able to show empathy is a valuable characteristic. Challenges
related to empathy can be grouped into 2 categories: challenges
of detecting the users’ current emotional sensitivity to a topic
and crafting an appropriate response to the user according to
their situation and preferences. For example, P4, using their CA
interface Aira, used client profiles (typical interaction contexts,
preferred measurement units) to reference and incorporate these
details in the interaction to signal empathy. P17 aimed their
CAs to show empathy through more minimal means. This
contrasts with other successful but more costly implementations
of embodied CAs [81,82] in general medical contexts. P17
designed a series of neutral and empathetic reactions to user
answers as well as other social utterances to augment the
question administration dialog. They included phrases that help
the user anticipate a sensitive topic before it is introduced (eg,
“The next questions are about your personal safety and may be
tough to answer.”), provide acknowledgments for answering
neutral questions (eg, “Okay, I’m getting a better idea of where

you are at,” “Got it”), and empathetic reactions to sensitive
questions (eg, “That must be stressful, I’m sorry to hear that.”).
They also pointed out some users’ different preferences, such
as a lower level of socialization in chat than others.

Establishing Safety and Privacy in CA Applications
Safety and privacy concerns are more critical in health and
well-being applications. A systematic review found that patient
safety concerns were rarely addressed in the majority of the
papers reviewed [1]. Similarly, Bickmore et al [24] found that
CAs with unconstrained natural language input pose serious
safety risks. Prior studies also found that commonly available
voice assistants fail to answer appropriately to safety-critical
user prompts [4,6]. Safety risks may occur due to misrecognized
prompts, the inability to detect the severity of users’ prompts
(when there are no ASR errors), or gaps in clinical reasoning.
A 5-stage framework for evaluating different aspects of
symptom checkers might be adapted to be used for other CA
applications [83]. Privacy of personal user data is also of utmost
importance. Personal health data are considered one of the most
sensitive types of information. Therefore, protecting the privacy
of users’ data becomes even more critical in health care CAs.
Data privacy is particularly more relevant to CAs as many CAs
process user prompts through third-party services in the cloud.
Thus, there is a valid concern about the security of such
information. Local NLP engines might be a solution to this (P8).

Limitations
This review included a limited number of studies in the
emerging domain of health care and well-being CAs, which
were conducted within a specific period and reported during a
conference workshop. The main purpose is to provide a snapshot
of some of the major challenges faced by the recent projects in
this area rather than providing a comprehensive overview of
the challenges. Although the reported challenges provide a
useful overview of some significant challenges, they should not
be considered the complete set of challenges in this domain.
They represent the challenges faced by some recent projects
conducted by the researchers actively working in this area across
the globe.

Conclusion
This paper examined 17 recent studies of CAs in health care
and well-being to identify design and evaluation challenges.
While many challenges, including accessibility, personalization,
and empathy provision, are shared with other application areas
of CAs, safety and privacy remain the major challenges that are
more critical in the health care domain.

CAs proved their worth during the pandemic as health screening
tools, and are here to stay to further assist personal health care.
Growth in investment in CAs also shows the value as a personal
assistant. An increased level of collaboration across different
institutions and entities may be a promising direction to address
some of the major challenges that otherwise would be too
complex to be addressed by the projects with their limited scope
and budget.
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Abstract

Background: Access to mental health treatment across Canada remains a challenge, with many reporting unmet care needs.
National and provincial e-Mental health (eMH) programs have been developed over the past decade across Canada, with many
more emerging during COVID-19 in an attempt to reduce barriers related to geography, isolation, transportation, physical disability,
and availability.

Objective: The aim of this study was to identify factors associated with the utilization of eMH services across Canada during
the COVID-19 pandemic using Andersen and Newman’s framework of health service utilization.

Methods: This study used data gathered from the 2021 Canadian Digital Health Survey, a cross-sectional, web-based survey
of 12,052 Canadians aged 16 years and older with internet access. Bivariate associations between the use of eMH services and

health service utilization factors (predisposing, enabling, illness level) of survey respondents were assessed using χ2 tests for
categorical variables and t tests for the continuous variable. Logistic regression was used to predict the probability of using eMH
services given the respondents’ predisposing, enabling, and illness-level factors while adjusting for respondents’ age and gender.

Results: The proportion of eMH service users among survey respondents was small (883/12,052, 7.33%). Results from the
logistic regression suggest that users of eMH services were likely to be those with regular family physician access (odds ratio
[OR] 1.57, P=.02), living in nonrural communities (OR 1.08, P<.001), having undergraduate (OR 1.40, P=.001) or postgraduate
(OR 1.48, P=.003) education, and being eHealth literate (OR 1.05, P<.001). Those with lower eMH usage were less likely to
speak English at home (OR 0.06, P<.001).

Conclusions: Our study provides empirical evidence on the impact of individual health utilization factors on the use of eMH
among Canadians during the COVID-19 pandemic. Given the opportunities and promise of eMH services in increasing access
to care, future digital interventions should both tailor themselves toward users of these services and consider awareness campaigns
to reach nonusers. Future research should also focus on understanding the reasons behind the use and nonuse of eMH services.

(J Med Internet Res 2022;24(11):e39662)   doi:10.2196/39662
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digital health; mental health; e-Mental health; user profile; determinants; health service; use; utilization; COVID-19; pandemic;
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Introduction

Challenges Within Mental Health Treatment in
Canada
Mental health is defined as “a state of well-being in which an
individual realizes his or her own abilities, can cope with the
normal stresses of life, can work productively and is able to
make a contribution to his or her own community” [1]. Mental
health problems and illnesses refer to the “range of behaviors,
thoughts and emotions that can result in some level of distress
or impairment in areas such as school, work, social and family
interactions and the ability to live independently” [2]. These
problems can be present in many forms, including mood
disorders (eg, depression, bipolar disorder), anxiety disorders,
schizophrenia, personality disorders, or eating disorders [3].
The prevalence of mental illness across Canada is high, with 1
in 5 Canadians experiencing a mental health or addiction
problem in any given year [4]. The COVID-19 pandemic further
impacted the mental health of Canadians, with an increase seen
in the prevalence of certain mental health disorders such as
depression and anxiety [5], as well as psychological problems
such as insomnia, as seen in multiple nations across Europe,
North America, and Asia [6].

In terms of treatment, the continuum of mental health care
delivery across Canada includes community-based care such
as primary care clinics, social services, mental health and
addictions service clinics, and residential services, along with
acute care such as the emergency department, inpatient, or
psychiatric services, with publicly funded treatment focusing
on those deemed to be “medically necessary” [7]. Low-intensity
care for mild-to-moderate mental illnesses, including
private-practice psychotherapists, still requires Canadians to
pay out of pocket or access services through private insurance
plans [8].

As such, access to mental health treatment remains a challenge,
with 2.3 million Canadians reporting that their mental health
care needs were either partially or entirely unmet, with the most
frequently reported barriers being awareness and navigation of
services, the time required for accessing services, or not being
able to pay for services [9]. Other barriers to accessing mental
health treatment across Canada include long wait times, shortage
of mental health professionals, lack of mental health service
integration, cultural and language barriers, concerns about
stigma, and inequities due to geography or demographics [10].

e-Mental Health and the Canadian Landscape
e-Mental health (eMH), which refers to the use of internet and
related technologies to deliver timely, effective mental health
services [11], has emerged over the past decade across Canada
as a method that increases the accessibility of services, including
broadening the reach of services for individuals in rural and
remote locations, while also allowing individuals in urban and
semiurban locations to overcome barriers related to
transportation, physical disability, or availability [12].
Shortcomings of eMH services also exist, as there is a “digital
divide,” defined as the separation between those who readily

have access to a computer or device (eg, smartphone) and the
internet, and those who do not [13].

Within Canada, there exist national eMH programs (eg, Kids
Help Phone, Wellness Together Canada) and provincially
focused programs (eg, Bridge the gApp, Tel-jeunes, Togetherall,
Bounce Back). These programs operate as part of mental health
service delivery through hospital- or community-based
providers, or as a component of a government’s mental health
strategy [13]. Moreover, beyond these programs, there has been
a proliferation of online self-management resources (including
websites and mobile apps) developed by academic or private
organizations, with many of these eMH interventions being
used to support population mental health during the COVID-19
pandemic [14]. A recent systematic review also demonstrated
strong support for the effectiveness of digital cognitive behavior
therapy to treat insomnia [15].

COVID-19 has also accelerated the pace of adoption of digital
technologies for publicly funded mental health service delivery
through the implementation of virtual billing codes and an
increase in access to virtual assessments [16]. Toolkits to
accelerate the awareness, uptake, and implementation of services
across practitioners have emerged [17,18], aiding with the
awareness and adoption of eMH services.

Despite this vast variety of services available for both
population-level mental health management and
focused-condition or diagnosis-specific care, the utility of eMH
services across Canada is not well understood. Understanding
help-seeking behaviors and service utilization is critical to
assessing if and how the current eMH landscape addresses
current mental health needs. Andersen and Newman’s [19,20]
framework states that an individual’s health service utilization
is dependent on the predisposition of the individual to use
services, the individual’s ability to secure services, and the
individual’s illness level. Predisposing factors include
demographics (eg, age, gender), social structure (eg, education,
ethnicity), and beliefs, whereby some individuals have a
propensity to use services more than others. Enabling factors
include family factors (eg, income, insurance) and community
factors (eg, urban-rural), which are conditions that make health
service resources more available to an individual. Finally, illness
levels include an individual’s symptoms and diagnoses, which
usually represent the most immediate causes of health service
use [19,20].

Study Aims
The objective of this study was to identify predisposing,
enabling, and illness-level factors associated with the utilization
of eMH services across Canada during the COVID-19 pandemic,
using information collected through the 2021 Canadian Digital
Health Survey.

Methods

Recruitment and Data Collection
The study used data gathered from the 2021 Canadian Digital
Health Survey, a cross-sectional, web-based survey of 12,052
Canadians aged 16 years and older with internet access. The
survey was commissioned by Canada Health Infoway (Infoway)
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and conducted by Léger. Data collection took place from July
14 to August 6, 2021.

The survey collected information on the use of digital health
services, use of health services, and socioeconomic and
demographic factors of selected Canadians. Survey participants
were selected from the Léger Opinion panel—the largest
Canadian panel with approximately 500,000 representative
panelists from all regions of Canada—using random digital dial
sampling.

Respondents from hard-to-reach target groups (eg, cancer
patients) were added to the panel through targeted recruitment
campaigns. Administration of the survey was conducted by
Léger; however, testing of the online survey was conducted by
both Infoway and Léger staff. Small monetary incentives were
offered to survey participants as part of the data collection
process, administered through Léger. Based on respondents’

default language of choice, the survey was presented in either
English or French.

Ethics Considerations
Informed consent was collected at the beginning of the survey
and no personal identifiers were collected as part of the survey.
Data were coded by Léger and then transferred to Infoway for
analysis. Survey data and interactive visualizations are publicly
available [21]. Due to the use of publicly available data, the
requirement for ethics approval was waived.

Independent and Dependent Variables

Overview
Table 1 provides an overview of the independent and dependent
variables used for analysis, categorized according to Andersen
and Newman’s [19,20] framework for individual determinants
of health service utilization.

Table 1. Dependent and independent variables categorized according to Andersen and Newman’s [19,20] framework for individual determinants of
health service utilization.

VariablesFramework category

Independent variables

Predisposing factors

Age, genderDemographics

Ethnicity, education level, immigrant status, language, employmentSocial structure

eHealth literacyBeliefs

Enabling factors

Household income, health insurance coverageFamily

Community size, access to family doctorCommunity

Self-rated mental health status, self-rated health status, diagnosed mental health condition, caregiving statusIllness levels

Use of e-Mental health servicesDependent variable

Independent Variables

Predisposing Factors

Predisposing factors indicate the propensity for an individual
to use services more than other individuals based on their
characteristics that exist prior to onset of any specific illness
[19,20]. As per Andersen and Newman [19,20], demographics
and social structures are characteristics that might predict use
of health services, and are closely linked to the third component
of predisposing conditions: attitudes or beliefs about care and
illness.

Demographics included age and gender. Age was calculated as
the difference between a respondent’s year of birth and the
survey date. Gender was measured with the question, “How
would you describe your gender identity?” with responses
collapsed into female, male, and other.

Social structure included ethnicity, education level, immigrant
status, language, and employment. Ethnicity was collected based
on the question, “Which ancestry category best describes you?”
and responses were dichotomized into white and nonwhite.
Education level was assessed with the self-reported highest
level of education obtained, including qualifications obtained

outside of Canada. The categories were collapsed into high
school or equivalent, college or trades, undergraduate degree,
postgraduate degree, and other/none/prefer not to say. Immigrant
status was based on the question, “Are you a Canadian citizen?”
Language at home was based on the question “Which language
do you speak on a regular basis at home?” Employment status
was based on the question “What is your current employment
status?” and responses were collapsed into working,
unemployed, retired, disabled, student, and other/prefer not to
say. Respondents who were employed either full or part time
were classified as employed.

eHealth literacy was measured using the eHealth Literacy Scale
(eHEALS), an 8-item self-assessment tool designed to measure
respondents’ knowledge, comfort, and perceived skills at
finding, evaluating, and applying electronic health information
to health problems [13]. Originally developed to assess eHealth
literacy levels among youth and youth workers by Skinner and
Norman [13], the scale has since been adapted to a variety of
settings, population groups, and multiple languages [14]. Each
question measures an aspect of perceived eHealth literacy and
is scored on a Likert scale ranging from 1 to 5. Scores are
summed to derive an overall eHealth literacy score that ranges
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from 8 to 40 for each respondent. A higher eHEALS score
represents higher self-perceived eHealth literacy.

Enabling Factors

Despite individuals being predisposed to using health services,
it is necessary to have the means available for them to access
these services. Enabling conditions are those that make health
service resources available to individuals [19,20], which were
broken down into family and community variables in this study.

With regard to family, household income was based on the total
self-reported household income before tax in the past year. The
categories were collapsed into $24,999 or less, $25,000-$80,000,
$80,000 or more, and prefer not to answer (in CAD, in which
CAD $1=US $0.78 at the time of the survey). Insurance
coverage was based on the question “Which of the following
best describes the type of health insurance coverage you
currently have?” and the categories were collapsed into public
coverage only, private coverage, no coverage, and don’t
know/prefer not to say. Private coverage includes insurance
plans paid for by the respondent, a family member, an employer,
or an association.

With regard to community, access to a family doctor was
assessed through the question “Do you have a family doctor or
regular place of care, such as a health center or a family
medical/medicine group?” The responses were dichotomized
into yes and no/don’t know.

Community size was based on the question “How would you
describe the community you live in?” and responses were
collapsed into rural, small to large population centers, and urban
center. The population size for a rural community was defined
as less than 1000 people. The population size for a small,
medium, and large population center was defined as
1000-29,999 people, 20,000-99,999 people, and
100,000-999,999 people, respectively. Urban centers were
defined as 1 million people and over.

Illness Levels

Illness-level factors represent the most immediate cause of
utilization of health services and can include perspectives of
illness as well as clinical diagnoses [19,20]. Self-reported mental
health (SRMH) status and self-reported health (SRH) status
were measured by asking respondents, “In general, how would
you rate your overall physical/mental health?” The responses
were collapsed into fair/poor, good, very good/excellent, and
prefer not to say. Self-reported diagnosed mental health
condition was assessed with the question “Do you have
emotional, psychological, or mental health conditions (eg,
anxiety, depression, bipolar disorder, substance abuse, anorexia,
etc) diagnosed by a health professional?” The responses were
dichotomized into yes and no.

Caregiver status was based on the question, “Do you have
primary or joint responsibility for providing care and/or
assistance to someone?” Respondents were given the prompt
that assistance refers to voluntary assistance, excluding
employment or work done for payment.

Outcome (Dependent) Variable
The dependent variable was the use of eMH services, which
was measured with the question, “Did you access websites,
mobile applications (apps) or interactive online tools and
services to help or support you with mental health issues you
may be dealing with, such as depression, anxiety, or substance
abuse in the last 12 months?” Responses were dichotomized
into yes and no/don’t know.

Statistical Analysis

Participant Profile
SPSS version 24 (IBM SPSS Statistics) was used for descriptive
analyses. SAS version 9.4 (SAS Institute Inc) was used for
logistic regression analyses. All estimates reported are based
on weighted data that reflect the age, gender, and geographic
distribution of Canadians aged 16 years and above in the 2016
census. Descriptive statistics were calculated for respondents
who had used eMH services during the past 12 months and
those who had not. Cross-tabulations were used to estimate the
prevalence of eMH service utilization within our sample as well
as characteristics associated with users and nonusers of eMH
services.

Bivariate Associations for Use and Nonuse of eMH
Services
Bivariate associations between the use of eMH services and
predisposing, enabling, and illness-level factors of survey

respondents were assessed using χ2 tests for categorical variables
and t tests for the continuous variable.

Unadjusted Logistic Regression Model to Assess
Determinants of Use of eMH Services
Two independent adjusted logistic regression models were
performed. The first model was adjusted for predisposing,
enabling, and illness-level factors. Predisposing factors included
in the model were ethnicity, education level, immigrant status,
home language, employment status, and eHealth literacy.
Enabling factors included in the model were household income,
health insurance coverage, access to family doctors, and
community size. Illness-level factors included in the model were
SRMH, SRH, diagnosed mental health status, and caregiver
status.

Adjusted Logistic Regression Model to Assess
Determinants of Use of eMH Services
The second model was also adjusted for predisposing, enabling,
and illness-level factors along with demographic factors,
including age and gender. The adjusted multivariable logistic
regressions were performed to assess associations between
predisposing, enabling, and illness-level factors and use of eMH
services controlling for age and gender.

We tested for multicollinearity by assessing the bivariate
correlation between two predictor variables. No interactions
were found between access to a family physician, SRH, SRMH,
diagnosed mental health condition, household income,
education, immigrant status, language at home, employment
status, insurance coverage, age, gender, ethnicity, community
size, and caregiver status.
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Results

Participant Profile
A total of 12,052 Canadians aged 16 years or older were
surveyed. The proportion of respondents who self-reported using
an eMH service in the past 12 months (ie, users) was 883 out
of 12,052 (7.33%) and the proportion of respondents who did
not use any eMH service in the past 12 months (ie, nonuser)
was 11,169 out of 12,052 (92.67%). Table 2 compares the
predisposing, enabling, and illness-level factors of users and
nonusers of eMH services.

The average age of eMH users was 40.4 (SD 15.97) years and
the average age of nonusers was 47.61 (SD 17.72) years. The
proportion of women within our sample was higher among users
of eMH services as compared to nonusers of eMH services. The
proportion of those who identified in the gender category “other”
varied significantly between users and nonusers, with a higher

proportion falling within the eMH-user group (Table 2). In our
sample, the prevalence of white respondents among users of
eMH services was lower than that of nonusers. A higher
percentage of users of eMH services identified as immigrants
and noncitizens, as employed full or part time, disabled, and a
student when compared to nonusers. The difference in the
distribution of education level among users and nonusers was
statistically significant, with a higher percentage of eMH users
having obtained at least an undergraduate degree compared to
nonusers. The percentage of eMH users living in rural
communities was lower than that of nonusers, with a higher
percentage of eMH users living in urban centers. A higher
percentage of eMH users self-reported to be caregivers compared
to nonusers. A higher percentage of eMH service users reported
their annual household income to be CAD $80,000 or more
compared to nonusers. A higher percentage of users of eMH
services identified as having private insurance coverage when
compared to nonusers.
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Table 2. Characteristics of users and nonusers of e-Mental health (eMH) services, and associations with demographic, health-related, and socioeconomic
factors for Canadians aged 16 years or older (2021 Canadian Digital Health Survey; N=12,052).

P valueχ2 or F (df)Did not use eMH services in the
past 12 months (n=11,169 un-
weighted, n=11,155 weighted)

Used eMH services in the
past 12 months (n=883 un-
weighted, n=897 weighted)

Predictor variables

Predisposing factors

<.00135.06 (1)47.61 (17.72)40.40 (15.97)Age, mean (SD)

.018.78 (2)Gender, n (%)a

5384 (48.3)412 (45.9)Man (ref)

5658 (50.7)467 (52.0)Woman

113 (1.0)18 (2.0)Otherb

<.00124.24 (1)Ethnicity, n (%)

8390 (75.2)608 (67.8)White

2765 (24.8)289 (32.30)Nonwhiteb,c (ref)

<.00143.22 (3)Education level, n (%)

2537 (22.7)181 (20.2)High school or equivalent (ref)

3231 (29.0)197 (21.9)College or trades

3668 (32.9)365 (40.7)Undergraduate degreeb

1342 (12.0)136 (15.2)Postgraduate degreeb

377 (3.4)18 (2.5)Other/none of above/prefer not to an-
swer

.332.21 (2)Immigrant status, n (%)

9016 (80.8)713 (79.5)Born in Canada (ref)

1667 (14.9)137 (15.2)Immigrantd

472 (4.2)47 (5.3)Not a citizen

<.00155.21 (2)Language at home, n (%)

8267 (74.1)765 (85.3)English (ref)

2,373 (21.3)107 (11.9)Frenchb

515 (4.6)25 (2.8)Otherb

<.00191.06 (5)Employment status, n (%)

6255 (56.1)593 (66.1)Employed (full or part time) (ref)

888 (8.0)74 (8.3)Unemployed

2644 (23.7)92 (10.3)Retiredb

291 (2.6)30 (3.4)Disabled

839 (7.5)92 (10.2)Student

238 (2.1)16 (1.7)Other/prefer not to say

Enabling factors, n (%)

.135.73 (3)Household incomee

1051 (9.4)79 (8.8)24,999 or less (ref)

4253 (38.1)322 (35.9)25,000-80,000

4690 (42.1)413 (46.0)80,000 or more

1161 (10.4)83 (9.3)Prefer not to answer

.0110.67 (3)Insurance coverage

3844 (34.5)285 (31.8)Public only (ref)
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P valueχ2 or F (df)Did not use eMH services in the
past 12 months (n=11,169 un-
weighted, n=11,155 weighted)

Used eMH services in the
past 12 months (n=883 un-
weighted, n=897 weighted)

Predictor variables

5,465 (49.0)488 (54.4)Private

997 (8.9)64 (7.1)No coverage

849 (7.6)60 (6.7)I don’t know/prefer not to say

.056.03 (2)Community size

909 (8.2)58 (6.4)Rural (ref)

7420 (66.5)585 (65.2)Small-large population centers

2826 (25.3)254 (28.3)Urban centers

<.00117.60 (1)Access to a family doctor

9722 (87.2)825 (91.9)Yes (ref)

1433 (12.8)72 (8.1)No/don’t knowb

Illness levels, n (%)

<.001154.21 (3)SRMHf

5164 (46.3)293 (32.7)Excellent/very good (ref)

3442 (30.9)237 (26.4)Good

2504 (22.4)364 (40.6)Poor/fairb

45 (0.4)3 (0.3)Prefer not to say

.086.73 (2)SRHg

4811 (43.1)374 (41.7)Excellent/very good (ref)

4204 (37.7)324 (36.1)Good

2103 (18.9)198 (22.1)Poor/fair

37 (0.3)1 (0.1)Prefer not to say

<.001241.19 (1)Diagnosed mental health condition

1655 (14.8)312 (34.7)Yes (ref)

9500 (85.2)585 (65.3)Nob

<.001114.04 (1)Caregiver status

2388 (21.4)331 (36.9)Yes (ref)

8766 (78.6)566 (63.1)Nob

aPercentages are weighted and have been rounded, thus may not total 100.
bSignificantly different from estimate for reference category (P<.05), Bonferroni-adjusted pairwise Z-test.
cIncluding respondents who selected “prefer not to answer” and “other.”
dReferring to the proportion of respondents who are immigrant and granted citizenship of Canada under the Citizenship Act.
eIn Canadian dollars (CAD $1=US $0.78).
fSRMH: self-rated mental health status.
gSRH: self-rated health status.

Bivariate Associations for Use and Nonuse of eMH
Services
Table 2 outlines the bivariate associations between use of eMH
service and predisposing, enabling, and illness-level factors.
The average age of eMH service users was significantly younger
than that of nonusers of eMH services. The association between
gender and use of eMH services was also statistically significant.
Education, employment, language, and insurance coverage were

all significantly associated with the use of eMH services.
Ethnicity was also significantly associated with the use of eMH
services. The prevalence of nonwhite individuals significantly
differed from that of white individuals for both users and
nonusers, although the proportional difference between the
prevalence of white and nonwhite respondents was more
pronounced among nonusers.

Similarly, the prevalence of caregivers significantly differed
from that of noncaregivers for both users and nonusers, and the
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proportional difference was more pronounced among nonusers.
Access to a family physician was significantly associated with
the use of eMH services, with a higher proportion of caregivers
among those reporting using eMH services when compared to
nonusers. SRMH status was also significantly associated with
the use of eMH services, with significant differences between
respondents who reported a fair/poor mental health status and
those who reported an excellent/very good mental health status.
The prevalence of a diagnosed mental health condition was
significantly associated with use of eMH services, with a greater
proportion of users having a self-reported mental health
condition.

For education, those with an undergraduate or postgraduate
degree significantly differed from those with only high school
or equivalent diplomas, for both users and nonusers. For
language, the prevalence of English speakers was significantly
different from that of French or other-language speakers, for
both users and nonusers. The only group that differed
significantly from the reference group of full-time or part-time
employees was retired individuals for both users and nonusers.
Post hoc tests did not reveal pairwise differences for insurance
coverage.

Unadjusted Logistic Regression Model to Assess
Determinants of Use of eMH Services
Table 3 shows the estimates and odds ratios from the unadjusted
regression model of predisposing, enabling, and illness-level
factors and the associations with use of eMH services.

For predisposing factors, those with an undergraduate or
postgraduate degree had higher odds of using eMH services
when compared to those with a high school diploma or
equivalent. Survey respondents who did not speak English at
home had lower odds of using eMH services. Compared to
respondents who were employed, those who were unemployed,
retired, or disabled had lower odds of using eMH services.
Finally, those with a higher eHEALS score had higher odds of
using eMH services.

The only enabling factor significantly associated with eMH use
was family physician access. Having a regular family doctor
was positively associated with use of eMH services.

Except for SRH, all illness-level factors were significantly
associated with the use of eMH services. For SRMH status,
those with fair or poor SRMH were more likely to use eMH
services. Having a diagnosed mental health condition and being
a caregiver were both positively associated with greater odds
of using eMH services.
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Table 3. Logistic regression adjusted for predisposing, enabling, and illness-level factors and their association with e-Mental health service use among
Canadians aged 16 years or older (2021 Canadian Digital Health Survey).

P value95% CIOdds ratioVariables

Predisposing factors (vs reference group)

.010.67-0.950.80Ethnicity (nonwhite vs white)

.430.73-1.140.91Education (college, trades vs high school)

.0051.10-1.651.34Education (undergraduate degree vs high school)

.021.05-1.751.35Education (postgraduate degree vs high school)

.560.52-1.430.86Education (prefer not to say, none of the above, other vs high school)

.850.84-1.241.02Immigrant status (immigrant, not a citizen vs born in Canada)

<.0010.48-0.700.58Language (other than English vs English)

<.0010.55-0.790.66Employment (unemployeda vs employed)

.180.92-1.541.19Employment (student vs employed)

.140.38-1.140.66Employment (prefer not to say, other vs employed)

<.0011.04-1.061.05eHEALSb

Enabling factors (vs reference group)

.560.70-1.210.92Incomec (25,000-79,000 vs <25,000)

.670.71-1.250.94Income (80,000 or more vs <25,000)

.960.71-1.390.99Income (prefer not to say vs <25,000)

.790.83-1.150.98Insurance (public only vs has private insurance)

.080.66-1.020.82Insurance (no coverage, don’t know, prefer not to say vs has private insur-
ance)

<.0011.14-1.901.47Has a family physician (yes vs no, don’t know)

.580.81-1.451.09Community size (small to large population centers vs rural)

.820.76-1.421.04Community size (urban center vs rural)

Illness-level factors (vs reference group)

<.0011.51-2.131.79SRMHd (fair, poor vs excellent, very good, good, prefer not to say)

.260.74-1.080.90SRHe (fair, poor vs excellent, very good, good, prefer not to say)

<.0011.98-2.792.35Diagnosed mental health condition (yes vs no)

<.0011.61-2.171.87Caregiver status (yes vs no)

aUnemployed includes disabled and retired respondents.
beHEALS: eHealth Literacy Scale.
cIncome given in Canadian dollars (CAD $1=US $0.78).
dSRMH: self-rated mental health.
eSRH: self-rated health.

Adjusted Logistic Regression Model to Assess
Determinants of Use of eMH Services
Table 4 shows the estimates of the adjusted logistic regression
model of predisposing, enabling, and illness-level factors, and
the associations with use of eMH services.

Education, language, and eHealth literacy were predisposing
factors that significantly predicted use of eMH services. Both
those with undergraduate and postgraduate education had higher
odds of using eMH services compared to those with high school
education. Respondents who did not speak English at home had
lower odds of using eMH services compared to those who did.

Again, those with a higher eHEALS score had higher odds of
using eMH services.

Access to a family physician, community size, and income were
enabling factors significantly associated with use of eMH
services. Those making CAD $25,000-$79,000 were less likely
to use eMH services than those making less than CAD $25,000;
however, for those making CAD $80,000 or more or for those
who did not report their income, this relationship was not
significant. Those with a regular family physician and those
living in small, medium, or large population centers were more
likely to use eMH services than those without a family physician
and those living in rural areas, respectively.
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For illness-level factors, in the model adjusted for age and
gender, SRMH was not significantly associated with use of

eMH. Those who rated their SRH as poor or fair had lower odds
of using eMH services (Table 3).

Table 4. Logistic regression adjusted for predisposing, enabling, illness-level, and demographic factors and their association with e-Mental health
service use among Canadians aged 16 years or older (2021 Canadian Digital Health Survey).

P value95% CIOdds ratioVariables

Predisposing factors (vs reference group)

.220.75-1.070.89Ethnicity (nonwhite vs white)

.990.80-1.251.00Education (college, trades vs high school)

.0011.14-1.721.40Education (undergraduate degree vs high school)

.0031.14-1.921.48Education (postgraduate degree vs high school)

.500.50-1.400.84Education (prefer not to say, none of the above, other vs high school)

.490.88-1.301.07Immigrant status (immigrant, not a citizen vs born in Canada)

<.0010.46-0.690.56Language (other than English vs English)

.200.71-1.070.87Employment (unemployeda vs employed)

.700.73-1.240.95Employment (student vs employed)

.270.43-1.270.74Employment (prefer not to say, other vs employed)

<.0011.03-1.061.05eHEALSb

Enabling factors (vs reference group)

<.0010.73-1.270.97Incomec (25,000-79,000 vs <25,000)

.800.75-1.331.00Income (80,000 or more vs <25,000)

>.990.76-1.491.06Income (prefer not to say vs <25,000)

.730.86-1.201.02Insurance (public only vs has private insurance)

.850.62-0.960.77Insurance (no coverage, don’t know, prefer not to say vs has private insurance)

.021.22-2.031.57Has a family physician (yes vs no, don’t know)

<.0010.81-1.441.08Community size (small to large population centers vs rural)

.620.77-1.431.05Community size (urban center vs rural)

Illness-level factors (vs reference group)

.771.41-2.001.68SRMHd (fair, poor vs excellent, very good, good, prefer not to say)

<.0010.78-1.150.95SRHe (fair, poor vs excellent, very good, good, prefer not to say)

.581.85-2.622.20Diagnosed mental health condition (yes vs no)

<.0011.59-2.151.85Caregiver status (yes vs no)

Demographic factors

.520.70-2.021.19Gender

<.0010.98-0.990.98Age

aUnemployed includes disabled and retired respondents.
beHEALS: eHealth Literacy Scale.
cIncome given in Canadian dollars (CAD $1=US $0.78).
dSRHM: self-rated mental health.
eSRH: self-rated health.

Discussion

Principal Results and Comparison With Prior Work
Our results demonstrate that the adoption of eMH across Canada
is limited, with only 883 out of 12,052 (7.33%) survey
respondents reporting use of these services within the last 12

months. Lifetime usage of eMH was only slightly higher within
this sample, at 1217 out of 12,052 (10.10%). This low usage of
eMH services has been observed in previous research from
Germany [22], which contrasts with data from the United States
in which up to 55% of respondents reported using specific digital
mental health tools and technologies to manage mental health
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during the COVID-19 pandemic. The difference between eMH
use across Canada and the United States could in part be due
to the interpretation of the term “e-Mental health,” as some
individuals exclude the use of telephones within this definition
and others include it. Additionally, there have been several
digital health policies implemented within the United States
(eg, HITECH Act, 21st Century Cures Act) that have improved
the adoption of digital health across the country [23], with digital
health (including mental health) across Canada inching behind.
Funding models for health care also differ between the two
countries [24], with many more opportunities for growth of
digital health companies in the United States with
private-insurance payers when compared to public-insurance
payers across Canadian provinces.

Benefits of our study sample include its representativeness of
the Canadian population. Moreover, within our study, 35% of
individuals who reported being in very good mental health
sought eMH services within the prior 12 months, demonstrating
that the survey respondents were also using these tools for
maintaining mental health rather than solely for treating mental
illness. Previous research has identified older adults’motivation
to use technology to improve mood through mechanisms of
distraction, normalization, and facilitated expression of mental
states [25].

Profile of eMH Service Users
The predisposing demographic factors that had a significant
association with use of eMH services included age, where
younger participants were more likely to be users of eMH
services. This result is consistent with population-level trends
on the use of digital health technology seen in the United States,
where younger people were found to be more likely to use these
forms of health care [26]. A systematic review of mental health
help-seeking behaviors among young people found that
facilitators for online options included greater anonymity and
confidentiality (which could lower concerns related to stigma),
timely access through the ability to access care 24 hours per
day, and empowerment through improved information access
[27].

With regard to variables related to an individual’s social
structure, ethnicity and immigrant status were associated with
eMH use, with the prevalence of white respondents among users
of eMH services lower than that of nonusers. This higher
proportion of individuals within the eMH user group could
speak to the increase in access to providers who share cultural
and linguistic backgrounds with immigrant participants or with
participants of a particular ethnicity [28].

Finally, individuals reporting poor SRMH were 1.7 times more
likely to use eMH services, and those with a diagnosis of a
mental health condition were 2.5 times more likely to use these
services, demonstrating Andersen and Newman’s [19,20]
individual determinant of illness level, which represents the
most immediate cause of health service use. However, some of
these significant associations were not translated to our logistic
regression analyses, a finding that requires further investigation.

Determinants of Use of eMH Services
Through our logistic regression analyses, three of the
predisposing factors that predicted eMH use included education,
language, and eHealth literacy. Similar trends have been
identified within research studying help-seeking behaviors of
ethnic minorities with a mental health diagnosis [29], due to
both attitudinal barriers and structural barriers such as the
cultural inappropriateness of interventions [29,30]. Another
predisposing factor, eHealth literacy, was also a significant
predictor of the use of eMH services. eHealth literacy has been
defined as a metaliteracy comprised of traditional literacy and
numeracy, health literacy, computer literacy, science literacy,
media literacy, and information literacy [31]. Similar trends
have borne out in previous research on the use of Web 2.0
websites such as Facebook and Twitter for searching for and
sharing health information [32]. Research has also identified
the impact of eHealth literacy on differing levels of trust with
digital channels and sources, with higher eHealth literacy in
certain populations leading to a high perceived trust in online
government organizations [33].

With regard to enabling features, those with access to a family
physician were more likely to use eMH services, which could
potentially be due to an increase in awareness of these services.
Past research has shown that the actions of health care
professionals can influence patient activation and engagement,
with engagement predicting digital information–seeking
behavior [34]. Primary care is a majority of Canadians’ first
point of contact with the health system for mental health and
addiction challenges, and also where the majority of mental
health care is delivered [35,36]. With efforts to educate health
professionals (including primary care) about the use and
implementation of eMH resources [18], such education and
awareness are likely to be passed onto patients.

Factors such as having a higher income and living within
nonrural areas have proven to be enablers to accessing eMH
services, furthering the evidence of the existence of a digital
divide. Challenges with improving rural and remote
communities’ access to broadband internet persist, and until
regulatory changes happen across Canada, this gap will continue
to hinder access among rural communities [37]. Beyond
broadband access, the need for devices (eg, computers, tablets,
smartphones) is necessary for engagement in eMH services,
along with appropriate digital literacy [38].

Finally, caregiver status was a predictor of eMH use within our
sample. The COVID-19 pandemic increased caregiving intensity
and caregiving burden [39], which had downstream impacts on
caregivers’ mental health [40].

It is evident that while there has been a proliferation of eMH
services by governmental offerings and beyond, expanded by
the COVID-19 pandemic, the range of eMH services is vast and
service utilization remains low. In addition, empirical evidence
on the effectiveness of eMH service remains limited. With rapid
expansions of eMH service options and technologies, it is
imperative that there will be a coordinated national approach
to direct eMH policies, research, and best-practice guidelines
moving forward. Nonetheless, results from our survey were
able to identify a persona of eMH service users during the
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COVID-19 pandemic, allowing for key population-level
insights. Expanding eMH care across Canada will require raising
awareness about available technologies and integrating “proven”
technologies within the model of care [41].

Our findings suggest that SRMH was significantly associated
with use of eMH, but when controlled for age and gender there
was no significance. This suggests that age and gender have a
stronger effect on the use of eMH services when compared to
the effect of SRMH alone. Previous literature has shown that
individuals who identified as male showed significantly lower
recognition of symptoms associated with mental illness [42].
Research has also demonstrated that younger individuals tended
to have more positive mental health perceptions, where they
are able to identify and acknowledge their mental health better
than older individuals [43].

Limitations
A limitation of our study is the imbalance in responses among
participants for our dependent variable (ie, use of eMH services),
with eMH users making up a very small percentage (7.33%) of
the sample. Moreover, at a constant threshold of P<.05, large
sample sizes are more likely to find a significant relationship
if one exists [44]. This is why we reported the odds ratios for
both unadjusted and adjusted models. Additionally, the measure
that identified use of eMH services asked about individuals’
access of “websites, mobile applications, or interactive online
tools,” without specifying telephone as a modality (follow-up
questions listed telephone services as options). This could have
caused a potential decrease in the number of individuals who
identified as using these services within the last 12 months.

In addition, there were missing data for approximately 10% of
the questions on income levels, where individuals had chosen
the “prefer not to answer” option. This response rate is
comparable to the literature, whereby questions on income are
often unanswered by a small percentage of respondents [45].

We also recognize that the Canadian Digital Health Survey is
an online survey and therefore may limit participation of
populations with limited access to technological equipment and
internet, as well as certain ethnic/culture groups overrepresented
in these populations. In addition, the survey did not collect
information on the duration or completion of the eMH
encounter, and therefore the visit could have varied in duration,
quality, and completeness. As the survey relies on self-reported
data, data collected may be impacted by recall error, although
past research has shown that bias and variance of recall error
of health care usage were minimized for the 12-month recall
period [30].

Conclusion
Our study provides an overview of the individual determinants
of eMH use across Canada. The proportion of eMH service
users was small, and users were likely to be those with regular
family physician access, living in nonrural communities, more
educated, eHealth-literate, and English-speaking. Given the
opportunities and promise of eMH services in increasing access
to care, future digital interventions should both tailor themselves
toward users of these services, while also considering awareness
campaigns to reach nonusers. Understanding the reasons behind
use and nonuse is also important.
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Abstract

Background: Acute coronary syndrome (ACS) is the most time-sensitive acute cardiac event that requires rapid dispatching
and response. The medical priority dispatch system (MPDS), one of the most extensively used types of emergency dispatch
systems, is hypothesized to provide better-quality prehospital emergency treatment. However, few studies have revealed the
impact of MPDS use on the process of ACS care.

Objective: This study aimed to investigate whether the use of MPDS was associated with higher prehospital diagnosis accuracy
and shorter prehospital delay for patients with ACS transferred by an emergency medical service (EMS), using a national database
in China.

Methods: This retrospective analysis was based on an integrated database of China’s MPDS and hospital registry. From January
1, 2016, to December 31, 2020, EMS-treated ACS cases were divided into before MPDS and after MPDS groups in accordance
with the MPDS launch time at each EMS center. The primary outcomes included diagnosis consistency between hospital admission
and discharge, and prehospital delay. Multivariable logistic regression and propensity score–matching analysis were performed
to compare outcomes between the 2 groups for total ACS and subtypes.

Results: A total of 9806 ACS cases (3561 before MPDS and 6245 after MPDS) treated by 43 EMS centers were included. The
overall diagnosis consistency of the after MPDS group (Cohen κ=0.918, P<.001) was higher than that of the before MPDS group
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(Cohen κ=0.889, P<.001). After the use of the MPDS, the call-to-EMS arrival time was shortened in the matched ACS cases
(20.0 vs 16.0 min, P<.001; adjusted difference: –1.67, 95% CI –2.33 to –1.02; P<.001) and in the subtype of ST-elevation
myocardial infarction (adjusted difference: –3.81, 95% CI –4.63 to –2.98, P<.001), while the EMS arrival-to-door time (20.0 vs
20.0 min, P=.31) was not significantly different in all ACS cases and subtypes.

Conclusions: The optimized use of MPDS in China was associated with increased diagnosis consistency and a reduced
call-to-EMS arrival time among EMS-treated patients with ACS. An emergency medical dispatch system should be designed
specifically to fit into different prehospital modes in the EMS system on a regional basis.

(J Med Internet Res 2022;24(11):e36929)   doi:10.2196/36929

KEYWORDS

medical priority dispatch system; acute coronary syndrome; prehospital care; emergency medical service; health service; healthcare;
health care; coronary; cardiology; cardiovascular

Introduction

An emergency medical dispatch system is the principal link
between the public caller requesting urgent medical care and
the emergency medical service (EMS) system, and forms an
integral part of EMS practice [1,2]. With proper training,
administration, and supervision, an emergency medical
dispatcher can accurately query the caller, select an appropriate
method of response, provide patient information to responders,
and provide appropriate medical direction for patients through
the caller. Thus, emergency medical dispatch functions through
rapid recognition, rapid dispatching based on priority, and
prehospital instructions [3]. Acute coronary syndrome (ACS)
is the most time-sensitive acute cardiovascular disease, which
requires rapid dispatching and response to dispatching beginning
at the time of symptom onset [4]. Timely reperfusion therapy
for ACS can be highly effective if following a “chain of
survival,” which consists of 3 key components: (1) early
symptom recognition and call for EMS, (2) early transportation
and evaluation, and (3) early in-hospital treatment. Through
appropriate application and reference to a written, medically
approved, emergency medical dispatch protocol, an emergency
medical dispatch system can lead to a higher diagnosis accuracy
and a shorter prehospital delay, which modulates better
outcomes for patients with ACS [5-7].

As one of the emergency medical dispatch systems, the medical
priority dispatch system (MPDS) has been widely used in more
than 50 countries covering more than 3500 EMS centers. MPDS
is a scripted protocol designed to direct certified dispatchers to
identify the presented symptoms and provide prehospital medical
directions based on callers’ responses to scripted questions [8].
MPDS were introduced in China in 2010 and were quickly
developed and applied in more than 80 EMS centers after the
National Health Commission implemented the Notice on
Strengthening the Capacity of Healthcare Delivery for Acute
Cardiovascular Diseases in 2015. However, in addition to
dispatching and EMS responses, patients with ACS need
coordinated care between EMS and hospitals at the regional
level, in which EMS providers obtain prehospital
electrocardiograms and activate cardiac catheterization
laboratories before hospital arrival, bypass the emergency
department when appropriate, and provide ongoing quality
review and feedback [9]. Therefore, efforts should be focused

on information sharing among dispatchers, EMS providers on
ambulance, and health care professionals in hospitals.

In China, the EMS framework was designed specifically to fit
into the local health care system. Based on the department in
charge of dispatching, prehospital transport, and in-hospital
treatment functions, there are at least 4 prehospital EMS system
models varying across cities: independent, prehospital,
dispatching, and dependent models [10] (Multimedia Appendix
1). The dependent model is the main one encompassing more
than 80% of the EMS centers, and the dispatching and
independent ones only exist in a few developed cities [11]. The
MPDS of China has taken the lead in establishing an information
sharing system by linking the EMS and the hospitals to facilitate
the coordination of care at the time of entering the EMS system.
The MPDS of China is optimized in that it has focused on the
establishment of regional systems of ACS care by integrating
health care among EMS providers, emergency departments
physicians, cardiologists, and catheterization laboratory staff.

A number of studies have verified the accuracy of MPDS
dispatch codes in regard to prehospital acuity [12-14]. Prior
studies focused on the impact of MPDS use on patients’
outcomes were limited to out-of-hospital cardiac arrest cases
[15-17]. However, few studies have revealed the impact of
MPDS use on the process of ACS care. Moreover, to our
knowledge, no studies have focused on the effectiveness of
MPDS use in China and other low- and middle-income
countries. To fill the gaps, the objective of this study was to
investigate whether the use of the optimized MPDS is associated
with higher diagnostic accuracy and a shorter prehospital delay
among EMS-treated patients with ACS, using a national
database in China. In our patient cohort, ACS was further
divided into 3 subtypes: ST-elevation myocardial infarction
(STEMI), non–ST-elevation myocardial infarction (NSTEMI),
and unstable angina pectoris (UA).

Methods

Study Design and Data Source
This retrospective analysis was based on the database of the
China MPDS registry and its registered hospitals from January
1, 2016, to December 31, 2020. Data on registered hospitals
were extracted from the Chinese Cardiovascular Association
Database-Chest Pain Center—a nationwide, web-based, unified
database that collects data of patients discharged from the
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hospital-based chest pain centers [18]. The MPDS registry
database collected information of all the EMS users of the
MPDS across China, including the name of EMS centers, the
date of their official launching of the MPDS, and the code of
the administrative region covered by their service.

Based on the date of the official launch of the MPDS at each
EMS center, enrolled cases within the EMS service regions
were divided into the before MPDS and after MPDS groups.
The before MPDS group included cases enrolled in the
registered hospitals that had not implemented the MPDS, and
the after MPDS group included cases enrolled in the registered
hospitals’ chest pain centers that had implemented the MPDS.

Study Population
From January 1, 2016, to December 31, 2020, a total of 15,972
patients with a discharge diagnosis of ACS (STEMI, NSTEMI,
and UA subtypes) were enrolled in the registered hospitals and
treated at a total of 43 EMS centers. A total of 6166 patients
were excluded owing to missing data on analyzed indicators
including onset time, call time, and door time. Finally, 9806
ACS cases were included in the final analyses and were divided
into the before MPDS (n=3561) and after MPDS (n=6245)
groups (Figure 1).

Figure 1. Flow diagram for study recruitment. ACS: acute coronary syndrome; EMS: emergency medical service; MPDS: medical priority dispatch
system.
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Measures
Primary outcomes included diagnosis consistency and
prehospital delay. The diagnosis consistency between diagnosis
upon hospital admission (the prehospital diagnosis by the EMS
crew) and diagnosis at hospital discharge was indicated using
the Cohen κ value. Cohen κ is one of the most common statistics
to test interrater reliability and is used to measure the agreement
of 2 raters or methods rating on categorical scales [19]. We
computed the Cohen κ value to assess the agreement in
diagnosing 3 specific subtypes of ACS (STEMI, NSTEMI, and
UA) between hospital admission diagnosis and hospital
discharge diagnosis.

The prehospital delay was measured by the call-to-EMS arrival
time (the time interval from the EMS dispatcher receiving the
emergency call from the patient or bystander to ambulance
arrival at the scene), the EMS arrival-to-door time (the time
interval from EMS arrival at the scene to EMS arrival at the
hospital), and total EMS time (the time interval from the EMS
dispatcher receiving the emergency call to EMS arrival at the
hospital). Covariates for prehospital delay included patients’
demographic characteristics (age and gender), onset environment
(city level, call time of the day, and call time of the week), and
event characteristics (onset-to-call time, precall chest pain
symptoms, type of ACS, and Killip class).

Data Analysis
We compared the characteristics and outcomes of the study
population between the before MPDS and after MPDS groups
using a 2-tailed independent samples t test and Wilcoxon
signed-rank test for continuous variables and the chi-square test
for categorical variables. Continuous variables are reported as
mean (SD) or median (IQR) values; categorical variables, as n
(%) values. To examine the impact of the optimized MPDS on
prehospital delay, we used 2 models including propensity

score–matching analysis and multivariable logistic regression
analysis. Both models were adjusted for precall covariates
including patients’demographic characteristics (age and gender),
onset environment (city level, call time of the day, and call time
of the week), and event characteristics (onset-to-call time,
precall chest pain symptoms, type of ACS, and Killip class),
with P<.05 considered the threshold for statistical significance.
In the propensity score–matching analyses, 1:2 matching was
performed without replacement for each patient, using a
nearest-neighbor matching algorithm with a caliper width of
0.02. Matched patients were compared to assess balance in
covariates (ie, standardized differences for each covariate were
<10%). In the multivariable logistic regression analysis, adjusted
differences with 95% CIs are presented. All statistical analyses
were performed using R (version 4.0.4; The R Foundation).

Ethical Considerations
This study was approved by the institutional review board of
Peking University (IRB00001052-21020). Informed consent
was obtained from all participants prior to questionnaire
administration.

Results

Patient Characteristics
Compared to the before MPDS group (n=3561), the after MPDS
group (N=6245) comprised younger patients (mean 65.6, SD
12.9 vs mean 66.2, SD 13.4 years, respectively, P=.03), had a
higher proportion of cases from provincial capital cities (41.4%
vs 32.4%, P<.001), and had a higher proportion of patients with
STEMI (62.9% vs 57.8%, P<.001) and Killip class I myocardial
infarction (77.8% vs 72.8%, P<.001). After propensity
score–matching, 2715 patients in the before MPDS group and
5429 patients in the after MPDS group were matched (Table
1).
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Table 1. Characteristics and outcomes of acute coronary syndrome cases, before and after dispatch with the optimized medical priority dispatch system
(MPDS), total cases (N=9806), and propensity score–matched cases.

Standardized
mean difference

Propensity score–matched casesa

(n=8144)

Total casesCharacteristics and Outcomes

P valueAfter MPDS
(n=5429)

Before MPDS
(n=2715)

P valueAfter MPDS
(n=6245)

Before MPDS
(n=3561)

0.02.2565.2 (12.9)62.6 (13.3).0365.6 (12.9)66.2 (13.4)Age (years), mean (SD)

0.05.033888 (71.6)2008 (74.0).044414 (70.7)2588 (72.7)Male, n (%)

0.20.0022251 (41.5)1027 (37.8)<.0012587 (41.4)1168 (32.4)Living in a provincial capital city, n (%)

0.06.07.10Call time of the day, n (%)

1089 (20.1)491 (18.1)1252 (20.0)651 (18.3)12-5:59 AM

1765 (32.5)860 (31.7)2030 (32.5)1154 (32.4)6-11:59 AM

1324 (24.4)690 (25.4)1518 (24.3)875 (24.6)12-5:59 PM

1251 (23.0)674 (24.8)1445 (23.1)881 (24.7)6-11:59 PM

0.04.093925 (72.3)1914 (70.5).124505 (72.1)2516 (70.7)Call on weekday, n (%)

0.04.21.004Precall chest pain, n (%)b

3960 (72.9)1954 (72.0)4221 (72.1)2233 (69.1)Persistent chest pain

1206 (22.2)644 (23.7)1336 (22.8)837 (25.9)Intermittent chest pain

263 (4.8)117 (4.3)299 (5.1)163 (5.0)Eased chest pain

0.06.21<.001Type of acute coronary syndrome, n (%)

3508 (64.6)1703 (62.7)3928 (62.9)2057 (57.8)ST-elevation myocardial infarction

971 (17.9)554 (20.4)1084 (17.4)627 (17.6)Non–ST-elevation myocardial infarction

950 (17.5)458 (16.9)1233 (19.7)877 (24.6)Unstable angina pectoris

0.07.05<.001Killip class, n (%)b

4269 (78.6)2073 (76.4)4495 (77.8)2333 (72.8)I

814 (15.0)440 (16.2)876 (15.2)625 (19.5)II-III

346 (6.4)202 (7.4)408 (7.1)245 (7.6)IV

0.03.8756.0 (20.0-
124.0)

56.0 (20.0-
128.0)

.4856.0 (20.0-
124.0)

54.0 (18.0-
124.0)

Onset-to-call time (minutes), median (IQR)

N/Ad<.00116.0 (10.0-
26.0)

20.0 (12.0-
30.0)

<.00116.0 (10.0-
26.0)

18.0 (12.0-
30.0)

Call-to-EMSc arrival time (min), median
(IQR)

N/A.3120.0 (12.0-
30.0)

20.0 (12.0-
30.0)

<.00120.0 (12.0-
28.0)

20.0 (12.0-
30.0)

EMS arrival-to-door time (minutes), median
(IQR)

N/A<.00138.0 (28.0-
52.0)

40.0 (29.0-
58.0)

<.00138.0 (28.0-
52.0)

40.0 (28.0-
56.0)

Total EMS time (call-to-door; minutes), me-
dian (IQR)

aPropensity score matched for age, gender, city level, call time of the day, call on weekday, precall chest pain symptoms, type of acute coronary syndrome,
Killip class, and onset-to-call time.
bMissing cases were excluded when comparing the precall chest pain symptoms and Killip class between the 2 groups.
cEMS: emergency medical service.
dN/A: not applicable.

Diagnosis Consistency
The Cohen κ of all ACS subtypes was higher in the after MPDS
group (0.918, P<.001) than in the before MPDS group (0.889,
P<.001). Specifically, diagnosis consistency of NSTEMI (79.6%
vs 89.9%, P<.001) and UA (87.7% vs 91.4%, P=.001) were
remarkably improved after the use of the optimized MPDS,

while that of STEMI (96.4% vs 96.7%, P>.99) was not
significantly changed (Figure 2). Moreover, 44 of 3561 (1.2%)
of patients in the before MPDS group and 51 of 6245 (0.8%)
patients in the after MPDS group with a discharge diagnosis of
ACS chest pain were treated for non-ACS chest pain or other
diseases upon admission.
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Figure 2. Diagnosis consistency between hospital admission and discharge of EMS-treated patients with ACS before and after dispatch with the
optimized MPDS. Data are reported as the proportion of each diagnosis upon admission among the cases with certain diagnosis at discharge. Cohen κ
values were computed in 3 certain types of ACS (STEMI, NSTEMI, UA) diagnosis between admission and discharge. Non-ACS cases include pulmonary
embolism, aortic dissection, and non-cardiogenic chest pain. Other cases include non–chest pain and unknown diagnosis. ACS: acute coronary syndrome;
MPDS: medical priority dispatch system; STEMI: ST-elevation myocardial infarction; NSTEMI: non–ST-elevation myocardial infarction; UA: unstable
angina pectoris.

Prehospital Delay
In the propensity score–matched population, call-to-EMS arrival
time (20.0 vs 16.0 minutes, P<.001) and the total EMS time
(40.0 vs 38.0 minutes, P<.001) were significantly shorter after
the use of MPDS, while the EMS arrival-to-door time (20.0 vs
20.0 minutes, P=.31) between the before and after MPDS groups
were not significantly different (Table 1).

Patients in the after MPDS group had a significantly shorter
call-to-EMS arrival time than those in the before MPDS group
in all ACS cases (adjusted difference –1.67, 95% CI –2.33 to
–1.01, P<.001), and those of the STEMI subtype (adjusted
difference –3.81, 95% CI –4.63 to –2.98, P<.001). There were
no significant differences between the 2 groups in EMS
arrival-to-door time in all ACS cases or subtypes (Figure 3).
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Figure 3. Multivariate analysis of outcomes using a generalized linear model in all ACS cases and for each subgroup with STEMI, NSTEMI, and UA.
The model was adjusted for age, gender, city level, call time of the day, and calling on a weekday. Call-to-EMS arrival time was defined as the time
interval from EMS dispatcher receiving the emergency call to ambulance arrival at the scene; the EMS arrival-to-door time was defined as the time
interval from EMS arrival at the scene to EMS arrival at the hospital; total EMS time was defined as the time interval from the EMS dispatcher receiving
the emergency call to EMS arrival at the hospital. ACS: acute coronary syndrome; EMS: emergency medical service; MPDS: medical priority dispatch
system; NSTEMI: non–ST-elevation myocardial infarction; STEMI: ST-elevation myocardial infarction; UA: unstable angina pectoris.

Discussion

Principal Findings
In this retrospective study of EMS-treated patients based on a
national database in China, we found that the use of the
optimized MPDS was associated with a higher consistency
between diagnosis at hospital admission and discharge and a
shorter call-to-EMS arrival time; however, there were no
significant differences in the EMS arrival-to-door time among
patients with ACS. Our findings are consistent with those of
prior studies in which the use of MPDS has been proven to be
associated with high dispatching accuracy [12,13] and improved
dispatch efficacy [14], which could potentially prove the general
assumption that MPDS could provide higher diagnosis accuracy
and lesser prehospital delay, thereby potentially resulting in
better survival outcomes for ACS.

The first assumption was that the optimized MPDS could help
rapidly identify and diagnose diseases, which theoretically led
to a higher diagnostic accuracy of EMS. In this study, we
observed an increase in overall diagnosis consistency between
hospital admission and discharge after the use of the optimized
MPDS, which was similar to the diagnostic accuracy of ACS
in China that reported elsewhere [20,21]. This suggests that
although the optimized MPDS might not provide a definite
diagnosis for each case, it has the potential to allocate patients
to the right priority levels in accordance with their symptom
presentation. In fact, the MPDS was purposefully designed to
be highly sensitive and to avoid undertriage by creating
overtriage so as to ensure patient care and safety at the first
place [12,22,23]. We also observed that a lower proportion of

patients with ACS were treated for other diseases upon
admission, which might lead to reduced wastage of resources
and risk for personnel [24]. Nevertheless, our findings once
again revealed the complexity of the diagnosis of ACS.

The second assumption was that the optimized MPDS could
reduce prehospital delay through timely dispatch and appropriate
EMS responses. In fact, the use of the optimized MPDS reduced
the transportation delay in the call-to-EMS arrival time;
however, it did not translate to a shorter EMS arrival-to-door
time. On the one hand, although the MPDS of China has taken
efforts to establishing the information sharing system to integrate
health care between the EMS and the hospital-based chest pain
centers, it was still only involved in the process from call
receiving to EMS arrival at the scene. On the other hand, the
reduced call-to-EMS arrival time indicated the adaptability of
the optimized MPDS in China’s EMS system at the local level.
As indicated, the varied EMS systems in China could be
classified into 4 main models. In spite of different
characteristics, all 4 models could present prehospital delay.
The independent model and prehospital model tend to have
longer dispatching and ambulance returning times, especially
within broad regions with limited health resources. In these
cities, the optimized MPDS’s priorities could help dispatchers
mobilize health resources, which may avoid unnecessary
wastage of health resources, thus shortening the time of
dispatching and arriving at the scene. For the dispatching model
and dependent model, the response speed of hospitals may be
worse than expected owing to limited authority of the EMS,
leading to low response to dispatching. The optimized MPDS
follows standardized procedures and records detailed registration
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of every emergency call and would empower the EMS with
greater authority, which may improve the responsiveness of
hospitals to dispatching, thus reducing the call-to-EMS arrival
time. Therefore, to further improve the impact of the optimized
MPDS, the optimized MPDS should be designed specifically
to fit into different prehospital models of the EMS system on a
regional basis.

The third assumption was that with a higher diagnostic accuracy
and a shorter prehospital delay, the optimized MPDS could
result in better survival outcomes for ACS. Though the outcome
data could not be obtained and analyzed in this study, the
onset-to-call time was still near 1 hour; thus, the optimized
MPDS could hardly predict improved in-hospital mortality. For
time-concerning emergencies such as ACS, the first link of the
chain of survival would always be early symptom recognition
and seeking for EMS by the public [25-27]. Any subsequent
treatment will not be effective without timely activation of this
first link. Given the fact that 1-year mortality for patients with
ACS would increase by 7.5% with every additional 30 minutes
of prehospital delay [4], this large period between symptom
onset to call would always limit what the optimized MPDS can
do. Therefore, what should be designed in a dispatching system
and whether its implementation can result in satisfactory effects
not only depend on the EMS but also require the joint efforts
of the public, EMS, and hospitals.

Limitations
This study had some limitations. First, this was a retrospective
study, which increased the risk of residual confounding.

Although we eliminated imbalance between the groups through
propensity score–matching analysis, unmeasured confounding
factors may have influenced the outcomes. Second, our study
population comprised EMS-treated patients enrolled at chest
pain centers, and all patients were at least alive at the time of
admission, which might limit the generalizability of our findings.
However, our comparison between propensity score–matched
groups was able to eliminate this bias. Third, we failed to
classify our included EMS systems into specific types of EMS
models because of a lack of an official classification, which
may limit the certainty of our findings. Fourth, owing to limited
variables in the database, we could not obtain the survival
outcome; we failed to determine the call processing time, the
ambulance dispatch time, or EMS on-scene time, which would
affect the prehospital delay and could be impacted by the MPDS;
for the measures of diagnosis accuracy of the optimized MPDS,
we could only compute the Cohen κ using the disease diagnosis
rather than priority levels, while the sensitivity and specificity
for discriminative, positive, and negative predictive values could
not be obtained.

Conclusions
The use of the optimized MPDS in China was associated with
a higher diagnosis consistency and a shorter call-to-EMS arrival
time; however, no potentially improved EMS-to-door time
among EMS-treated patients with ACS. These benefits can be
realized by the emergency medical dispatch system when
coordinated care between the EMS and hospitals was delivered
on the regional level.
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Abstract

Background: The adoption of health information technology (HIT) by health care providers is commonly believed to improve
the quality of care. Policy makers in the United States and Germany follow this logic and deploy nationwide HIT adoption
programs to fund hospital investments in digital technologies. However, scientific evidence for the beneficial effects of HIT on
care quality at a national level remains mostly US based, is focused on electronic health records (EHRs), and rarely accounts for
the quality of digitization from a hospital user perspective.

Objective: This study aimed to examine the effects of digitization on clinical outcomes and patient experience in German
hospitals. Hence, this study adds to the small stream of literature in this field outside the United States. It goes beyond assessing
the effects of mere HIT adoption and also considers user-perceived HIT value. In addition, the impact of a variety of technologies
beyond EHRs was examined.

Methods: Multiple linear regression models were estimated using emergency care outcomes, elective care outcomes, and patient
satisfaction as dependent variables. The adoption and user-perceived value of HIT represented key independent variables, and
case volume, hospital size, ownership status, and teaching status were included as controls. Care outcomes were captured via
risk-adjusted, observed-to-expected outcome ratios for patients who had stroke, myocardial infarction, or hip replacement. The
German Patient Experience Questionnaire of Weisse Liste provided information on patient satisfaction. Information on the
adoption and user-perceived value of 10 subdomains of HIT and EHRs was derived from the German 2020 Healthcare IT Report.

Results: Statistical analysis was based on an overall sample of 383 German hospitals. The analyzed data set suggested no
significant effect of HIT or EHR adoption on clinical outcomes or patient satisfaction. However, a higher user-perceived value
or quality of the installed tools did improve outcomes. Emergency care outcomes benefited from user-friendly overall digitization
(β=−.032; P=.04), which was especially driven by the user-friendliness of admission HIT (β=−.023; P=.07). Elective care outcomes
were positively impacted by user-friendly EHR installations (β=−.138; P=.008). Similarly, the results suggested user-friendly,
overall digitization to have a moderate positive effect on patient satisfaction (β=−.009; P=.01).

Conclusions: The results of this study suggest that hospital digitization is not an end in itself. Policy makers and hospitals are
well advised to not only focus on the mere adoption of digital technologies but also continuously work toward digitization that
is perceived as valuable by physicians and nurses who rely on it every day. Furthermore, hospital digitization strategies should
consider that the assumed benefits of single technologies are not realized across all care domains.
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Introduction

The Promise and Policy-Based Promotion of Digital
Health
For decades, digitization has been discussed as a promising
answer to the various issues health care systems face today. A
growing stream of research has revealed the positive effects of
health information technology (HIT), specifically on the quality
of health care providers, such as hospitals [1-4]. However, the
adoption of promising HIT, such as electronic health records
(EHRs), computerized clinical decision support systems, or
telemedical tools, continues to lag expectations, particularly in
Western Europe [5-7]. In 2017, for example, almost 50% of
German and Austrian hospitals lacked an EHR system entirely
and relied on paper-based documentation [8,9]. Policy makers
reacted and introduced comprehensive financial incentives for
HIT adoption. In the United States, the 2008 Health Information
Technology for Economic and Clinical Health Act provided
>US $28 billion to health care providers for adopting EHR
systems [10]. Through this program, >80% of the hospitals have
installed an EHR system since 2015 [11]. In 2020, German
policy makers announced the establishment of a Hospital Future
Fund (Krankenhauszukunftsfonds), which provides up to €4.3
billion (US $4.24 billion) to hospitals for investments in digital
infrastructure and emergency capacities [12]. Policy makers
and hospital decision makers clearly state attaining clinical
outcome improvements as a fundamental goal of these measures
and investments [13]. However, what appears to be an intuitive
relationship reveals uncertainties, especially for the quality
effects of nationwide HIT programs.

Existing Research on the Relationship Between
Hospital Digitization and Quality
Several studies have examined the relationship between health
care provider digitization and quality of care. Most research
represents single-case studies in which the introduction of a
certain type of HIT in a single institution has been investigated
[1,2,14-21]. In most cases, HIT is associated with benefits to
quality in terms of clinical outcomes or patient satisfaction. For
example, HIT deployment supported timely pneumococcal
vaccinations, improved guideline adherence related to antibiotic
prescriptions, drove medication adherence among patients with
diabetes, and improved patient satisfaction scores [14,22-24].
These studies represent a valuable indication of the effects of
HIT on quality; however, most research covers the application
of customized solutions in single organizations, and the potential
existence of publication bias is frequently stated [1,21]. Hence,
policy makers would benefit from additional information on
whether these effects at the micro level also translate into
nationwide hospital quality.

A smaller stream in the literature represents studies that analyze
nationwide data on HIT adoption and quality [4,25-30]. For

example, Jones et al [26] analyzed data from 2021 US hospitals
and identified process quality improvements for patients with
heart failure following the installation of basic EHRs. However,
most of these studies exclusively focused on process quality in
contrast to actual clinical outcomes or patient satisfaction.
Furthermore, studies to date almost exclusively covered EHRs
and the United States, which is likely because of the comparably
early introduction of the Health Information Technology for
Economic and Clinical Health Act. Policy makers in other
geographical locations such as Europe could have reason to
doubt the applicability of the results from these studies to their
respective health care systems.

Research Contribution of This Study
In summary, this study assessed the effect of the availability
and user-perceived value of multiple digital HIT tools on clinical
outcomes and patient satisfaction across German hospitals.
Thereby, the authors attempted to comprehensively address
several previously identified research gaps. First, the goal was
to add to the small stream of nationwide HIT studies by
analyzing a geographical location outside the United States,
namely Germany. Other European countries are likely to follow
Germany’s approach of introducing a HIT adoption program.
Hence, information on whether the previously described findings
from US-based studies translate to European health systems is
of interest. Second, we attempted to capture quality in terms of
patient satisfaction and actual clinical outcomes in contrast to
process quality. The challenge related to clinical outcomes, such
as mortality or surgical revisions, is that absolute values are
prone to several confounding factors and impede comparability
across hospitals. Relative outcome measures involving
patient-specific risk adjustment resolve these issues and can be
considered the gold standard in terms of clinical outcome metrics
[31,32]. In addition, previous research gives reason to assume
that the influence of hospital digitization on outcomes potentially
differs between unpredictable emergency care and planned
elective treatments [16,26,28]. Hence, this study captured quality
in terms of risk-adjusted outcome measures and differentiated
between elective and emergency care. Third, we attempted to
capture the digital maturity of hospitals comprehensively in
contrast to focusing on the mere adoption of single technologies.
Today, several technologies beyond EHRs assist physicians and
nurses from admission to discharge. In addition, research has
identified human factors as the most significant barriers to the
proper use of HIT [1,6,33]. Hence, it seemed reasonable to also
consider the value of hospital digitization as perceived by
everyday clinical users in the analysis. This study relied on a
sophisticated digital maturity score capturing both the
availability and user-perceived value of several HIT categories.
Ultimately, the goal was to provide policy-relevant insights for
the meaningful design of nationwide HIT incentivization
programs. In addition, the study can also generate insights for
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hospitals pursuing the promise of clinical outcome
improvements via digitization.

Methods

Measures for Hospital Digitization
This study relied on the 2020 Healthcare IT Report for data on
digital maturity of German hospitals. The Healthcare IT Report
(IT Report Gesundheitswesen) is a comprehensive survey of
German, Swiss, and Austrian hospitals that was first executed
in 2002 and is continuing with varying core themes until today.
The 2020 version of the report that surveyed 492 German
physicians and nurses in 2017 went far beyond the mere
adoption of technologies [8]. The report structured hospital
digitization around the workflow from admission to discharge
and captured comprehensive information on the adoption and
user-perceived value related to >50 subtechnologies.
Furthermore, the survey methodology has been constantly
scientifically validated [34,35]. The report captured the digital

maturity of hospitals across 10 domains composed of several
technologies. A subscore was determined for both the adoption
and user-perceived values of the underlying technologies for
each domain. Table 1 presents an overview of all domains and
the maximum attainable subscores. The domain admission, for
example, was composed of 3 underlying technologies, namely
occupancy control, collection of medical history and patient
information, and steering of emergency patients (triage). The
underlying technologies of the other domains can be found in
the report publication and Multimedia Appendix 1 [8]. Summing
the adoption subscores of all domains ultimately resulted in an
overall maturity in terms of HIT availability. Similarly,
averaging the user-perceived value across all domains resulted
in an overall maturity in terms of HIT value. The report also
covered EHR installations’availability and user-perceived value
in a separate question. Hence, this is not captured in the scores
illustrated in Table 1. EHR adoption was captured via a simple
yes-or-no question, and the user-perceived value of EHRs was
captured on a scale from 1 to 10.

Table 1. Overview of the subdomains of hospitals’ digital maturity captured by the 2020 Healthcare IT Report (including maximum attainable scores).

Maximum attainable scoresHITa domain

User-perceived value HIT valueAdoption HIT availability

1030Admission

1030Surgery preparation

1035Discharge

1077Clinical documentation

1042Order entry and reporting

1042Decision support

1049Patient safety

1040Supply functions

1050Interface functions

1020Telemedicine and monitoring

10415Total digital maturity

aHIT: health information technology.

Measures for Clinical Outcomes
This study considered risk-adjusted clinical outcome measures
provided in the Qualitätssicherung mit Routinedaten (QSR)
data set for both elective and emergency care. At the hospital
level, these measures took the form of observed-over-expected
(O/E) ratios, with the value of expected incidents being risk
adjusted. This implied a worse-than-expected performance at
values >1. In Germany, a reliable source of risk-adjusted clinical
outcomes is the hospital data of Germany’s largest statutory
sickness fund, the Allgemeine Ortskrankenkasse (AOK). The
internal research institute of the AOK, Wissenschaftliches
Institut der AOK, is responsible for the central calculation of
the risk-adjusted outcome data consolidated in the QSR database
[36,37]. A consolidated O/E ratio for elective care was
determined by averaging 4 risk-adjusted indicators related to
hip replacement surgery due to coxarthrosis. The consolidated
O/E ratio for emergency care was determined by averaging the

30-day risk-adjusted standardized mortality rates for patients
who had stroke and myocardial infarction (heart attack), which
are the most important and representative emergency care cases
(Multimedia Appendix 2). Details on patient-based risk
adjustments can be found in the indicator handbook for QSR
data [38].

Measures for Patient Satisfaction
This study relied on data from the Patient Experience
Questionnaire (PEQ) to assess the relationship between HIT
adoption or user-perceived value and patient satisfaction in
German hospitals. In Germany, Weisse Liste collects data on
patient satisfaction in cooperation with the statutory insurance
funds AOK, Barmer, and Kaufmännische Krankenkasse (KKH)
[39]. Weisse Liste relies on the PEQ, covering 15 questions
sent to patients 2 to 8 weeks after hospital discharge [40]. The
questions cover various factors from personnel friendliness to
admission and discharge process satisfaction. The complete
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questionnaire is publicly available for review [41]. Experience
is rated on a scale of 1 to 6, from best to worst.

Model Development and Estimation
Since several outcome metrics were of interest, a multiequation
framework, similar to previous research in this field, was used
[32,42]. A 3-equation multiple linear regression model was
formulated with emergency care outcomes, elective care
outcomes, and patient satisfaction as dependent variables:

Emergency care outcomes = α0 + α1(HITadoption(t − 1))
+ α2(HITuser_value(t − 1)) + α3(#emergency cases) +

α4(#emergency cases2) + α5(#total cases) + α6(Private
ownership) + α7(Teaching status) + α8(#beds) + ε (1)

Elective care outcomes = α0 + α1(HITadoption(t − 1)) +
α2(HITuser_value(t − 1)) + α3(#elective cases) + α4(#total
cases) + α5(Private ownership) + α6(Teaching status)
+ α7(#beds) + ε (2)

Patient satisfaction = α0 + α1(HITadoption(t − 1)) +
α2(HITuser_value(t −1)) + α3(#total cases) +
α4(Geography) + α5(Private ownership) +
α6(Teaching status) + α7(#beds) + ε (3)

In equations 1 and 2, which capture care outcomes, the
dependent variables were represented by the consolidated O/E
ratios based on the QSR database for emergency or elective
care. Since this study deliberately differentiates between
technology adoption and user-perceived value, both HITadoption

and HITuser_value measures were included as independent
variables. Here, the total digital maturity score of the Healthcare
IT Report (Table 1) was considered. Importantly, a time lag of
1 year (t − 1) was introduced. This implies that full technology
operability and user education require time after the initial
installment [33,43,44]. In addition, several other independent
variables were included to control for hospital-level effects.
First, the underlying number of cases related to clinical
outcomes was included to capture the potential volume effects
directly linked to emergency or elective case volumes. Since
several studies proved a positive relationship between case
volume and quality, this is a critical confounding factor to
control for [45,46]. Second, the total number of inpatient cases,
#total cases, was included to capture the overall busyness of
the respective hospitals [47]. The hospital ownership status was
considered via the independent dummy variable Private
ownership, which controls for potential organizational effects
[48]. Similarly, teaching effects were included by another
independent dummy variable: teaching status [48,49]. Finally,
the number of hospital beds, #beds, was considered to capture
the possible size effects of hospitals [42,50]. Equations 1 and

2 differ only in the inclusion of #related cases2 in equation 1.
The existing research has indicated an inverse U–shaped
relationship between case volumes and outcomes for emergency
care [42]. By including both the regular and squared emergency

case volumes, this effect could be captured if present in the
underlying data.

In equation 3, the dependent variable patient satisfaction was
represented by the average PEQ score across all questions.
Independent variables remained mostly the same as in equation
2, except that potential volume effects were captured by
considering only all inpatient cases, #total cases, of the hospital.
Interestingly, controlling for geographic effects seems important
when considering patient satisfaction, as research has shown
higher average satisfaction in Eastern Germany [51].

The linear-in-parameter models were separately estimated by
relying on ordinary least squares (OLS) regression analysis
performed by the SAS JMP software. The HIT-related
independent variables HIT adoption (t − 1) and HIT user_value
(t − 1) were captured as 2017 values based on the 2020
Healthcare IT Report. Considering the previously mentioned
1-year lag of full operability and user education, all other
variables were based on 2018 values. All dependent and
independent variables capturing case volumes were measured
in natural logarithms to account for unequal variation and ensure
that the assumptions of OLS regressions were met. The
robustness of all the estimated OLS regressions was tested to
ensure that the coefficients were unbiased and close to the actual
population values. This also included estimations of the
regression models without control variables (Multimedia
Appendix 3).

Ethics Approval
First, because the present study does not involve human
biological material, this research was exempt from ethics
approval in accordance with the 1961 German Drug Law (BGBI.
I S. 533) and the 1994 Medical Devices Act (BGBI. I S. 1963).
Second, according to statutes of the ethics committees of the
institutions of all authors, data analyses processing data which
does not relate to identifiable living individuals, which is the
case for this study, do not require ethical approval in line with
national guidelines (Regulation [European Union] 2016/679
[General Data Protection Regulation]). This study was
conducted in accordance with the 1964 Helsinki declaration
and its later amendments or comparable ethical standards. All
methods were carried out in accordance with relevant guidelines
and regulations.

Results

Overall Study Sample
The initial 492 responses of the 2020 Healthcare IT Report were
cleaned for significantly incomplete questionnaires and
contradictory answers from 2 respondents of the same hospital.
Moreover, only hospitals for which information on either clinical
outcomes or patient satisfaction was available were included.
The final study sample comprised a total of 383 hospitals. The
study sample characteristics and sample frames corresponding
to all 1925 German hospitals in 2018 are presented in Table 2.
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Table 2. Sample characteristics (N=383).

Sample frameaValuesSample characteristics

Structural

Ownership, n (%)

37%88 (22.9)Private

63%295 (77)Nonprivate

Teaching status, n (%)

51%199 (51.9)Teaching

49%184 (48)Nonteaching

258.8319.72 (318.35)Beds, mean (SD)

10,290.212,861.6 (14,194.0)Total inpatient cases, mean (SD)

Geography, n (%)

18%72 (18.7)Eastern states

82%311 (81.2)Western states

Digital maturity

N/Ac183.1 (98.4)HITb adoption (2017; maximum 415), mean (SD)

N/A6.3 (1.7)HIT user-value (2017; maximum 10), mean (SD)

EHRda doption (2017), n (%)

N/A126 (32.8)Yes

N/A118 (30.8)No

N/A6 (1.5)Unsure

N/A133 (34.7)No information

Clinical outcomes

O/Ee ratio

1.071.07 (0.48)Emergency caref, mean (SD)

1.071.05 (1.23)Elective careg, mean (SD)

Patient satisfaction

2.021.99 (0.31)Overall PEQ scoreh, mean (SD)

aOfficial 2018 hospital report [52], nationwide Qualitätssicherung mit Routinedaten data, and nationwide Patient Experience Questionnaire data.
bHIT: health information technology.
cN/A: not applicable.
dEHR: electronic health record.
eO/E: observed-over-expected.
fValue of 1 indicates as-expected outcome performance (ie, higher values indicate worse outcomes), n=267.
gValue of 1 indicates as-expected outcome performance (ie, higher values indicate worse outcomes), n=249.
hOn a 1-to-6 scale from best to worst (ie, higher values indicate lower satisfaction), n=354.

The study sample of 383 hospitals represented approximately
20% of the 2018 sample frame (1925 hospitals). Table 2
indicates that the key descriptive metrics of the sample are very
much in line with the broader German hospital landscape, that
is, the sample frame, hence supporting sample
representativeness. With an average of 319.72 (SD 318.35) beds
and 12,861.6 (SD 14,194.0) inpatient cases, the sample seemed
to capture slightly larger hospitals than the 2018 German
average. Overall, patients appeared to be relatively satisfied,
with an average patient satisfaction score of 1.99 (SD 0.31) on

a scale from 1 to 6 (best to worst). Considering digital maturity,
hospitals still failed to adopt several technologies, resulting in
a comparably mediocre average score of 183.1 (SD 89.4) out
of the maximum attainable 415. Finally, 50% (126/250) of the
hospitals that provided information on EHRs indicated adoption,
which is largely in line with the existing research [8,9].

HIT and EHR Effects on Clinical Outcomes
Several regressions were estimated based on the
linear-in-parameter model in equations 1 and 2. The clinical
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outcome dependent variables were represented by the O/E ratios
of emergency care and elective care. For both the dependent
variables separately, the effects of the overall HIT adoption and
user-perceived value, adoption of EHRs, and user-perceived
EHR value were captured in 3 separate regressions. The
adoption and user-perceived value of EHRs were captured in 2
separate regressions to allow for a higher subsample size for
the regression-covering availability. Hospitals with <5 cases as
the basis for the clinical outcomes O/E ratio calculations were
excluded owing to high outcome variability.

For emergency care, the adoption of either HIT (P=.54) or EHRs
(P=.11) did not significantly affect outcomes. However, the

clinical user-perceived value of overall HIT did have a
significant positive effect on the outcomes, which was mirrored
by a decrease in the O/E ratio (β=–.032; P=.04). On the other
hand, EHR adoption or user-perceived value did not influence
the emergency outcomes. When looking at the control variables,
model I indeed revealed an inverted U–shaped relationship
between emergency case volumes and outcomes. This was
represented by a positive influence of regular volumes (β=–.559;
P<.001) and a negative influence of squared volumes (β=.058;
P=.004). In addition, hospitals with higher overall inpatient case
volumes generated worse emergency care outcomes (β=.102;
P=.04; Table 3).

Table 3. Ordinary least squares (OLS) estimates for linear-in-parameter regressions capturing the impact of health information technology (HIT) and
electronic health record (EHR) on emergency care clinical outcomes.

lna (O/E ratio emergency care)bDependent variable

Model III (EHR user value)Model II (EHR adoption)Model I (HIT)

P valueβ (SE)P valueβ (SE)P valueβ (SE)

.58−.563 (1.007).46.479 (0.65).27.557 (0.506)Intercept

N/AN/AN/AN/Ad.54−.001 (0.001)HIT adoptionc

N/AN/AN/AN/A.04−.032 (0.016)HIT user-valuee

N/AN/A.11.053 (0.034)N/AN/AEHR adoptionf

.42−.018 (0.022)N/AN/AN/AN/AEHR user-valuee

#beds

.55−.087 (0.147).45−.082 (0.108).67.037 (0.087)<150

.66.033 (0.077).97−.002 (0.061).56.027 (0.046)150-300

.43.065 (0.082).97−.002 (0.064).47−.035 (0.049)301-600

.94−.01 (0.14).45.087 (0.114).74−.028 (0.086)>600

.12.134 (0.086).70.026 (0.068).04.102 (0.051)ln(#total cases)

.48−.203 (0.286).18−.288 (0.214)<.001−.559 (0.167)ln(#emergency cases)

.58.018 (0.033).28.027 (0.025).004.058 (0.019)ln(#emergency cases)^2g

.68−.022 (0.054).72−.015 (0.214).26−.036 (0.032)Teaching(yes)

.33.059 (0.060).72.017 (0.046).83.007 (0.037)Private(yes)

82174261Subsample size

0.1170.0470.098R 2

.401.061.520.905.0032.727F value

aln implies natural logarithm.
bO/E (observed-over-expected) ratio implies better performance with lower values.
cOn a 0-to-415 scale from worst to best.
dN/A: not applicable.
eOn a 1-to-10 scale from worst to best.
fAdoption of EHR.
gTests for an inverse U–shaped relationship between case volumes and outcomes for emergency care.

Following an exploratory approach, additional regressions were
estimated to better understand whether any subdomain (Table
1) had a prominent effect on the identified significant
relationship at the overall HIT level. All HIT subdomains were
separately regressed against emergency care outcomes. The
admission subdomain generated statistically significant results

(Multimedia Appendix 3). The user-perceived value of
admission HIT had significant effects on emergency care
outcomes (β=–.023; P=.07). An inverted U–shaped relationship
between emergency case volumes and outcomes was also
identified in this regression.
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For elective care, the analysis of the effects of HIT and EHR
on outcomes revealed not only similarities to but also differences
from emergency care. In line with the emergency care results,
the adoption of either HIT (P=.54) or EHRs (P=.84) did not
significantly affect the elective care outcomes (Table 4).
Although a higher user-perceived value of overall HIT did not
affect outcomes either, clinical users’ satisfaction with EHRs

had a significant effect, as shown in model III (β=–.138;
P=.008). Of the control variables included in the regression, the
number of elective care cases showed significant effects in
models I and III, indicating a positive relationship between case
volume and outcome quality in the elective care field.
Interestingly, hospital size was a significant factor, with smaller
hospitals performing better than larger ones.

Table 4. Ordinary least squares (OLS) estimates for linear-in-parameter regressions capturing the impact of health information technology (HIT) and
electronic health record (EHR) on elective care clinical outcomes.

lna (O/E ratio elective care)bDependent variable

Model III (EHR user value)Model II (EHR adoption)Model I (HIT)

P valueβ (SE)P valueβ (SE)P valueβ (SE)

.282.973 (2.741).103.4 (2.07).0463.005 (1.495)Intercept

N/AN/AN/AN/Ad.54.001 (0.001)HIT adoptionc

N/AN/AN/AN/A.26.038 (0.034)HIT user-valuee

N/AN/A.84−.013 (0.063)N/AN/AEHR adoptionf

.008−.138 (0.05)N/AN/AN/AN/AEHR user-valuee

#beds

.21−.42 (0.329).002−.716 (0.229).009−.529 (0.199)<150

.64−.089 (0.189).57−.071 (0.125).45−.075 (0.099)150-300

.03.393 (0.181)<.001.5 (0.123)<.001.415 (0.108)301-600

.73.116 (0.329).21.287 (0.228).32.189 (0.191)>600

.64−.132 (0.283).21−.266 (0.211).13−.239 (0.157)ln(#total cases)

.02−.278 (0.115).001−.269 (0.079)<.001−.324 (0.064)ln(#elective cases)

.81−.03 (0.12).15−.114 (0.078).36−.059 (0.065)Teaching(yes)

.15−.173 (0.119).45−.062 (0.082).45−.054 (0.072)Private(yes)

59118184Subsample size

0.3750.2650.237R 2

.0023.753<.0014.915<.0015.997F value

aln implies natural logarithm.
bO/E (observed-over-expected) ratio implies better performance with lower values.
cOn a 0-to-415 scale from worst to best.
dN/A: not applicable.
eOn a 0-to-10 scale from worst to best.
fAdoption of EHR.

HIT and EHR Effects on Patient Satisfaction
Several regressions were estimated based on the
linear-in-parameter model in equation 3, where the PEQ scores
represented patient satisfaction. To ensure representativeness,
the estimation excluded patient satisfaction PEQ scores based
on <20 respondents per hospital. An overview of all the
estimated models and their respective subsample sizes are
presented in Table 5. In line with the effects on clinical
outcomes, mere technology adoption did not significantly affect
the overall patient satisfaction, that is, the overall PEQ score
(P=.41). However, the user-perceived value of HIT did
moderately affect patient satisfaction (β=–.009; P=.01), as
indicated by model I of Table 5. Models II and III, which

examined the impact of EHRs, did not identify any significant
EHR-related effects. Across all models, higher bed numbers
negatively affected satisfaction. In addition, in line with previous
research, patients visiting hospitals in the Eastern German
federal states were, on average, more satisfied.

An additional exploratory regression explicitly examining the
relationship between admission HIT and admission satisfaction
was estimated (Multimedia Appendix 3). Interestingly, the
adoption of more technology in the admission implied a decrease
in patients’ admission satisfaction (β=.002; P=.03). However,
by contrast, the user-perceived value of admission HIT and
patients’ admission satisfaction were significantly positively
related (β=–.009; P=.02).
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Table 5. Ordinary least squares (OLS) estimates for linear-in-parameter regressions capturing the impact of health information technology (HIT) and
electronic health record (EHR) on patient satisfaction.

lna (overall PEQ score)bDependent variable

Model III (EHR user value)Model II (EHR adoption)Model I (HIT)

P valueβ (SE)P valueβ (SE)P valueβ (SE)

<.001.822 (0.172)<.001.658 (0.124)<.001.694 (0.098)Intercept

N/AN/AN/AN/Ad.41.001 (0.001)HIT adoptionc

N/AN/AN/AN/A.01−.009 (0.004)HIT user-valuee

N/AN/A.93.001 (0.007)N/AN/AEHR adoptionf

.24−.006 (0.005)N/AN/AN/AN/AEHR user-valuee

#beds

<.001−.122 (0.034)<.001−.087 (0.02)<.001−.097 (0.017)<150

.44−.014 (0.018).14−.019 (0.013).42−.008 (0.009)150-300

.12.033 (0.021).07.026 (0.014).005.032 (0.011)301-600

.001.104 (0.031)<.001.08 (0.022)<.001.072 (0.018)>600

.50−.013 (0.019).90.002 (0.013).82.002 (0.01)ln(#total cases)

.05−.029 (0.015).005−.029 (0.01)<.001−.031 (0.007)Geography (east)g

.97.001 (0.014).83.002 (0.009).67.003 (0.008)Teaching(yes)

.30−.016 (0.015).95−.001 (0.009).69.003 (0.007)Private(yes)

93203310Subsample size

0.350.2590.322R 2

<.0015.669<.0018.516<.00115.824F value

aln implies natural logarithm.
bPEQ (Patient Experience Questionnaire) on a 1-to-6 scale from best to worst.
cOn a 0-to-415 scale from worst to best.
dN/A: not applicable.
eOn a 1-to-10 scale from worst to best.
fAdoption of EHR.
gEffect of a hospital being located in an Eastern German state.

Discussion

Principal Findings
The analysis of our data set suggested that the adoption of HIT
alone does not have a significant effect on either clinical
outcomes or patient satisfaction. However, the degree of HIT
value as perceived by hospital users did affect both clinical
outcomes and patient satisfaction. Hospital digitization appears
to be about quality instead of mere quantity.

In the elective care field, higher user-friendliness of EHRs for
hospital staff appears to result in better outcomes, whereas
digitization in other areas appears to matter less. By contrast,
emergency care outcomes benefit from user-friendly overall
digitization. Admission HIT, deemed valuable by physicians
and nurses, is the strongest driver in this field. These identified
differences appear to confirm practical experiences and logic.
Elective care, represented by elective hip replacement surgery,
relies on a comprehensive compilation of patients’ medical
histories to support patient-specific diagnosis and therapy

decisions. A user-friendly EHR is at the center of this collection
and preparation process, representing a single source of
information for each patient. The results of this study suggested
that physicians and nurses who can rely on easy-to-access EHRs
also generated better elective surgery outcomes. When it comes
to emergency care, outcomes were positively affected by higher
user-perceived value of overall hospital digitization. This overall
effect was especially driven by user-friendly admission
technology. This implied that rapid decision-making shortly
after the incident most likely determines the outcomes. Taking
an exclusive look at the roughly 270,000 annual stroke cases
in Germany and their average 6.8% 30-day mortality, our results
indicated that clinical user-perceived HIT value has the potential
to reduce deaths [53,54]. Specifically, a 1-point improvement
in user-perceived HIT value may result in a 3.15% improvement
in mortality, which would ultimately translate to approximately
580 avoided deaths within 30 days per year. At this point, a
brief look at the control variables of equations 1 and 2 also
revealed interesting insights. Clinical outcomes for elective
care, that is, hip replacements, benefit from higher procedure
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volumes. This finding was very much in line with the existing
research [45,46,55-57]. The same applied to emergency care
outcomes, at least to some extent. Here, an inverted U–shaped
relationship between case volume and outcomes was identified,
implying that emergency departments and their care teams are
potentially overburdened at some point. Our analysis also
suggested that smaller hospitals tend to perform better on
elective care outcomes.

A similar picture emerged when considering patient satisfaction.
Our analysis suggests that the mere adoption of overall HIT
does not have significant effects on patient satisfaction.
Digitization that appears as value adding from a hospital user
perspective has a moderate positive impact on patients’
experiences. There are several potential reasons for this. First,
well-designed digital tools covering admission, clinical
documentation, order entry, discharge, or even catering
management help physicians and nurses effectively execute
care. This could mean shorter waiting times, better informed
treating doctors, and smooth patient discharge processes, all of
which likely positively influence patient satisfaction. Second,
however, one can also assume hospital staff that are content
with their everyday work environment, which includes HIT, to
approach patients in a less stressed and more personal manner.
This can also ultimately influence patient satisfaction through
interpersonal mechanisms. Finally, an interesting phenomenon
related to patient satisfaction with admission was revealed.
Results showed that higher levels of admission digitization, for
example, via tools for patient education and collection of
medical history, resulted in lower admission satisfaction.
Research has repeatedly warned of the undesired effects that
digitization has on the patient-physician relationship, considering
the very personal elements of health care [58]. Fortunately,
results also showed that a higher degree of hospital
user-perceived value of admission digitization can work against
this effect and improve patient satisfaction. Hence, in cases such
as admission, mere digitization could even be detrimental to
patient satisfaction if not executed in a user-friendly manner
for the hospital staff. Looking at the control variables, patients
appeared to be less satisfied in larger hospitals. It can only be
hypothesized that this might be related to a more personal care
approach in smaller institutions.

The results of this study also provided valuable insights for both
policy makers and hospitals. The results of this study suggested
that an exclusive focus on driving HIT adoption will likely not
be sufficient to achieve improvements in care quality. For
example, the 2020 German Hospital Future Act also covers the
costs of training and user education. Furthermore, it introduced
a mandatory yearly digital maturity survey among all hospitals
that applied for funding. Considering the limited data on the
digital maturity of hospitals in Germany, this represents a
desirable approach. However, of the 209 final questions included
in the questionnaire, only 6 questions capture aspects of user
satisfaction [59]. The results of this study advise policy makers
to focus on the value of digitization as perceived by everyday
clinical users instead of incentivizing the mere adoption of
advanced digital tools. From the hospital’s perspective, much
of what was previously discussed applies. First, hospital decision
makers are advised to consider the views of the ultimate clinical

users in their procurement decisions. Second, hospitals should
not consider digitization projects completed after mere adoption
but emphasize ongoing user training. Third, digitization
strategies of health care providers benefit from differentiated
approaches based on the respective area of care.

Limitations
The results of this study are subject to several potential
limitations. First, this study had to rely on a somewhat limited
data set on hospital digitization in Germany. Although the 2020
Healthcare IT Report captured initial answers for almost 500
hospitals, the exclusion of significantly incomplete
questionnaires and contradictory answers of 2 respondents from
the same hospital resulted in a final overall sample of 383
hospitals. Moreover, responses related to the adoption and
user-perceived value of EHRs were even more limited. This
ultimately resulted in very differently sized subsamples,
potentially impairing the comparability of the estimated
regressions. These limitations strongly reveal the need for a
structured and periodic digital maturity assessment among
hospitals. Fortunately, as previously described, the 2020
Hospital Future Act introduced this assessment in Germany.
However, the collected data must also be available to the
research community.

Second, the study relied on patient satisfaction data from the
PEQ, which collects answers on a Likert-type scale. There is
some controversy about whether Likert-type responses can be
averaged when used in statistical analyses with no unanimous
results. However, since the PEQ data used in this study were
normally distributed, we followed the standard approach of
using average values [60].

Third, clinical outcome data were provided by the QSR database
of the statutory insurer AOK. Hence, only the clinical outcome
data for patients insured by the AOK were captured. However,
as the AOK is by far the largest statutory insurer in Germany,
with approximately 35% market share, the representativeness
of the data can be assumed. Moreover, this study focused on
the outcomes for two emergency care cases, namely stroke and
myocardial infarction, and one elective care indication, namely
hip replacement. Although stroke and myocardial infarction
indeed represent the most essential emergency care indications
in Germany, the results of this study might not be fully
applicable to other areas of elective care.

Besides these primary variables of interest, this study also relied
on several control variables when estimating OLS regressions.
Looking at the R-square values of regressions, including care
outcomes as the dependent variable, a significant share of
variance was seemingly not explained by the included
independent variables. Hence, risk-adjusted care outcomes
appear to be influenced by a much wider variety of factors that
were not captured in this study. This seems reasonable since
care represents a highly personalized process that is also related
to activities outside the hospital. Nevertheless, several additional
mediator or moderator variables that could potentially impact
the dependent variables of interest were not included in the
regressions. Hence, the results of this study can only suggest a
causal effect that the availability and user-perceived value of
HIT have on care quality. On a similar note, reverse causality
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cannot be entirely ruled out. This would imply that hospitals
which perform better on outcomes and patient satisfaction also
invest more in HIT. However, ultimately, this study included
the most prominent control variables used in research when
assessing the effects on clinical outcomes and satisfaction to
counter these potential limitations [2,20,21,47].

Conclusions
This study examined the effects of digitization on clinical
outcomes and patient satisfaction across German hospitals. The
analysis of our data set suggested that the adoption of HIT alone
does not significantly influence either outcomes or patient
satisfaction, whereas the value of these technologies as perceived
by physicians and nurses does positively influence patient
outcomes and satisfaction. However, the results also implied
that it is essential to differentiate between care indications and
HIT subtypes. Whereas emergency care outcomes significantly
benefit from user-friendly admission HIT, elective care
outcomes significantly benefit from user-friendly EHR
installations. Besides clinical outcomes, the user-perceived

value of HIT significantly influenced patient satisfaction.
Hospital staff working with HIT that is value adding from their
perspective can treat patients in a manner that enhances the
overall patient satisfaction. Besides HIT-related effects, the
results suggest a positive relationship between case volume and
outcomes in the elective care field. For emergency care, an
inverse U–shaped relationship between the volume and
outcomes was identified. Furthermore, elective care outcomes
and patient satisfaction benefit from smaller hospital sizes in
terms of bed numbers. Policy makers attempting to improve
care quality via HIT are advised to focus on the value of
digitization as perceived by everyday clinical users instead of
incentivizing, capturing, or even imposing the mere adoption
of digital tools. Hospitals are well advised to consider the views
of the ultimate clinical users in their procurement decisions and
invest in continuous training. In conclusion, hospital digitization
can improve both clinical outcomes and patient satisfaction but
only if deemed to be value adding by the physicians and nurses
who rely on it every day.
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Abstract

Background: Mindfulness has emerged as a promising approach toward improving mental health. Interest in mindfulness
mobile app services has also increased in recent years. Understanding the determinants of mindfulness behavior is essential to
predict people’s utilization of mindfulness mobile apps and beneficial for developing and implementing relevant intervention
strategies. Nevertheless, little has been done to determine the predictors of mindfulness behavior.

Objective: This study investigates the association between the Big Five personality traits and the Theory of Planned Behavior
(TPB) variables in the context of using mindfulness mobile apps to explore the potential indirect effects of conscientiousness and
neuroticism on people’s behavioral intention for mindfulness, mediated by their attitude toward mindfulness, subjective norm
about mindfulness, and perceived behavior control over mindfulness.

Methods: The authors conducted an online, cross-sectional survey in December 2021. Structural equation modeling was
conducted to evaluate the overall model fit and test possible linkages among conscientiousness, neuroticism, attitude toward
mindfulness, subjective norm about mindfulness, perceived behavior control over mindfulness, and behavioral intention for
mindfulness. Bootstrapping mediation analyses were also conducted to test the potential mediating effect in the model.

Results: A total of 297 Korean participants’ responses (153 males and 144 females) were analyzed. The proposed model had
a good fit. Conscientiousness was correlated with attitude toward mindfulness (β=.384, P<.001), subjective norm about mindfulness
(β=.249, P<.001), and perceived behavior control over mindfulness (β=.443, P<.001). Neuroticism was not correlated with
attitude toward mindfulness (β=−.072, P=.28), but was correlated with subjective norm about mindfulness (β=.217, P=.003) and
perceived behavior control over mindfulness (β=−.235, P<.001). Attitude toward mindfulness (β=.508, P<.001), subjective norm
about mindfulness (β=.132, P=.01), and perceived behavior control over mindfulness (β=.540, P<.001) were separately correlated
with behavioral intention for mindfulness. Conscientiousness was not directly correlated with behavioral intention for mindfulness
(β=−.082, P=.27), whereas neuroticism was directly correlated with behavioral intention for mindfulness (β=.194, P=.001).
Conscientiousness was indirectly linked with behavioral intention for mindfulness through attitude toward mindfulness (B=0.171,
95% CI 0.103-0.251) and perceived behavior control over mindfulness (B=0.198, 95% CI 0.132-0.273) but not through subjective
norm about mindfulness (B=0.023, 95% CI −0.002 to 0.060). Neuroticism was indirectly linked with behavioral intention for
mindfulness via perceived behavior control over mindfulness (B=−0.138, 95% CI −0.197 to −0.088) but not via subjective norm
about mindfulness (B=0.021, 95% CI −0.002 to 0.059).
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Conclusions: The results show that the integration of the Big Five personality traits and TPB constructs is useful in predicting
the use of mindfulness mobile apps. Focusing on conscientiousness and neuroticism in developing information dissemination
and implementation strategies for enhancing mindfulness behavior using mobile apps may lead to the successful promotion of
mindfulness mobile apps and adherence to mindfulness techniques.

(J Med Internet Res 2022;24(11):e39501)   doi:10.2196/39501
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Introduction

During the COVID-19 pandemic, the prevalence of mental
health disorders, such as mood and anxiety disorders, has
increased globally [1,2]. As interest in mental health promotion
increases, mindfulness meditation can be introduced as an
evidence-based intervention to reduce psychological distress
and alleviate the psychological impact of the pandemic and
long-term quarantine measures [3-5]. Reflecting the ability to
pay full attention to the present moment without any judgment
and not be overly reactive or overwhelmed by past or future
events [6,7], mindfulness has been shown to have positive
effects on mental health and psychological well-being [8-11].
As improved mental health is associated with better health
behaviors, mindfulness, which reduces psychological distress,
can play a key role in facilitating health behaviors [12-14]. The
rapid development of information and communications
technologies has led to the expansion of eHealth and mobile
health (mHealth) and diverse mobile apps that contain
mindfulness content. Fact.MR [15] has estimated that the market
for mindfulness meditation apps is expected to reach US $180
million by 2032 with an annual compound growth rate of 8.4%.
The amount of research examining the effectiveness of
mindfulness mobile apps in mental health is also increasing
[16-19]. Nevertheless, further research is required on the design
of apps and factors that affect their use to connect this interest
in mindfulness mobile apps to the development of successful
mHealth intervention strategies [20-22]. Further, it is important
to identify the determinants of mindfulness behavior that
potentially drive the use of mindfulness mobile apps.

This paper focuses on behavioral intentions, one of the factors
that enable the prediction of actual behavior. By exploring the
determinants of behavioral intentions for mindfulness, this
research aims to identify the factors that affect not only
behavioral intentions for mindfulness but also adherence to
mindfulness. To this end, the Theory of Planned Behavior
(TPB), which deals with the role of behavioral intentions in
actual behaviors, was adopted as the study’s core theory. The
TPB is a socio-psychological model that was developed to
examine the psychological processes that influence behavior.
This theory claims that attitude toward behavior, subjective
norm about behavior, and perceived behavior control could
impact the intention to perform the behavior so as to eventually
change actual behavior [23]. It defines attitude as the overall
evaluations of a person engaging in a single behavior or a set
of behaviors. Subjective norm refers to a person’s belief about
whether others think that they should engage in a particular
behavior. Perceived behavior control relates to a person’s

perception of how easy or difficult it would be to perform the
behavior [24]. The TPB states that engaging in a behavior
depends on the relationship between these fundamental concepts
and their rational processes; strong behavioral intention incurred
by attitude, subjective norm, and perceived behavior control is
likely to make people perform the behavior [24,25]. The TPB
has been widely used to explain and predict various health
behaviors [26], including smoking [27], drinking [28], and
exercise [29]. In terms of mindfulness, a study of individuals
with no prior experience of mindfulness meditation found that
subjective norm was a predictor of people’s phone app usage
time for practicing mindfulness, and that attitude and perceived
behavior control were positively associated with an intention
to practice mindfulness [30]. Although not focusing specifically
on mindfulness behavior, another study showed that attitude
and perceived behavior control predicted intention to seek
mental health services [31]. As mindfulness and mental health
are closely linked, it is possible to assume that the determinants
of intention to seek mental health services would tend to be
similar to the determinants of intention to practice mindfulness.
Thus, the TPB is a useful theoretical framework for predicting
mindfulness-related behavior.

There have been attempts to use the TPB to determine additional
factors associated with mental health–related behaviors, thereby
expanding the boundaries of the TPB and increasing the
explanatory power of the theory. The Big Five personality traits
(ie, openness, conscientiousness, neuroticism, extraversion, and
agreeableness) [32] are representative variables. Openness
describes a person’s disposition toward doing new things and
intellectual activities; people with a high level of openness tend
to be creative, imaginative, and curious. Conscientiousness
refers to a person’s tendency to regulate themselves to perform
goal-directed behaviors; people with a high level of
conscientiousness are more inclined to be organized,
self-disciplined, and competent. Neuroticism is related to a
person’s perception of the world and overall emotional stability;
people with a high level of neuroticism tend to be emotionally
vulnerable, anxious, and experience a lot of stress. Extraversion
describes a person’s willingness to interact with their
environment; people with a high level of extraversion tend to
be sociable, outgoing, and seek excitement. Agreeableness
reflects the way people manage their relationships with others;
people with a high level of agreeableness are more inclined to
be sympathetic, cooperative, and trusting [32-34]. Previous
studies have reported that these personality traits influence TPB
variables and behavioral intention [35-38]. For example,
affective attitudes and perceived behavioral control mediate the
relationship between conscientiousness and intention for
physical activity [38].
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Previous mindfulness studies investigating the relationship
between the Big Five personality traits and the TPB are
relatively insufficient compared with studies on other health
behaviors. However, considering the close correlation between
the characteristics of the Big Five personality traits and
mindfulness [39,40], there should be a similar close relationship
between the Big Five personality traits and the TPB in the
context of mindfulness behavior. For instance, conscientious
people tend to be responsible and have good impulse control to
achieve a goal. Mindful people are more likely to respond
deliberately and carefully rather than impulsively and habitually.
Thus, it is feasible to assume that conscientiousness and
mindfulness have a positive relationship [39]. People with
neuroticism tend to be more susceptible to stress and negative
emotions and experience dramatic changes in their feelings,
while mindful people are more likely to be calm and able to
control their negative emotions. Therefore, it can be assumed
that neuroticism and mindfulness have a negative relationship
[39]. Despite the lack of evidence, we suppose that the Big Five
personality traits and the TPB still have the potential to predict
or change mindfulness behavior.

This paper investigates the mediation relationship in which the
Big Five personality traits influence the factors of the TPB and
ultimately affect behavioral intentions for mindfulness. This
study reveals the mechanisms of the TPB with consideration to
personality traits in the context of mindfulness behavior, thus
enhancing the theoretical framework by embracing new potential
variables that can predict behavioral intention. As
conscientiousness and neuroticism display a stronger
relationship with mindfulness than openness, extraversion, and
agreeableness [39], this research focuses on the influence of
conscientiousness and neuroticism on the TPB.

Methods

Study Design and Procedure
We conducted an online survey of adults to examine their
experiences of mindfulness. Before participating in the survey,
the participants were asked to read the research information and
complete an electronic consent form. Only consenting
participants were allowed to continue with the study. They
provided sociodemographic, clinical, and individual difference
information relevant to mindfulness. The questionnaire items
were translated from English to Korean and modified to fit the
context of the study’s topic.

Recruitment
Participants were recruited in December 2021 using an online
panel developed by a survey company, dataSpring Korea, Inc.

Adults older than 19 years and who consented to participate in
the survey were recruited. Based on their responses to the
survey’s screening question, they were categorized into 4
groups: (1) mindfulness mobile app users—those who used
mindfulness mobile apps within a month of either downloading
an app or subscribing to a paid premium service; (2) mindfulness
mobile app churners—those who had experience of using
mindfulness mobile apps in the past but either deleted the apps
or did not use them within a month of downloading them; (3)
other mindfulness behavior performers—those who did not
have any experience of using mindfulness mobile apps but had
experience of practicing mindfulness behaviors through other
means; and (4) no mindfulness behaviors—those with no
experience in performing any type of mindfulness behavior.

After the survey, participants were recategorized into 4 groups:
(1) people using mindfulness mobile apps and practicing other
types of mindfulness behaviors; (2) people using only
mindfulness mobile apps; (3) people who only practice other
types of mindfulness behavior; and (4) people not practicing
any type of mindfulness behavior, with a focus on current
(within 1 month) mindfulness activities. Participants only
practicing other types of mindfulness behaviors were excluded
from the data analysis because the study focuses on the use of
mindfulness mobile apps. Consequently, the responses of 297
participants were used for the data analysis. At the time of the
survey, 142/297 (47.8%) participants were using mindfulness
mobile apps (either in conjunction with other types of
mindfulness behavior or using mindfulness mobile apps only)
and 155/297 (52.2%) were not practicing any type of
mindfulness behavior. Of the 142 participants using mindfulness
mobile apps, 46 (32.4%) were using Mabo, 46 (32.4%) were
using Kokkiri, 17 (12%) were using Calm, 13 (9.2%) were using
Harumeditation, and 20 (14.1%) were using other mindfulness
mobile apps.

Of the total 297 participants, 47 (15.8%) were 20-29 years old,
68 (22.9%) were 30-39 years old, 108 (36.4%) were 40-49 years
old, 72 (24.2%) were 50-59 years old, and 2 (0.7%) were 60
years old or older. In addition, 153 (51.5%) participants were
male and 144 (48.5%) were female; 180 (60.6%) participants
were married and 102 (34.3%) were single; and 170 (57.2%)
participants had no religious affiliation. More than half of the
participants were university graduates (180/297, 60.6%).
Regarding the participants’ employment status, 192 (64.6%)
were permanently employed. More than half of the participants
(188/297, 63.3%) responded that they were in the middle-income
bracket. Table 1 presents more information about participants’
demographic characteristics.
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Table 1. Demographic information of participants (N=297).

Participants, n (%)aCharacteristics

Age (years)

47 (15.8)20-29

68 (22.9)30-39

108 (36.4)40-49

72 (24.2)50-59

2 (0.7)≥60

Gender

153 (51.5)Male

144 (48.5)Female

Marital status

102 (34.3)Single (never married)

4 (1.3)Domestic partnership/common law marriage

180 (60.6)Married

11 (3.7)Divorced

Religion

170 (57.2)None

40 (13.5)Protestant

36 (12.1)Catholic

49 (16.5)Buddhist

1 (0.3)Cheondoist

1 (0.3)Won Buddhist

Highest level of education

48 (16.2)High school graduate

39 (13.1)College graduate (2-3 years)

180 (60.6)University graduate (4-6 years)

26 (8.8)Master’s degree

4 (1.3)Doctorate

Current employment status

192 (64.6)Permanently employed

54 (18.2)Temporarily employed (eg, part-time workers, dispatched workers, daily workers,
freelancers)

49 (16.5)Not employed

2 (0.7)Retired

Income

12 (4)Very low

80 (26.9)Low

188 (63.3)Middle

15 (5.1)High

2 (0.7)Very high

Current experience of mobile mindfulness apps (within 1 month)

142 (47.8)Yes

155 (52.2)No
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Participants, n (%)aCharacteristics

Experience of being diagnosed with a psychiatric disease

45 (15.2)Yes

252 (84.8)No

Experience of being diagnosed with a medical or surgical condition

143 (48.1)Yes

154 (51.9)No

Experience of taking medication (within the last 30 days)

131 (44.1)Yes

166 (55.9)No

aPercentages may not add up to 100% due to rounding.

Measures

Overview
In this study, conscientiousness and neuroticism were chosen
as exogenous variables and behavioral intention for mindfulness
as an endogenous variable. Attitude, subjective norm, and
perceived behavior control regarding mindfulness were
intermediate variables.

Personality Factor
The Korean Big Five Inventory (BFI)-15 was used to assess
respondents’ Big Five personality traits. The Korean BFI-15
was translated, abbreviated, and verified in Korean by Kim and
colleagues [41] from John and Srivastava’s BFI items [42].
Along with the stem question “I see myself as someone who,”
the Korean BFI-15 includes 15 items as follows: 3 items for
openness, 3 items for conscientiousness, 3 items for neuroticism,
3 items for extraversion, and 3 items for agreeableness. Each
item is answered on a 5-point scale (1=“strongly disagree” to
5=“strongly agree”). The responses to the conscientiousness
and neuroticism items were used in the data analysis.

• Conscientiousness: Respondents were asked to indicate
their conscientiousness based on 3 items: “I see myself as
someone who does a thorough job,” “...does things
efficiently,” and “...is a reliable worker.” These items were
averaged to create a scale (mean 3.67, SD 0.77; Cronbach
α=.840).

• Neuroticism: Neuroticism was measured using 3 items: “I
see myself as someone who gets nervous easily,” “...is
depressed, blue,” and “...worries a lot.” These items were
averaged to create a scale (mean 2.79, SD 1.04; Cronbach
α=.876).

Behavioral Factor
We modified the TPB measurement developed by Kim [43] to
predict drug users’ intention to use treatment services for drug
addiction to suit the context of mindfulness behavior in this
study. Kim’s TPB measurement was developed and verified
based on methods and evidence related to the TPB as posited
by Fishbein and Ajzen [25]. The measurement in this study
assesses respondents’ attitude, subjective norm, perceived

behavior control, and behavioral intention regarding
mindfulness.

• Attitude toward mindfulness: Five items, based on a 5-point
scale (1=“strongly disagree” to 5=“strongly agree”), were
modified in the context of mindfulness: “It is worthwhile
to perform mindfulness,” “It is wise to perform
mindfulness,” “It is practical to perform mindfulness,” “It
is desirable to perform mindfulness,” and “I am positive
about performing mindfulness.” The items were used to
measure respondents’ attitude toward mindfulness and
averaged to create a scale (mean 4.10, SD 0.63; Cronbach
α=.878).

• Subjective norm about mindfulness: Four items, based on
a 5-point scale (1=“strongly disagree” to 5=“strongly
agree”), were modified in the context of mindfulness: “Most
people who are important to me think that I need to perform
mindfulness,” “Most people who are important to me would
endorse me performing mindfulness,” “Most people who
are important to me would support me performing
mindfulness,” and “I feel pressure to perform mindfulness
from people around me.” The items were used to measure
respondents’ subjective norm about mindfulness and
averaged to create a scale (mean 3.19, SD 0.82; Cronbach
α=.770).

• Perceived behavior control about mindfulness: Three items,
based on a 5-point scale (1=“strongly disagree” to
5=“strongly agree”), were modified in the context of
mindfulness: “I am confident in performing mindfulness,”
“It is entirely up to me to perform mindfulness,” and “I can
control the situation around me to perform mindfulness.”
The items were used to measure respondents’ perceived
behavior control about mindfulness and averaged to create
a scale (mean 3.84, SD 0.66; Cronbach α=.744).

• Behavioral intention for mindfulness: Five items, based on
a 5-point scale (1=“strongly disagree” to 5=“strongly
agree”), were modified in the context of mindfulness: “I
intend to perform mindfulness,” “I will perform
mindfulness,” “I plan to perform mindfulness,” “I want to
perform mindfulness,” and “I am willing to perform
mindfulness.” The items were used to measure respondents’
behavioral intention for mindfulness and averaged to create
a scale (mean 3.91, SD 0.72; Cronbach α=.901).

J Med Internet Res 2022 | vol. 24 | iss. 11 | e39501 | p.766https://www.jmir.org/2022/11/e39501
(page number not for citation purposes)

Kim et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Statistical Analysis
Structural equation modeling (SEM) was conducted to verify
the proposed research model established to predict mindfulness
behavior by integrating the Big Five personality traits and the
TPB. First, a confirmatory factor analysis was conducted to
examine the measurement model and assess the model fit using
several goodness-of-fit indices. Next, SEM was conducted to
evaluate the structural model and test the study hypotheses.
Lastly, bootstrapping mediation analyses were conducted to
test the significance of the mediation pathways more precisely.
SPSS 22.0 (IBM, Inc.), Amos 22.0 (IBM, Inc.), and PROCESS
macro for SPSS 4.1 [44] software were used for the data
analysis.

Ethics Approval
This study was approved by the Institutional Review Board of
Yongin Severance Hospital in Yonsei University Health System
(IRB No. 9-2021-0167). We made a data collection request to
an online panel research company. Only the online panel
members older than 19 years had access to this study’s online
survey. The members interested in the survey could thoroughly
review the study explanation and voluntarily decide to
participate. They could participate in the survey only if they
provided informed voluntary consent. However, participants
could withdraw their consent or stop participating in the study
at any time according to their free will. This study was
conducted through a survey; no special side effects or physical
damage was expected. We received deidentified raw data from
the online panel research company after the survey completion.
The data were password protected, and only the research team
had access.

Results

Scale Validation and Model Specification
A confirmatory factor analysis was conducted to verify the
factor structure of the proposed model. First, after examining
the factor loading of the observed variables constituting the
latent variables, all the factor loading values were found to be
statistically significant (P<.05 in all cases). The factor loading
values of all the observed variables were more than 0.50, except
for an observed variable in subjective norm about mindfulness
(ie, the “'I feel pressure to perform mindfulness from people

around me” item), which was below 0.50. Therefore, we
concluded that the observed variables make up the latent
variables based on an appropriate theoretical conceptualization
[45,46]. In other words, content validity was established.

Next, convergent validity—the explanatory power and validity
of the latent variables itself—was examined through
composite/construct reliability (CR), representing the internal
consistency of the observed variables, and the average variance
extracted (AVE) value, representing the size of the variance
that the observed variables can explain. The convergent validity
was secured for all the variables because the CR exceeded 0.70
and the AVE exceeded the threshold of 0.50 [46,47].

The details of each observed and latent variable are summarized
in Table 2.

After examining convergent validity, discriminant validity was
examined to determine whether there was an overlap or
similarity between each latent variable and whether there was
differentiation. Each AVE value had to be greater than the
square value of the correlation coefficient between certain
variables to secure discriminant validity [47]. In this
measurement model, discriminant validity was secured because
the minimum value of the AVE (0.502) was greater than the
largest square value of the correlation coefficient
(maximum=0.696×0.696=0.484).

In terms of reliability, the Cronbach α value of each variable
measurement was calculated to examine the internal consistency
of the measurement tool. As the Cronbach α values of all the
variables were above .70, all the measurements showed good
reliability [45,48].

After confirming that the study’s measurement model met the
validity and reliability requirements, an evaluation to test overall

model fit was conducted. As a result, the values χ2
215=431.1

(P<.001), χ2/df=2.005, incremental fit index (IFI)=0.942,
comparative fit index (CFI)=0.941, Tucker-Lewis index
(TLI)=0.930, and root mean square error of approximation

(RMSEA)=0.058 met all the criteria: χ2 (P<.001), χ2/df≤3,
IFI≥0.90, CFI≥0.90, TLI≥0.90, RMSEA≤0.08 [48]. Therefore,
the overall model showed a good fit.

The details of the measurement model verified in this study are
summarized in Table 3.
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Table 2. Confirmatory factor analysis: items and loadings.

AVEdCRc1 – SMCSMCbFactor loadingaConstruct and scale items

Personality factor (Korean BFIe-15)

0.6370.840Conscientiousness

0.3920.6080.780Does a thorough job.

0.2940.7060.840Does things efficiently.

0.4040.5960.772Is a reliable worker.

0.7120.880Neuroticism

0.1830.8170.904Gets nervous easily.

0.2240.7760.881Is depressed, blue.

0.4580.5420.736Worries a lot.

Behavioral factor (TPBf)

0.5930.879Attitude toward mindfulness

0.4100.5900.768It is worthwhile to perform mindfulness.

0.3550.6450.803It is wise to perform mindfulness.

0.4840.5160.718It is practical to perform mindfulness.

0.4010.5990.774It is desirable to perform mindfulness.

0.3870.6130.783I am positive about performing mindfulness.

0.5150.801Subjective norm about mindfulness

0.3370.6630.814Most people who are important to me think that I need to perform
mindfulness.

0.2760.7240.851Most people who are important to me would endorse me perform-
ing mindfulness.

0.5030.4970.705Most people who are important to me would support me perform-
ing mindfulness.

0.8230.1770.421I feel pressure to perform mindfulness from people around me.

0.5020.749Perceived behavior control about mindfulness

0.3410.6590.812I am confident in performing mindfulness.

0.5800.4200.648It is entirely up to me to perform mindfulness.

0.5740.4260.653I can control the situation around me to perform mindfulness.

0.6510.903Behavioral intention for mindfulness

0.3820.6180.786I intend to perform mindfulness.

0.2590.7410.861I will perform mindfulness.

0.3420.6580.811I plan to perform mindfulness.

0.3760.6240.790I want to perform mindfulness.

0.3870.6130.775I am willing to perform mindfulness.

aAll factor loadings are significant at P<.001.
bSMC: squared multiple correlation.
cCR: composite/construct reliability.
dAVE: average variance extracted.
eBFI: Big Five Inventory.
fTPB: Theory of Planned Behavior.
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Table 3. Descriptive statistics and associated measures of the measurement model.

654321AVEaMean (SD)Cronbach αVariables

0.2940.4940.1320.359−0.3700.840 b0.6373.67 (0.77).8401. Conscientiousness

−0.074−0.4000.130−0.2110.8800.1370.7122.79 (1.04).8762. Neuroticism

0.6950.6660.3450.8790.0450.1290.5934.10 (0.63).8783. Attitude toward mindfulness

0.3630.2310.8010.1190.0170.0170.5153.19 (0.82).7704. Subjective norm about mindfulness

0.6960.7490.0530.4440.1600.2440.5023.84 (0.66).7445. Perceived behavior control over mindfulness

0.9030.4840.1320.4830.0050.0860.6513.91 (0.72).9016. Behavioral intention for mindfulness

aAVE: average variance extracted.
bComposite reliabilities are along the diagonal and represented in italic font. Correlations are above the diagonal. Squared correlations are below the
diagonal.

Hypothesis Testing

SEM Analysis
Based on the verification results of the measurement model, an
SEM analysis was conducted to investigate the relationship
between the variables and the model fit of the structural model.

The values χ2
218=524.3 (P<.001), χ2/df=2.405, IFI=0.917,

CFI=0.916, TLI=0.903, and RMSEA=0.069 satisfied all the

criteria: χ2 (P<.001), χ2/df≤3, IFI≥0.90, CFI≥0.90, TLI≥0.90,
RMSEA≤0.08 [48] and therefore showed a good fit. We
therefore concluded that the structural model had an appropriate
explanatory power to test the hypotheses predicting a
relationship between variables.

The Direct Relationships Between Personality Traits
and the TPB
With respect to personality traits, the relationships between
conscientiousness and attitude toward mindfulness (β=.384,
P<.001), conscientiousness and subjective norm about
mindfulness (β=.249, P<.001), and conscientiousness and
perceived behavior control over mindfulness (β=.443, P<.001)
were all significant and positive. The relationship between

neuroticism and attitude toward mindfulness (β=−.072, P=.28)
was not significant. However, the relationships between
neuroticism and subjective norm about mindfulness (β=.217,
P=.003) and between neuroticism and perceived behavior
control over mindfulness (β=−.235, P<.001) were significant.
The former was positive, whereas the latter was negative.

The relationships between attitude toward mindfulness and
behavioral intention for mindfulness (β=.508, P<.001),
subjective norm about mindfulness and behavioral intention for
mindfulness (β=.132, P=.01), and perceived behavior control
over mindfulness and behavioral intention for mindfulness
(β=.540, P<.001) were significant and positive. The relationship
between conscientiousness and behavioral intention for
mindfulness (β=−.082, P=.27) was not significant; however,
the relationship between neuroticism and behavioral intention
for mindfulness (β=.194, P=.001) was significant and positive.

Table 4 summarizes all the predictable direct effect paths of
this structural model.

The results of verifying the research model are shown in Figure
1. It offers an understanding of possible mediating mechanisms
of the model.

Table 4. The predictable direct effect paths of the structural model.

DecisionP valueCoefficients (β)Direct path

Supported<.001.384Conscientiousness → Attitude toward mindfulness

Supported<.001.249Conscientiousness → Subjective norm about mindfulness

Supported<.001.443Conscientiousness → Perceived behavior control over mindfulness

Not supported.28−.072Neuroticism → Attitude toward mindfulness

Supported.003.217Neuroticism → Subjective norm about mindfulness

Supported<.001−.235Neuroticism → Perceived behavior control over mindfulness

Supported<.001.508Attitude toward mindfulness → Behavioral intention for mindfulness

Supported.01.132Subjective norm about mindfulness → Behavioral intention for mindfulness

Supported<.001.540Perceived behavior control over mindfulness → Behavioral intention for mindfulness

Not supported.27−.082Conscientiousness → Behavioral intention for mindfulness

Supported.001.194Neuroticism → Behavioral intention for mindfulness

J Med Internet Res 2022 | vol. 24 | iss. 11 | e39501 | p.769https://www.jmir.org/2022/11/e39501
(page number not for citation purposes)

Kim et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 1. The path diagram and coefficients of the research model. e1-e23 are error terms for observed variables (ie, measurement errors); d1-d4 are
disturbance terms for endogeneous variables (ie, residual errors).

The Indirect Relationships Between Personality Traits
and the TPB
Next, the indirect effect path hypotheses were tested. Mediation
analyses were conducted using the PROCESS macro model 4
(set to 5000 bootstrapped samples) [44]. In the PROCESS
macro, the indirect effect is statistically significant when the CI
does not include 0. Considering the paths of the model, the
indirect effect path of “neuroticism → attitude toward
mindfulness → behavioral intention for mindfulness” was not
tested.

The results showed that conscientiousness had a potential
indirect effect on behavioral intention for mindfulness mediated
through attitude toward mindfulness (B=0.171, 95% CI
0.103-0.251) and perceived behavior control over mindfulness
(B=0.198, 95% CI 0.132-0.273). Last, neuroticism had a

potential indirect effect on behavioral intention for mindfulness
mediated through perceived behavior control over mindfulness
(B=−0.138, 95% CI −0.197 to −0.088). The relationships
between conscientiousness and behavioral intention for
mindfulness mediated by subjective norm about mindfulness
(B=0.023, 95% CI −0.002 to 0.060) and between neuroticism
and behavioral intention for mindfulness mediated by subjective
norm about mindfulness (B=0.021, 95% CI −0.002 to 0.059)
were not significant. As neuroticism was also directly associated
with behavioral intention for mindfulness, neuroticism’s
potential indirect effect was considered a partial mediation path.
Conscientiousness’s potential indirect effects were considered
full mediation paths.

Table 5 summarizes all the predictable indirect effect paths of
this structural model.

Table 5. The predictable indirect effect paths of the structural model.

DecisionBoot ULCIbBoot LLCIaBoot SECoefficients (B)Indirect path

Supported0.2510.1030.0370.171Conscientiousness → Attitude toward mindfulness → Behavioral inten-
tion for mindfulness

Not supported0.060−0.0020.0150.023Conscientiousness → Subjective norm about mindfulness → Behavioral
intention for mindfulness

Supported0.2730.1320.0360.198Conscientiousness → Perceived behavior control over mindfulness →
Behavioral intention for mindfulness

Not supported0.059−0.0020.0150.021Neuroticism → Subjective norm about mindfulness → Behavioral in-
tention for mindfulness

Supported−0.088−0.1970.027−0.138Neuroticism → Perceived behavior control over mindfulness → Behav-
ioral intention for mindfulness

aLLCI: lower level of confidence interval.
bULCI: upper level of confidence interval.
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Discussion

Principal Findings
This research theorized and examined the indirect effect of the
Big Five personality traits on behavioral intention for
mindfulness based on the TPB. The study’s main finding was
that conscientiousness and neuroticism could potentially impact
behavioral intention for mindfulness through attitude toward
mindfulness and perceived behavior control over mindfulness.
The results showed that among the Big Five personality traits,
only conscientiousness and neuroticism were determinants
influencing people’s mindfulness behavior.

This study found no direct association between
conscientiousness and behavioral intention for mindfulness;
however, conscientiousness was positively associated with
behavioral intention for mindfulness, via attitude toward
mindfulness and perceived behavior control over mindfulness.
This finding indicates that the higher the level of
conscientiousness, the more positive the attitude toward
mindfulness, and the stronger the perceived behavior control
over mindfulness. In addition, attitude toward mindfulness and
perceived behavior control over mindfulness were positively
associated with behavioral intention for mindfulness, indicating
that the more positive the attitude toward mindfulness and higher
perceived behavior control over mindfulness, the stronger the
behavioral intention for mindfulness. A strong sense of
responsibility, good discipline, and effective self-regulation are
therefore closely related to the characteristics of high
conscientiousness [34]. People with a high level of
conscientiousness are more likely to think positively about
mindfulness and perceive that they are confident in performing
mindfulness activities. Consequently, conscientiousness
increases the likelihood of inducing behavioral intention for
mindfulness.

Most importantly, neuroticism was negatively associated with
behavioral intention for mindfulness via perceived behavior
control over mindfulness. Inconsistent with previous studies
[39,40], neuroticism was directly and positively associated with
behavioral intention for mindfulness. Unlike conscientiousness,
neuroticism showed a negative association with perceived
behavior control over mindfulness. In other words, the higher
the level of neuroticism, the weaker the perceived behavior
control over mindfulness. In addition, perceived behavior control
over mindfulness was positively associated with behavioral
intention for mindfulness. Thus, the lower the level of perceived
behavior control over mindfulness, the weaker the behavioral
intention for mindfulness. As vulnerability to negative emotions
is one of the characteristics of high levels of neuroticism [34],
individuals with high neuroticism are less likely to perceive that
they are confident in performing mindfulness. Hence,
neuroticism may play a key role in reducing behavioral intention
for mindfulness.

The results of this study suggest that people with high levels of
neuroticism are more likely to have strong behavioral intentions
for mindfulness regardless of perceived behavior control over
mindfulness. One explanation is that people with high
neuroticism are more likely to have poor mental health [49] but

may seek treatment rather than avoidance under certain
conditions. Those who perceived a high need for treatment for
depression or social support are also more likely to seek
professional help for depression [50]. Their strong motivation
for mental health recovery may lead to stronger behavioral
intention for mindfulness. In this regard, more studies are needed
to verify this possible explanation and find a condition that may
in turn produce results that are inconsistent with the findings
of previous studies.

Implications
In the context of mindfulness, this study suggests an integrated
model to explain the relationship between personality and
behavior by combining the Big Five personality traits and the
TPB. The results show that personality factors (ie,
conscientiousness and neuroticism) and behavioral factors (ie,
attitude toward mindfulness, subjective norm about mindfulness,
perceived behavior control over mindfulness, and behavioral
intention for mindfulness) are closely associated with changes
in mindfulness behavior.

This study shows that the relationships or patterns between the
Big Five personality traits and TPB variables in the context of
mindfulness differ depending on personality traits. Attitude
toward mindfulness and perceived behavior control over
mindfulness mediate the association between conscientiousness
and behavioral intention for mindfulness. However, only
perceived behavior control over mindfulness mediates the
association between neuroticism and behavioral intention for
mindfulness. Furthermore, 3 other Big Five personality traits
(ie, openness, extraversion, and agreeableness) are known to
be less associated with mindfulness [39]. We posit that such
inconsistencies might stem from the different characteristics of
the Big Five personality traits. For example, the characteristics
of high openness and liking new and diverse experiences are
quite far removed from those attributes of mindfulness that
require relaxation and peace. The conflict between personality
traits and mindfulness characteristics may impact their
associations. Examining the underlying mechanism of the effect
of personality traits’ different characteristics on mindfulness
behavior could require a more advanced theoretical model with
higher explanatory power on mindfulness behavior. Scrutinizing
the multifaceted nature of mindfulness [51,52] may also provide
a useful lens to interpret the relationship between personality
traits and mindfulness. Future studies could examine the reasons
why different relationships exist between personality traits and
mindfulness behavior.

Our findings could also help to establish successful persuasion
strategies that can encourage mindfulness behavior contingent
on each individual’s personality. If health professionals are able
to identify a conscientious person, they could provide an
intervention that may improve their attitude toward mindfulness
and perceived behavior control over mindfulness to induce
behavioral intentions for mindfulness and thereby promote
mindfulness behavior. If health professionals are able to identify
a person with high neuroticism, they could concentrate on
improving the person’s perceived behavior control over
mindfulness and provide appropriate intervention effectively.

J Med Internet Res 2022 | vol. 24 | iss. 11 | e39501 | p.771https://www.jmir.org/2022/11/e39501
(page number not for citation purposes)

Kim et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


When considering mindfulness mobile apps as health
intervention tools, applying immersive technology in developing
mindfulness mobile apps to provide users with virtual
experiences of mindfulness could be useful to improve users’
perceived behavior control over mindfulness [53]. Embedding
information on personality traits when designing the content of
mindfulness mobile apps could be helpful in allowing users to
perceive the content as personally relevant. As personalized
health programs are known to have more persuasive effects than
regular health messaging [54], tailoring a health intervention
based on individual characteristics may improve mindfulness
behavior. If a person with high neuroticism uses a mindfulness
mobile app service to practice mindfulness behavior virtually
and receives mindfulness tips for people with high neuroticism,
the user may be more successful in overcoming the
characteristics of neuroticism and improve their perceived
behavior control over mindfulness. Taken together, scholars
and health practitioners need to consider the indirect effects of
personality traits to influence change or adherence to
mindfulness behavior.

In this study, we only explored the potential of personality and
behavioral factors to impact mindfulness behavior likely to
drive the use of mindfulness mobile apps. We acknowledge that
demonstrating other factors impacting mHealth adoption, not
limited to personality traits, is important to build on the growing
body of research examining mindfulness mobile apps usage. In
their systematic review, Jacob and colleagues [55] introduced
social and personal factors, technical and material factors, and
health-related factors affecting mHealth adoption. Demographic
factors (eg, age, gender, education, ethnicity, and socioeconomic
factors), personal characteristics (eg, attitudes, motivation, and
psychological factors), and cultural and social elements (eg,
social influence, language, and culture) were representative
social and personal factors. Usefulness (eg, perceived benefit,
communication, and self-management), ease of use, technical
factors (eg, access to technology, training, and tech support),
monetary factors, data related (eg, privacy, credibility, and
relevance), and user experience (eg, usability and
personalization) composed technical and material factors.
Disease or health condition, care team’s role, health
consciousness and literacy, relation to other therapies, health
behavior, and insurance status were labeled as health-related
factors [55]. Jacob and colleagues [55] emphasized taking a
more holistic view of these factors and developing more
patient-centered approaches (eg, fit into patient journey,
inclusive design, and patient education) to facilitate mHealth
adoption. They also highlighted that these factors are not
mutually exclusive and showed mixed results on mHealth
adoption depending on the context. It means that focusing on
1 or only a few factors alone on mHealth adoption and
implementation is not likely to achieve success.

The complexity of the factors affecting mHealth adoption that
Jacob and colleagues [55] stressed provides an implication to
this study. The different potentials of personality and behavioral
factors to impact mindfulness behavior and the use of
mindfulness mobile apps can be explained by not only the
characteristics of personality traits themselves but also other
factors and contexts beyond personality traits. For instance,

even people with high conscientiousness may only perform
mindfulness behavior and use mindfulness mobile apps if they
have strong motivation. They may not use mindfulness mobile
apps if they feel such apps are uncomfortable to use or cannot
protect personal data well. By contrast, people with low
conscientiousness may use mindfulness mobile apps if they
were educated about the importance of mindfulness and how
to use mHealth services. This complexity may result in different
and inconsistent outcomes of the associations between
personality traits and mindfulness behavior. More
comprehensive approaches to knowing the mediating and
moderating roles of various factors are crucial to predict the use
of mindfulness mobile apps. Future research is required to
discover successful strategies for using the characteristics of
the factors affecting mHealth adoption and their
interconnectivity to facilitate the use of mindfulness mobile
apps.

Limitations
The study has a few limitations. First, this research only looked
at the Big Five personality traits and TPB variables and the
mediating relationships among them. The study did not consider
other possible variables that could impact mediations or other
possible relationships among the Big Five personality traits and
TPB variables. If this deficiency can be addressed and the
proposed model can be expanded through follow-up studies,
our understanding of the relationship between personality traits
and behavior in the context of mindfulness will be improved.
Second, although this study examined mediations supported by
theoretical discussions and previous evidence, a careful
interpretation of the causal assumptions is merited because this
study used cross-sectional data. Future studies using
experimental research methods are needed to verify causal
relationships. Third, considering the development of this
research’s proposed model, future studies should be conducted
with other types of health behaviors to refine the model or
increase the model’s degree of generalizability. Fourth, this
study’s participants recruited through an online panel were
already likely to favor digital technology use itself. Therefore,
it is encouraged to adopt a more randomized participant selection
method to deal with this inherent bias and recruit participants
regardless of technology preference or knowledge. Last, the
data were self-reported and could be strengthened by
physiological response measures.

Conclusions
The COVID-19 pandemic has highlighted the importance of
mental health and mindfulness and various types of eHealth
and mHealth mindfulness services have appeared [56]. The
question is how to promote mindfulness behavior and encourage
people to adhere to mindfulness behavior. Identifying the
determinants of mindfulness behavior is the first to answer this
question. This paper focused on personality traits and verified
that the combination of the Big Five personality traits and the
TPB provides a useful theoretical framework for predicting
mindfulness behavior. The research results provide a foundation
to develop an advanced model that is able to illustrate the
relationships between personality and behavioral factors by
adding other potential variables and moderation paths in the
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context of mindfulness. The findings also underscore the
potential of integrating other personality and behavior change
theories to build a new model to explain mindfulness behavior.
Furthermore, this research provides evidence to extend the

research field and explore how diverse characteristics of
personality traits affect mindfulness behavior. The role of
personality may well explain mindfulness behavior more than
people realize.
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Abstract

Background: Interest in critical care–related artificial intelligence (AI) research is growing rapidly. However, the literature is
still lacking in comprehensive bibliometric studies that measure and analyze scientific publications globally.

Objective: The objective of this study was to assess the global research trends in AI in intensive care medicine based on
publication outputs, citations, coauthorships between nations, and co-occurrences of author keywords.

Methods: A total of 3619 documents published until March 2022 were retrieved from the Scopus database. After selecting the
document type as articles, the titles and abstracts were checked for eligibility. In the final bibliometric study using VOSviewer,
1198 papers were included. The growth rate of publications, preferred journals, leading research countries, international
collaborations, and top institutions were computed.

Results: The number of publications increased steeply between 2018 and 2022, accounting for 72.53% (869/1198) of all the
included papers. The United States and China contributed to approximately 55.17% (661/1198) of the total publications. Of the
15 most productive institutions, 9 were among the top 100 universities worldwide. Detecting clinical deterioration, monitoring,
predicting disease progression, mortality, prognosis, and classifying disease phenotypes or subtypes were some of the research
hot spots for AI in patients who are critically ill. Neural networks, decision support systems, machine learning, and deep learning
were all commonly used AI technologies.

Conclusions: This study highlights popular areas in AI research aimed at improving health care in intensive care units, offers
a comprehensive look at the research trend in AI application in the intensive care unit, and provides an insight into potential
collaboration and prospects for future research. The 30 articles that received the most citations were listed in detail. For AI-based
clinical research to be sufficiently convincing for routine critical care practice, collaborative research efforts are needed to increase
the maturity and robustness of AI-driven models.

(J Med Internet Res 2022;24(11):e42185)   doi:10.2196/42185

KEYWORDS

intensive care medicine; artificial intelligence; bibliometric analysis; machine learning; sepsis

Introduction

Background
Artificial intelligence (AI) refers to a system that mimics human
intelligence as characterized by the ability to perceive, reason,
discover meaning, generalize, draw lessons from past experience

and solve problems, or make decisions [1]. Machine learning
(ML), natural language processing, and capability to visualize
and recognize objects (computer vision) are all commonly used
AI technologies [2].

ML is the dominant technique for implementing Al systems.
ML refers to the science of programming computers that use
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statistical analysis techniques to create algorithms to learn from
data [1]. Because it uses statistical models and algorithms to
evaluate enormous training data sets, it is also referred to as
“programming with data.” Supervised and unsupervised
frameworks are two different types of ML (Figure 1).

AI has been used in the medical field in molecular biology,
bioinformatics, and medical imaging and to support population
health management, provide tailored diagnosis and treatment,
monitor patients, guide surgical care, and predict health
trajectories [1,3,4].

The intensive care unit (ICU) is the most suitable ward among
all the hospital wards to begin the transition to big data and the
application of AI in research and even clinical practice in the
near future. In ICUs, patients are closely monitored to detect
physiological changes associated with deterioration that might
require an appropriate reevaluation of the treatment plan.
Nursing staff closely monitor patients in the ICU by charting
neurological status, input, and output (including medication
administration), etc. Bedside monitors facilitate this and
continuously stream large amounts of data [5]. With advances

in computer science, it has become possible to integrate and
archive data in clinical documentation from various information
systems and build a comprehensive system that is later
transformed into a research database. Large public ICU
databases include eICU and MIMIC databases. Open access to
these databases encourages the use of AI technology in clinical
research in intensive care medicine and the development of
decision support tools.

The application of AI in critical care mainly involves disease
diagnosis, prediction of disease progression (clinical
deterioration), and characterization of specific disease
phenotypes or endotypes in sepsis, septic shock, and acute
respiratory distress syndrome (ARDS), etc.

Bibliometric study is a quantifiable informatics technique that
analyzes the academic literature [6,7]. A general, quantitative,
and qualitative overview of a certain topic can be provided via
bibliometric analysis. It specifically identifies the most active
authors, organizations, publications, influential studies, and
international collaborations [7].

Figure 1. Machine learning is a branch of artificial intelligence encompassing two major approaches: supervised and unsupervised learning. Shown
under each branch are algorithm types used in model development.

Goal of This Study
Although there has been a growing interest in critical
care–related AI research, the literature is still lacking in
comprehensive bibliometric studies that measure and analyze
scientific publications globally. In this study, we aimed to (1)

provide a holistic view of the research trends in AI application
in ICUs; (2) highlight trending research topics in AI-related
research focused on health care in ICUs; (3) highlight the
contributions of prolific authors, leading countries, and the most
productive academic institutions; and (4) provide an insight into
potential collaboration and research directions in the future [8].
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Methods

A bibliometric analysis study uses a mechanistic method to
comprehend the global research trends in a certain field based
on the outputs of the academic literature database. This approach
distinguishes bibliometric analysis from reviews that are
primarily designed to discuss the most recent advancements,
challenges, and future directions of a particular topic [8].

Ethical Considerations
Ethics committee permission was not required, as this study
was a retrospective bibliometric analysis of the existing
published studies.

Data Source and Search Strategy
Data mining was conducted on March 18, 2022, using the
Scopus database. Scopus is recognized as the largest abstract
and citation database of peer-reviewed literature covering a
wide range of subjects [8]. This study conducted a search for
articles mentioning artificial intelligence or AI-related terms
(neural network*, machine learning, deep learning, or natural
language processing) and intensive care or ICU-related terms
(critical care, critically ill, high dependency, or ICU) in the title,
abstract, and keywords. The oldest publication dates to 1986,
and the more recent ones are from 2022. The reproducible query

string used for the search was: TITLE-ABS-KEY (“artificial
intelligence” OR “neural network*” OR “machine learning”
OR “deep learning” OR “natural language processing”) AND
(“intensive care” OR “critical care” OR “critically ill” OR “high
dependency” OR “ICU”) SEARCHED ON 18, March 2022.

Screening Strategy
The query string yielded 3619 documents. From those, only
articles (2050/3619, 56.64%) were included (Table 1). A total
of 4 duplicate articles were removed by using Stata (version
17; StataCorp) for data cleaning. The papers analyzed were
restricted to those that (1) focused on intensive care medicine
and (2) involved AI technologies. Two coauthors (SZ and RT)
reviewed the titles of all studies as a pilot screening and removed
irrelevant articles. Papers from the preliminary searches were
categorized into include, exclude, or unsure. The abstracts and
keywords of papers marked as unsure were further screened by
3 authors (SZ, RT, and MZ) and discussed until a consensus
was reached in team meetings.

After screening the titles of all articles and abstracts, when
necessary, 848 articles were excluded either because they did
not focus on intensive care medicine or because they did not
involve AI technologies. Finally, 1198 papers were included in
the bibliometric analysis.

Table 1. The distribution of the bibliographic records by document type (N=3619).

Frequency, n (%)Type of document

2050 (56.64)Article

972 (26.85)Conference paper

241 (6.65)Review

126 (3.48)Editorial

66 (1.82)Note

59 (1.6)Conference review

57 (1.57)Letter

31 (0.85)Book chapter

9 (0.21)Short survey

4 (0.1)Data paper

4 (0.1)Erratum

Statistical Analysis

Overview
We used VOSviewer (version 1.6.18; Centre for Science and
Technology Studies, Leiden University), a software tool for
constructing and visualizing bibliometric maps, for bibliometric
network visualization. The citation, bibliographical, and author
keyword information of 1198 articles were exported to
VOSviewer. The countries, authors, institutions, or keywords
were included as objects of interest when creating maps using
VOSviewer. We computed the growth rate of publications,
research keywords, and publication patterns (countries,
institutions, and journals). Bibliometric analyses were performed
according to the instructions provided in the VOSviewer user
manual [9].

Publication Output and Growth of Research Interest
The publication years were sorted, and the number of
publications each year was counted using Stata 17.

The growth rate of publications over time was computed using
the following compound annual growth rate formula:

Growth rate = ([number of publications in the last year or
number of publications in the first year]1/(last year − first year)
− 1) × 100 [10-12].

Preferred Journals
We used the citation analysis function of VOSviewer and set
the unit of analysis as “sources.” Of the 443 sources (journals),
44 (9.9%) had >5 publications in total on AI in intensive care
medicine. Journals were sorted according to the number of
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publications. We listed the number of citations, an important
index of the degree of attention and influence of the published
papers [13,14]. CiteScore 2020 was obtained from the Scopus
Preview website [15].

Leading Countries, International Collaboration, and
Top Institutions
The citation trends of the top 10 most productive countries, top
15 most productive journals, and top 15 most productive
research institutions were analyzed. The frequency and
percentage of publications or citations in each country, journal,
and institution were computed. This information was provided
by Scopus and analyzed using the citation and coauthorship
functions in VOSviewer. In the coauthorship analysis, the
country-to-country link strength showed the number of
publications coauthored by 2 linked countries. We created a
thesaurus file to merge same institutions with different name
variants.

Google Mymaps [16] was used for world map drawing. Using
information from the International Monetary Fund’s World
Economic Outlook, the gross domestic product of the countries
was estimated to ascertain whether the economic power of the
countries had an impact on the productivity of publications [17].

Author Keywords
A total of 2267 keywords from 892 (74.5%) articles were
analyzed for author co-occurrence. Owing to the lack of author

keyword information, the remaining 306 (25.5%) articles were
excluded. A thesaurus file was created to merge synonymic
single words and congeneric phrases. For example, coronavirus,
coronavirus disease 2019, and sars-cov-2 were merged into 1
keyword and relabeled as covid-19. We identified
high-frequency keywords and classified them into 3 categories:
diseases, technology, and function.

Results

Publication Output and Growth of Research Interest
In all, 1198 research articles were published in 36 years
(1986-2022; Figure 2). The oldest publication dates to 1986
[18].

It is suggested that a strong interest in AI in intensive care
medicine started from 2018 when the annual growth rate
increased by 135.3%. Since then, there has been a steep increase
in annual publications, which has caused the cumulative number
of publications to increase rapidly. The growth rate was 3.93%
from 2011 to 2015 52.1% from 2016 to 2020, and the growth
rate doubled last year to 120.3%. The number of publications
increased steeply between 2018 and 2022, accounting for
72.53% (869/1198) of all the included papers.

Most articles (61.1%, 732/1198) were open-access articles that
could be accessed for free. An article is likely to receive more
citations if it is published in an open-access journal.

Figure 2. The annual and cumulative numbers of research articles on artificial intelligence in intensive care in Scopus from 1986 to 2022.

Preferred Journals
Our results revealed that the top 15 most productive journals
were owned by 9 different publishers (Table 2). The most
productive journal was Artificial Intelligence in Medicine with
42 articles, covering 3.5% of the total publications, followed
by Critical Care Medicine (40, 3.3%), PLoS ONE (35, 2.9%),
and Scientific Reports (33, 2.8%). Critical Care Medicine, a
Lippincott Williams and Wilkins journal, received the highest
number of citations—1166. One of their articles, “An

Interpretable Machine Learning Model for Accurate Prediction
of Sepsis in the ICU,” published in 2018, was the most cited
article, with 247 citations.

A total of 9 journals had a CiteScore of ≥5 according to the
CiteScore 2020 report. Critical Care Medicine (CiteScore 12.7)
and JMIR Medical Informatics (CiteScore 1.59) had the highest
and lowest CiteScores, respectively. Although ranked 7th with
26 articles in Scopus, the total number of citations and number
of citations per document of Frontiers in Medicine were
significantly lower than those of other journals.
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Table 2. The top 15 most productive journals on artificial intelligence in critical care research with their most cited article.

Publisher
Times
cited, nMost cited article

Citation
per docu-
ment

Ranking
based on
citation

CiteScore
2020

TCb,
n

TPa (N=1198),
n (%)

Elsevier84A Working System for the Automated
Control of Assisted Ventilation in
ICUs

23.402898342 (3.51)Artificial Intelli-
gence in Medicine

Lippincott
Williams and
Wilkins Ltd

249An Interpretable Machine Learning
Model for Accurate Prediction of
Sepsis in the ICU

29.15112.7116640 (3.34)Critical Care
Medicine

Public Library
of Science

48Machine Learning Models for Early
Sepsis Recognition in the Neonatal
Intensive Care Unit Using Readily
Available Electronic Health Record
Data

11.7775.341235 (2.92)PLoS ONE

Springer Na-
ture

56Prediction of Ventricular Tachycardia
One Hour Before Occurrence Using
Artificial Neural Networks

9.5587.131533 (2.75)Scientific Reports

Elsevier36An Empirical Evaluation of Deep
Learning for ICD-9 Code Assignment
Using MIMIC-III Clinical Notes

9.27117.724126 (2.17)Computer Methods
and Programs in
Biomedicine

BioMed Cen-
tral Ltd

96Development and Validation of a
Novel Molecular Biomarker Diagnos-
tic Test for the Early Detection of
Sepsis

18.08410.147026 (2.17)Critical Care

Frontiers Me-
dia SA

14A Machine Learning-Based Predic-
tion of Hospital Mortality in Patients
With Postoperative Sepsis

2.19154.15726 (2.17)Frontiers in
Medicine

Springer Na-
ture

33A Comparative Analysis of Multi-
Level Computer-Assisted Decision
Making Systems for Traumatic In-
juries

9.32123.923325 (2.09)BMC Medical Infor-
matics and Decision
Making

Elsevier116A Computational Approach to Early
Sepsis Detection

18.5667.346425 (2.09)Computers in Biolo-
gy and Medicine

Springer Na-
ture

72Using Physiological Models and De-
cision Theory for Selecting Appropri-
ate Ventilator Settings

12.00103.730025 (2.09)Journal of Clinical
Monitoring and
Computing

IEEE32Multi-Sensor Fusion Approach for
Cuff-Less Blood Pressure Measure-
ment

5.521310.211621 (1.75)IEEE Journal of
Biomedical and
Health Informatics

Elsevier61User-Centered Design Techniques for
a Computerised Antibiotic Decision
Support System in an Intensive Care
Unit

22.2957.146821 (1.75)International Jour-
nal of Medical Infor-
matics

JMIR Publica-
tions Inc

203Prediction of Sepsis in the Intensive
Care Unit With Minimal Electronic
Health Record Data: a Machine
Learning Approach

16.4292.931219 (1.59)JMIR Medical Infor-
matics

Academic
Press Inc

151Reducing False Alarm Rates for
Critical Arrhythmias Using the Arte-
rial Blood Pressure Waveform

27.4738.152219 (1.59)Journal of Biomedi-
cal Informatics

IEEE25Predicting Complications in Critical
Care Using Heterogeneous Clinical
Data

6.59144.811217 (1.42)IEEE Access

aTP: total publications.
bTC: total citations.
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Leading Countries, International Collaboration, and
Top Institutions
The top 15 most productive countries contributing to the growth
of AI in critical care research activities globally are listed in

Table 3 and Figure 3. The United States was the leading country
with 488 publications, accounting for 40.73% of all publications
(1198) worldwide. With one-third of the total publications in
the United States, China was the second most productive country
(173/1198, 14.44%).

Table 3. The distribution of the bibliographic records by top 10 (by quantity) countries.

GDPa rankCitation per docu-
ment

Rank based on ci-
tations

Citations
(N=18,876),n (%)

Output (N=1198), n
(%)

Rank based on
total output

Country

117.7818678 (46)488 (40.7)1United States

27.4831294 (6.9)173 (14.4)2China

623.8422765 (14.7)116 (9.7)3United Kingdom

414.085873 (4.6)62 (5.2)4Germany

812.336740 (3.9)60 (5)5Canada

96.6612386 (2)58 (4.8)6Italy

717.404905 (4.8)52 (4.3)7France

157.4713351 (1.9)47 (3.9)8Spain

129.6110442 (2.3)46 (3.8)9South Korea

1312.688520 (2.8)41 (3.4)10Australia

512.699495 (2.6)39 (3.3)11India

1913.697534 (2.8)39 (3.3)12Netherlands

219.1114319 (1.7)35 (2.9)13Taiwan

145.9015171 (0.9)29 (2.4)14Iran

2516.7911403 (2.1)24 (2)15Belgium

aGDP: gross domestic product.

Figure 3. World map of the top 15 most productive countries based on publications on artificial intelligence in intensive care units.

Figure 4 illustrates the distribution of the countries. This figure
demonstrates how countries are establishing research networks
and collaborating on the study of AI in intensive care. In
VOSviewer, a country’s proximity to another indicates how
strong their relatedness is. The stronger the link between 2
countries, the thicker the line. The results of coauthorship
showed that the United States was the most affiliated country,
being linked to 34 countries or territories with 247 times of

coauthorship. The list was followed by the United Kingdom
(28 links, 122 coauthorships), Italy (27 links, 93 coauthorships),
China (26 links, 94 coauthorships), and others.

We listed the 15 most productive institutions based on the
number of articles these institutions have published on AI in
intensive care medicine (Table 4). Of the 15 institutions, 13
were in the United States, which further suggested the dominant
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role of the country in this research field. Of the 15 universities
listed, 9 were in the top 100 best universities based on the World

University Rankings 2022 [19].

Figure 4. Bibliometric map created based on coauthorship analysis between countries with network visualization mode. The QR code can be used to
open this figure in VOSviewer.

Table 4. The top 15 most productive institutions based on the number of articles published on artificial intelligence in intensive care medicine.

University rankingCitation per documentCitations, nTPiaOrganizationRank

534.2541112Massachusetts Institute of Technology, Cambridge, United States1

247.007711University of Michigan, Ann arbor, United States2

—b66.225969Beth Israel Deaconess Medical Center, Boston, United States3

213.561229Harvard Medical School, Boston, United States4

—4.56419Mayo Clinic, Rochester, United States5

1316.251308University of Pennsylvania, Philadelphia, United States6

133.29237Johns Hopkins University, Baltimore, United States7

4549.573477Georgia Institute of Technology, Atlanta, United States8

—12.14857Icahn School of Medicine at Mount Sinai, New York, United States9

—95.716707University of California San Francisco, San Francisco, United States10

8254.003246Emory University School of Medicine, Atlanta, United States11

1619.171156Peking University, Beijing, China12

—23.171396University of Pittsburgh, Pittsburgh, United States13

—17.40875Kuopio University Hospital, Kuopio, Finland14

1027.801395University of Chicago, Chicago, United States15

aTPi: total publications of a given academic institution.
bNot available.
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Author Keywords
Among the 2267 author keywords recorded, 1785 (78.73%)
occurred only once, 230 (10.14%) occurred twice, and 252
(11.11%) occurred thrice. After relabeling synonymic words
and congeneric phrases using the thesaurus file, 102 (4.49%)
keywords met the threshold of a minimum of 5 occurrences for
mapping in VOSviewer (Figure 5 and Figure 6; Table 5).
Machine learning was the most frequently encountered keyword,

with 347 occurrences and 809 links to other keywords. In the
same cluster of machine learning, general terms included big
data (9 occurrences, 15 links), data science (6 occurrences, 13
links), prediction models (5 occurrences, 10 links), and
clustering (5 occurrences, 14 links). Machine learning
co-occurred with ICU-related professional keywords, including
critical care medicine, acute respiratory distress syndrome,
acute respiratory failure, endotracheal intubation, mechanical
ventilation, and personalized medicine.

Figure 5. Bibliometric map created based on author keywords co-occurrence with network visualization mode. The QR code can be used to open the
figure in VOSviewer. Colors show clustering. Keywords in the same cluster are of the same color. The circle size increases with the number of times
a keyword is used. ARDS: acute respiratory distress syndrome; ECG: electrocardiogram; EEG: electroencephalogram.

Figure 6. Bibliometric map created based on the co-occurrence of author keywords with overlay visualization mode. The color indicates the average
publication year of the documents in which a keyword occurs. ARDS: acute respiratory distress syndrome; ECG: electrocardiogram; EEG:
electroencephalogram.
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Table 5. The 30 most frequently used keywords in articles on artificial intelligence in intensive care.

Occurrences, nKeyword

347Machine learning

172Intensive care unit

124Artificial intelligence

102Critical care

97Predictive analytics

86Sepsis

85COVID-19

84Deep learning

67Intensive care medicine

60Decision support systems

50Neural networks

46Electronic health records

42Mortality

36Artificial neural networks

31Mechanical ventilation

29Predictive model

27Natural language processing

26Monitoring

25Acute kidney injury

21Prognosis

17Data mining

17Random forest

16Medical informatics

15Classification

14Diagnosis

14Risk factors

13Acute respiratory distress syndrome

13Cardiac arrest

13Deterioration

13Support vector machines

We categorized the keywords into 3 different categories based
on the diseases in ICU, ML technologies used, and the function
of ML in the research (Table 6). The top 5 diagnoses were
sepsis, COVID-19, acute kidney injury, ARDS, and cardiac
arrest. The top 5 AI technologies were ML, AI, deep learning,

decision support systems, and neural networks. The top 5
functions were prediction (of clinical deterioration or mortality),
mortality, monitoring, disease prognosis, and (disease
phenotype) classification.
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Table 6. Top author keywords in publications on artificial intelligence in critical care medicine.

Frequency, nCategory

Disease

86Sepsis

85COVID-19

25Acute kidney injury

13Acute respiratory distress syndrome

13Cardiac arrest

Technology

347Machine learning

124Artificial intelligence

84Deep learning

60Decision support systems

50Neural networks

Function

97Prediction

42Mortality

26Monitoring

21Prognosis

15Classification

Citation Analysis
The 30 most cited articles among the 1198 articles on AI in
intensive care medicine between 1986 and 2022 are presented
in Table 7. The total number of citations and average number
of citations per year are given. Of the 30 most cited articles, 10

(33%) were related to sepsis, one of the hottest topics in
intensive care, and 11 (37%) articles were related to the use of
AI technologies for the prediction of acute kidney injury, sepsis,
hypotension diagnosis, clinical outcomes (mortality, survival,
and ICU length of stay), and complications.
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Table 7. The 30 most cited articles on artificial intelligence in intensive care unit ranked in the descending order of the number of citations.

Rank by CPYCPYaCitations, nArticleRank

173290Matthieu Komorowski, Leo A. Celi et al “The Artificial Intelligence Clinician Learns Optimal Treatment
Strategies for Sepsis in Intensive Care” Nature Medicine (2018)

1

262249Shamim Nemati, Andre Holder et al “An Interpretable Machine Learning Model for Accurate Prediction
of Sepsis in the ICU” Critical Care Medicine,46,4 (2018)

2

353211Tom J. Pollard, Alistair E. W. Johnson et al “The eICU Collaborative Research Database, a Freely
Available Multi-Center Database for Critical Care Research” Scientific Data,5,1 (2018)

3

734203Thomas Desautels, Jacob Calvert et al “Prediction of Sepsis in the Intensive Care Unit With Minimal
Electronic Health Record Data: a Machine Learning Approach” JMIR Med Inform,4,3 (2016)

4

933164Brendon P. Scicluna, Lonneke A. van Vught et al “Classification of Patients With Sepsis According
to Blood Genomic Endotype: a Prospective Cohort Study” The Lancet Respiratory Medicine,5,10,
(2017)

5

1127162Alistair E. W. Johnson, Mohammad M. Ghassemi et al “Machine Learning and Decision Support in
Critical Care” Proceedings of the IEEE,104,2, (2016)

6

286160Richard Dybowski, Peter Weller et al “Prediction of Outcome in Critically Ill Patients Using Artificial
Neural Network Synthesised by Genetic Algorithm” Lancet,347,9009,4 (1996)

7

1523160Romain Pirracchio, Maya L. Petersen et al “Mortality Prediction in Intensive Care Units With the Super
ICU Learner Algorithm (SICULA): a Population-Based Study” The Lancet Respiratory Medicine,3,1
(2015)

8

2016156Q. Li, G. D. Clifford “Dynamic Time Warping and Machine Learning for Signal Quality Assessment
of Pulsatile Signals” Physiological Measurement,33,9 (2012a)

9

2311151Anton Aboukhalil, Larry Nielsen et al “Reducing False Alarm Rates for Critical Arrhythmias Using
the Arterial Blood Pressure Waveform” Journal of Biomedical Informatics,41,3,6 (2008)

10

537147Feras Hatib, Zhongping Jian et al “Machine-learning Algorithm to Predict Hypotension Based on High-
Fidelity Arterial Pressure Waveform Analysis” Anesthesiology,129,4, 10 (2018)

11

636144U. Rajendra Acharya, Hamido Fujita et al “Automated Identification of Shockable and Non-Shockable
Life-Threatening Ventricular Arrhythmias Using Convolutional Neural Network” Future Generation
Computer Systems,79,2 (2018)

12

834134Qingqing Mao, Melissa Jay et al “Multicentre Validation of a Sepsis Prediction Algorithm Using Only
Vital Sign Data in the Emergency Department, General Ward and ICU” BMJ Open,8,1 (2018)

13

1722132Zhengping Che, Sanjay Purushotham et al “Interpretable Deep Models for ICU Outcome Prediction”
AMIA. Annual Symposium Proceedings (2016)

14

2111126Abbas K. Abbas, Konrad Heimann et al “Neonatal NonContact Respiratory Monitoring Based on Real-
Time Infrared Thermography” BioMedical Engineering Online,10,1,10 (2011)

15

1819116Jacob S. Calvert, Daniel A. Price et al “A Computational Approach to Early Sepsis Detection“ Com-
puters in Biology and Medicine,74,7 (2016)

16

2410112Gilles Clermont, Derek C. Angus et al “Predicting Hospital Mortality for Patients in the Intensive Care
Unit: a Comparison of Artificial Neural Networks with Logistic Regression Models” Critical Care
Medicine,29,2 (2001)

17

1622112David W. Shimabukuro, Christopher W. Barton et al “Effect of a Machine Learning-Based Severe
Sepsis Prediction Algorithm on Patient Survival and Hospital Length of Stay: a Randomised Clinical
Trial” BMJ Open Respiratory Research,4,1,11 (2017)

18

437111Jan Claassen, Kevin Doyle et al “Detection of Brain Activation in Unresponsive Patients with Acute
Brain Injury” New England Journal of Medicine,380,26,6 (2019)

19

1226105Sanjay Purushotham, Chuizheng Meng et al “Benchmarking Deep Learning Models on Large Healthcare
Datasets” Journal of Biomedical Informatics,83,7 (2018)

20

1326105Jay L. Kovner. Kyle A. Carey et al “The Development of a Machine Learning Inpatient Acute Kidney
Injury Prediction Model” Critical Care Medicine,46,7 (2018)

21

1425101Alexander Meyer, Dina Zverinski et al “Machine Learning for Real-Time Prediction of Complications
in Critical Care: a Retrospective Study” The Lancet Respiratory Medicine,6,12 (2018)

22

30399Michel Dojat, Laurent Brochard et al “A Knowledge-Based System for Assisted Ventilation of Patients
in Intensive Care Units” International journal of clinical monitoring and computing 9,4 (1992)

23
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Rank by CPYCPYaCitations, nArticleRank

29496Nicos Maglaveras, Telemachos Stamkopoulos et al “An Adaptive Backpropagation Neural Network
for Real-Time Ischemia Episodes Detection: Development and Performance Analysis Using the European
ST-T Database” IEEE Transactions on Biomedical Engineering,45,7 (1998)

24

25996Allison Sutherland, Mervyn Thomas et al “Development and Validation of a Novel Molecular
Biomarker Diagnostic Test for the Early Detection of Sepsis” Critical Care,15,3,6 (2011)

25

191996Hye Jin Kam, Ha Young Kim “Learning Representations for the Early Detection of Sepsis With Deep
Neural Networks” Computers in Biology and Medicine,89,10 (2017)

26

103295Michelle M. Clark, Amber Hildreth et al “Diagnosis of Genetic Diseases in Seriously Ill Children by
Rapid Whole-Genome Sequencing and Automated Phenotyping and Interpretation” Science Transla-
tional Medicine,11,489,4 (2019)

27

221189Subramani Mani, Asli Ozdas et al “Medical Decision Support Using Machine Learning for Early De-
tection of Late-Onset Neonatal Sepsis” Journal of the American Medical Informatics Association,21,2,3
(2014)

28

27786K. Ashwin Kumar, Yashwardhan Singh et al “Hybrid Approach Using Case-Based Reasoning and
Rule-Based Reasoning for Domain Independent Clinical Decision Support in ICU” Expert Systems
with Applications,36,1 (2009)

29

26985Qiao Li, Gari D. Clifford “Signal Quality and Data Fusion For False Alarm Reduction in the Intensive
Care Unit” Journal of Electrocardiology,45,6,11 (2012b)

30

aCPY: citations per year.

Discussion

Our study used a bibliometric method to analyze AI in intensive
care medicine research by examining publication output, the
growth of research interest, preferred journals, leading countries,
international collaboration, top institutions, author keywords,
and citation analysis.

Publication Output and Growth of Research Interest
Since the oldest publication in 1986, publications on AI in
intensive care medicine had a slow growth for 30 years. The
turning point appeared in 2018 when there was a significant
growth in the interest in AI in intensive care medicine. This
lags 6 years behind the rapid growth in the interest in AI in
general medicine that started in 2012 [20]. This is likely owing
to concerns regarding the safety and accountability of the AI
model in critically ill patients. The AI technologies that emerged
from 2014 to 2018 such as autonomous robots, voice
recognition, neural networks, and ML provided
unprecedented opportunities to predict, diagnose, and manage
diseases. Large public critical care databases such as MIMIC
and eICU became readily available to researchers in 2016 and
2018 [5,21]. Advancements in AI technology and large
databases have contributed to the steep increase in annual
publications since 2018. Based on the publication trend, it is
anticipated that the annual publications will continue to increase.

Preferred Journals
Of the top 15 productive journals, 9 (60%) had a CiteScore of
≥5, which suggested that critical care medicine–related AI
research is favored by the top journals in critical care and
medical informatics. These include Critical Care Medicine,
Critical Care and IEEE Journal of Biomedical and Health
Informatics. Authors who want to publish critical care
medicine–related AI research could first consider the top
productive journals listed. CiteScore, an Elsevier-Scopus

alternative to the Clarivate Analytics Impact Factor, is a metric
for assessing journal impact based on citation data from the
Scopus database. However, CiteScore is not the only factor
considered when deciding which journal to publish in. Authors
should consider the ability of the journal to disseminate the
research work to the right audience and contribute to the
progression of the field [8].

Leading Countries, International Collaboration, and
Top Institutions
The fact that 9 of the top 15 productive institutions are among
the top 100 best universities demonstrated that AI in critical
care medicine has received attention at the top universities
worldwide. Authors could consider joint research with those
institutions or apply for their visiting scholar or educational
programs.

When the distribution of publications by countries was
examined, high-income countries were the leading force in
critical care medicine–related AI research. The top 10 most
productive countries are among the top 25 in terms of world
gross domestic product, which suggested that the economic
power of the countries affects the productivity of their
publications. This result is the same as that of the bibliometric
research on many other medical subjects [13,22,23]. About 60%
of the global publications were contributed by the United States,
China, and the United Kingdom, indicating that these 3 countries
contributed the most to AI in critical care research. These
countries also had the highest citations, although China had
relatively low citations per document compared with the United
States and the United Kingdom.

The number of citations was lower than that of other research
hot spots in critical care medicine [24]. This is likely because
of the limitations of AI-related studies in critical care, which
include low maturity of AI in real-world application [25] and
a lack of external validation process, prospective evaluation,
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and clear protocols to examine the reproducibility of AI
solutions [26].

Coauthorship analysis revealed that the United States, the United
Kingdom, Italy, and China were the most affiliated countries
with >90 coauthorships. The diversity of research partners, a
high proportion of foreign postgraduates or visiting scholars,
and adequate research funding were all factors that contributed
to improved international collaboration. To ensure the
sustainability of international collaboration, a flexible and stable
research policy is also crucial [8].

Author Keywords and Citation Analysis
According to the author keywords in the identified categories,
the top domains of disease covered in critical care
medicine–related AI research were sepsis, COVID-19, acute
kidney injury, ARDS, and cardiac arrest. These most prevalent
ICU conditions have become a popular target for AI algorithms.

The top functions of AI include the prediction of clinical
deterioration or disease evolution or mortality, monitoring,
disease prognosis, and disease phenotype or subtype
classification. The literature reported other important functions
such as disease identification and guiding decision-making
(reinforcement learning) [26]. The keywords of high occurrence
in the titles of the 30 most cited articles include sepsis,
prediction, early detection, and clinical decision support.
Keyword analysis showed that machine learning was frequently
related to respiratory diseases, especially COVID-19. The most
widely used AI technologies in critical care include ML, deep
learning, decision support systems, and neural networks.

Limitations
Our research provided a general review of the research trends
and hot spots in critical care medicine–related AI research,
highlighted the most productive countries and academic
institutions to facilitate potential collaboration, and provided
directions for future research. However, this bibliometric study
has several limitations.

First, even though we included the most widely used AI
technologies and made an effort to be specific about AI-related
terms in the search keywords (eg, neural network, machine
learning, deep learning, and natural language processing), they
were still quite general and did not include all AI technologies.
Because of restricting the search to only those keywords in the
title, abstract, and keywords, the search result may not have
covered all AI in critical care medicine–related studies available
on Scopus. Furthermore, because of missing author keyword
information, the co-occurrence analysis of author keywords
included only 74.4% (891) of the 1198 articles.

Second, our study used only the Scopus database, which is the
largest abstract and citation database that we think should be
sufficient for our analysis. Bibliometric analysis using multiple
data sources such as the Web of Sciences, PubMed, and Google
Scholar will be more comprehensive. For instance, Web of

Science has a feature called “hot paper” that is not available in
Scopus, which automatically displays the most popular articles
in the field [27]. The hot paper feature displays important papers
that were identified immediately after publication, as indicated
by a sharp rise in the number of citations [8].

Finally, we did not include papers published in the form of
conference papers, reviews, editorials, notes, letters, book
chapters, short surveys, or data papers owing to concerns about
the low clinical readiness of those publications. As a result, we
may have missed relevant studies published in forms other than
articles. Because AI technology is a cutting-edge and rapidly
evolving research area, papers published in conference
proceedings and letters may have reviewed the latest updates
in the field.

Future bibliometric analyses could use more specific AI
technology terms in the research keywords; use other databases
such as Web of Sciences, PubMed, and Google Scholar; and
include conference papers in the type of articles to explore more
potential papers.

Conclusions
Our study has provided an overview of the research trends of
AI in critical care medicine based on 1198 publications retrieved
from the Scopus database. Publication growth was rapid in the
last 5 years and is expected to further increase. We have
reviewed countries and academic institutions (eg, the United
States, China, and the United Kingdom) that have a substantial
number of publications and solid international collaborations.
This provides potential collaboration opportunities to other
countries, especially to low- and middle-income countries that
lack AI technologies but have an increasing demand for health
care resources.

We have discussed several conditions in critical care that are
currently actively explored using AI technology, such as sepsis,
COVID-19, acute kidney injury, ARDS, and cardiac arrest. AI
research hot spots in critically ill patients involve detecting
clinical deterioration, monitoring, predicting disease evolution,
mortality, disease prognosis, and classifying disease phenotypes
or subtypes. The most widely used AI technologies in critical
care research are ML, deep learning, decision support systems,
and neural networks. The 30 articles that received the most
citations between 1986 and 2022 have been listed in detail.

AI research on critical care is a rising hot spot in both critical
care and AI research, with potential applications being
demonstrated across various domains of critical care medicine.
However, the development and implementation of AI solutions
still face many challenges. AI research application in clinical
settings has been constrained by a lack of external validation
processes, prospective evaluation, and clear protocols to examine
the reproducibility of AI solutions. For AI-based clinical
research to be sufficiently convincing for routine critical care
practice, collaborative research efforts are needed to increase
the maturity and robustness of AI-driven models [26].
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Abstract

Background: Since the first COVID-19 vaccine appeared, there has been a growing tendency to automatically determine public
attitudes toward it. In particular, it was important to find the reasons for vaccine hesitancy, since it was directly correlated with
pandemic protraction. Natural language processing (NLP) and public health researchers have turned to social media (eg, Twitter,
Reddit, and Facebook) for user-created content from which they can gauge public opinion on vaccination. To automatically
process such content, they use a number of NLP techniques, most notably topic modeling. Topic modeling enables the automatic
uncovering and grouping of hidden topics in the text. When applied to content that expresses a negative sentiment toward
vaccination, it can give direct insight into the reasons for vaccine hesitancy.

Objective: This study applies NLP methods to classify vaccination-related tweets by sentiment polarity and uncover the reasons
for vaccine hesitancy among the negative tweets in the Serbian language.

Methods: To study the attitudes and beliefs behind vaccine hesitancy, we collected 2 batches of tweets that mention some
aspects of COVID-19 vaccination. The first batch of 8817 tweets was manually annotated as either relevant or irrelevant regarding
the COVID-19 vaccination sentiment, and then the relevant tweets were annotated as positive, negative, or neutral. We used the
annotated tweets to train a sequential bidirectional encoder representations from transformers (BERT)-based classifier for 2 tweet
classification tasks to augment this initial data set. The first classifier distinguished between relevant and irrelevant tweets. The
second classifier used the relevant tweets and classified them as negative, positive, or neutral. This sequential classifier was used
to annotate the second batch of tweets. The combined data sets resulted in 3286 tweets with a negative sentiment: 1770 (53.9%)
from the manually annotated data set and 1516 (46.1%) as a result of automatic classification. Topic modeling methods (latent
Dirichlet allocation [LDA] and nonnegative matrix factorization [NMF]) were applied using the 3286 preprocessed tweets to
detect the reasons for vaccine hesitancy.

Results: The relevance classifier achieved an F-score of 0.91 and 0.96 for relevant and irrelevant tweets, respectively. The
sentiment polarity classifier achieved an F-score of 0.87, 0.85, and 0.85 for negative, neutral, and positive sentiments, respectively.
By summarizing the topics obtained in both models, we extracted 5 main groups of reasons for vaccine hesitancy: concern over
vaccine side effects, concern over vaccine effectiveness, concern over insufficiently tested vaccines, mistrust of authorities, and
conspiracy theories.

Conclusions: This paper presents a combination of NLP methods applied to find the reasons for vaccine hesitancy in Serbia.
Given these reasons, it is now possible to better understand the concerns of people regarding the vaccination process.

(J Med Internet Res 2022;24(11):e42261)   doi:10.2196/42261
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topic modeling; sentiment analysis; LDA; NMF; BERT; vaccine hesitancy; COVID-19; Twitter; Serbian language processing;
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Introduction

Background
The COVID-19 pandemic has significantly disrupted the daily
lives of individuals and the way in which organizations operate
worldwide. One of the most effective strategies to tackle the
COVID-19 pandemic is to achieve collective immunity through
mass vaccination [1,2]. However, people have shown significant
resistance and hesitancy to the global immunization process
[3]. The World Health Organization (WHO) identified vaccine
hesitancy as 1 of the top 10 threats to global health care in 2019
[4]. Therefore, the study of the public attitude toward the
vaccination process is of utmost importance. In particular, it is
useful to identify the prevailing beliefs and attitudes that may
lead to a negative sentiment toward vaccination. According to
WHO, many events have the potential to erode confidence in
vaccines. Some of them are related to vaccine safety and adverse
events following immunization, but some are related to social
media stories or rumors [5], making it significant to analyze the
beliefs, attitudes, and fears reflected in the user-generated
content on social media.

This kind of research needs to be conducted regionally
worldwide since attitudes of people from different world regions
vary significantly [3,6]. This presents a fair challenge as
numerous languages of small populations worldwide, Serbian
being among them, lack electronic resources. Due to the rapid
advancement of artificial intelligence and machine natural
language processing (NLP), we believe it is now possible to
tackle this challenge, and thus demonstrate a possible solution
for the case of Serbian as an example. The main contribution
of our work is in the application of a combination of NLP
methods to a low-resourced language to discover hidden topics
related to vaccine hesitancy with minimum data annotation.

The research community predominantly used Twitter to collect
data on COVID-19 vaccination [7-22]. We also opted for this
social media since this is the platform where users produce large
amounts of data that can be used for analysis of perceptions and
narratives [23], collective experiences, behaviors, and attitudes
related to particular social events [24]. Additionally, Twitter
provides an application programming interface (API) that
enables easier extraction of data compared to other platforms
[25]. The use of this API allowed us to collect 14,452 tweets
related to vaccination in the Republic of Serbia. The collected
data span from January 2021, right after the first COVID-19
vaccines got released, to June 2022. The goal of our research
is to look for topics in the tweets that express negative attitudes
toward vaccination, which we believe would be most revealing
with regard to the reasons for vaccine hesitancy.

A part of the data set was manually annotated using 4 class
labels: irrelevant, positive, negative, and neutral. This data set
was used to train a sequential bidirectional encoder
representations from transformers (BERT)-based classifier,
which then served to automatically annotate the rest of the data.
After gathering the set of tweets with a relevant and clear
negative sentiment toward vaccination through both manual
and automatic annotation, we conducted topic analysis in order
to pinpoint the main reasons for vaccine hesitancy.

The aim of this study is to detect the main topics within tweets
in Serbian that express a negative sentiment regarding
COVID-19 vaccination under an assumption that these topics
point to the main reasons for vaccine hesitancy in Serbia. This
information can help local domain experts influence the public
in a more informed way with regard to vaccination. Knowing
why people, especially young people, are hesitant equips the
key decision makers with the right tools for planning
vaccination-oriented campaigns.

Related Work: Tweet Classification
The length and impact of the COVID-19 pandemic led to a
surge in user-generated pandemic-related content on Twitter.
The ability to automatically classify that content using machine
learning and deep learning methods became especially important
when information about COVID-19 vaccines started appearing.
Previous work on sentiment analysis and human papillomavirus
vaccination [26-28], and vaccination in general [11,12], served
as a base for research into automatic classification of the
sentiments of COVID-19–related tweets.

In recent years, there has been a significant shift in the design
of machine learning architecture for the purpose of short text
classification. With regard to public opinions about vaccination,
the most traditionally exploited idea is that of static text
embeddings combined with classical machine learning methods
[11,12]. Relatively recently, systems based on recurrent neural
networks (RNNs) started being used for such purposes [27,28].
A new family of methods based on attention neural networks
was introduced in 2017. Their self-attention mechanism
efficiently captures long-range dependencies through the
pretraining process by maximally using parallel computation
algorithms and hardware [29]. This gives this method a
significant advantage over its predecessors based on RNNs to
produce context and morphosyntactic aware embeddings.
Historically, the sequence-to-sequence transduction model was
the original model with the attention mechanism [29], but soon
after, the first encoder-only architecture capable of providing
only embeddings was published under the acronym BERT [30].

With the rise in computational power, many researchers were
able to apply BERT to COVID-19 and vaccination content in
English and test its results against older methods, such as
bidirectional long-short term memory, support vector machines,
and naïve Bayes. BERT-based architecture proved to be superior
both for binary sentiment, relevance, or misinformation
classification [9,13,19,28] and for tertiary stance or sentiment
classification [14,17,19], which prompted us to choose such
architecture for our research.

The pretraining strategy for BERT is usually defined as a
masked language modeling task, which resembles the
autoencoders, and a next sentence prediction task [30]. The
most recent proposal for a pretraining strategy is the Efficiently
Learning an Encoder that Classifies Token Replacements
Accurately (ELECTRA) approach, where the BERT model is
trained as a discriminator rather than a generator. This method
was used to train BERTić [31], the first BERT-based model for
South Slavic languages and the model we used to develop our
classifiers.
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BERTić has already been tested on tasks of short text
classification for Serbian. Batanović [32] compared the results
of BERT and BERTić to several linear classifiers on different
classification tasks for movie reviews and showed that BERTić
was the most optimal model for the tasks of binary and 4-class
polarity classification. Mochtak et al. [33] worked on the tasks
of ternary (negative-positive-neutral) and binary (negative and
other) classification of sentences from parliamentary
proceedings for Croatian, Serbian, and Bosnian. They tested
several models: fastText with pretrained CLARIN.SI word
embeddings, Cross Lingual Model – Roberta (XLM-Roberta),
cseBERT, and BERTić. The best results were obtained with
BERTić for all 3 languages. To the best of our knowledge, our
work is the first attempt to apply BERTić to the classification
of tweets in Serbian.

Related Work: Tweet Topic Modeling
Since the beginning of the COVID-19 pandemic, researchers
have attempted to use topic modeling to determine public
attitudes toward various aspects of the pandemic [7,10,34],
particularly vaccination [8,15,16,20-22,34-36]. Topic modeling
is a method that allows grouping of documents into a
predetermined number of topics. As a method that does not
require any supervision or prior data labeling, it is popular for
detecting hidden attitudes in a large variety of documents.
Historically devised for longer texts, topic modeling has been
confronted in recent years with the challenge of unveiling topics
in short, unstructured, and informal social media comments
[37]. Despite proposing methods to specifically tackle short text
[38,39], and aggregating shorter texts into pseudodocuments
before applying topic modeling [40-42], classical topic modeling
methods, such as latent Dirichlet allocation (LDA) [43] and
nonnegative matrix factorization (NMF) [44], remain the
preferred methods when tackling tweets and social media
comments in general.

LDA is a generative probabilistic model for collection of discrete
data and is therefore used for discovering latent semantic
structures from text corpora by capturing the pattern of
co-occurrence of words at the document level. It has been
especially widely used during the COVID-19 pandemic to
determine the most discussed topics [7,10], correlate the
vaccination stance and events in the media [8,17] or other
spatiotemporal factors [16,36] and determine vaccine hesitancy
topics [21,35], the general sentiment toward COVID-19 vaccines
[20], and its changes over time [15].

NMF is a nonprobabilistic method based on matrix
decomposition actively used for topic modeling [44,45]. It has
also been applied to the theme of COVID-19 to determine the
main pandemic health effects [34] and the public sentiment
toward vaccination [22]. Compared to LDA, which gives more
general descriptions of broader topics [46], the architecture of
NMF enables it to find more detailed, clear-cut, and coherent
topics [37,46,47]. Chen et al [18] even claim that NMF can
learn from data similarly to the way humans do, which makes
its results more easily interpretable than in the case of LDA.

Given that the 2 models approach the data and the topics
differently, we decided to use a combination of their results in
order to determine the final list of topics in our research.

Even though substantial work has been conducted on sentiment
analysis for Serbian [48-52], to the best of our knowledge, this
is the first attempt to apply topic modeling to Serbian.

Methods

Study Design
To study the attitudes and beliefs behind vaccine hesitancy, we
first collected 2 batches of tweets that mention some aspect of
COVID-19 vaccination. We manually annotated the first set of
tweets as either relevant or irrelevant with regard to the
COVID-19 vaccination sentiment and then annotated the
relevant ones as positive, negative, or neutral. In addition, we
manually searched for topics related to vaccine hesitancy in the
negative tweets.

To augment this initial data set, we used the annotated tweets
to train a sequential BERT-based classifier for 2 tweet
classification tasks. In the first task, the classifier distinguished
between relevant and irrelevant tweets. In the second task, the
classifier took the relevant tweets as input and classified them
as negative, positive, or neutral. We used this sequential
classifier to annotate the second batch of tweets. We then
combined the 2 data sets and applied 2 topic modeling methods
(LDA and NMF) to them in order to detect the reasons for
vaccine hesitancy.

This entire pipeline is presented in Figure 1. Each of the
individual steps is described in detail in the following
subsections.
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Figure 1. Tweet classification and topic modeling pipeline. API: application programming interface; BERT: bidirectional encoder representations from
transformers; LDA: latent Dirichlet allocation; NMF: nonnegative matrix factorization.

Data Collection and Annotation
We used the Twarc Python library [53] to extract the data in
Serbian (in Cyrillic and Latin scripts) from the Twitter streaming
API. The collection of tweets was divided into 2 phases,
resulting in 2 subsets of data.

The first data set consisted of 8817 tweets collected between
January 1 and November 23, 2021. Since the purpose of this
data set was to reflect the opinions and topics of the citizens of
Serbia, the query included the condition that the tweets either
contain the location of the Republic of Serbia or be written in
Serbian. We first tested the search using relevant hashtags
(#COVID-19, #vakcina, etc), which did not yield enough tweets,
because hashtags with Serbian words on this topic are not
frequently used. For that reason, we based our search on
keywords relevant to the topic of vaccination. The query
consisted of all the writing and morphological variations for
COVID-19 mutually connected with an OR operator (eg,
“COVID-19” OR “corona” OR “kovid”) and all the writing and
morphological variations for the words “vaccine” and
“vaccination,” including vaccine types (“vakcina” OR
“moderna” OR “fajzer”) in Latin and Cyrillic scripts. This
enabled a search of all the tweets that were related to both
COVID-19 and vaccines. Retweets were excluded from the
search.

This entire data set needed to be annotated in order to train the
classifiers. We compiled a detailed set of rules according to
which the annotators conducted the labeling. The labels for the
positive and negative sentiments were assigned to tweets with
the respective type of attitude toward vaccination. A neutral
sentiment was used for neutral attitudes about the topic but also
for tweets that did not convey an explicit attitude of the user
but contained some information about the topic. This included
facts about COVID-19 vaccination, available doses or
vaccination dates, objective questions about vaccination backed
by the user’s obvious intention to seek other people’s opinion

and information, jokes without attitude, and posting of neutral
media headlines without additional personal comments.
Furthermore, the annotators used a special class for irrelevant
tweets, such as those containing an unclear or vague attitude.
This class also included tweets that consisted of an external link
and some user comments related to the content of the link, which
was not sufficient to capture their attitude toward vaccination,
because the links were not the subject of this analysis. The
subjects of the annotation were text content and hashtags.

For the first 500 (5.7%) tweets, all the authors of this paper
conducted the labeling and amended the initial set of rules
through mutual discussion on the confused examples. The rest
of the data set was individually and separately annotated by 2
annotators using the defined guidelines. After the whole data
set was labeled, the Cohen κ score was 0.57 for all 4 classes,
0.67 for the 3 sentiment classes, and 0.73 for the positive and
negative classes. The main point of disagreement between the
annotators was in assigning the “neutral” versus the other 2
sentiment labels and the “irrelevant” versus the “relevant” label
(positive, negative, and neutral), which was resolved by an
author of this paper who was most involved in the COVID-19
vaccine discussion. The result was a data set of 5791 (65.7%)
relevant tweets (irrelevant tweets=3026, 34.3%), divided into
3 sentiment classes. The statistics of the first subset can be seen
in Table 1.

In addition to defining the sentiments of relevant tweets, the
annotators separately indicated the topics that were prevalent
in the negative tweets. The number of these topics was later
used to set the upper limit for testing the optimal number of
topics for the topic modeling methods.

The second subset of data was collected for the period from
November 23, 2021, to June 6, 2022. After the first phase of
tweet collection, we concluded that filtering the tweets by
specifying the location and the Serbian language severely limited
the number of tweets available for collection, so we decided to
take a different approach.
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Table 1. Vaccine hesitancy data set statistics for the relevant tweets in batch 1 (N=5791).

Tweets, n (%)Sentiment class

1770 (30.6)Negative

1965 (33.9)Positive

2056 (35.5)Neutral

Since the search condition regarding location can only be
satisfied if the user shares the location at the time the tweet is
published, which does not often seem to be the case for people
from Serbia, this operator significantly limits the collection of
tweets and excludes many potential results. Several problems
occur when using the language operator. When Serbian is
specified as the language, Cyrillic is the default script, so the
collection of tweets written in Latin is omitted, as noticed in
Ref. [49]. In fact, the Twitter API sorts out most of these tweets
as an undefined language. In addition, some of the tweets
collected in Cyrillic are in Northern Macedonian instead of
Serbian. Therefore, we decided to exclude these 2 operators this
time. As a result, our initial data set contained tweets in
languages close to Serbian (Russian, Czech, Northern
Macedonian, etc), which we filtered out using the language
recognition library for Python langID [54].

This clean data subset consisted of 5635 tweets in Serbian. As
this subset was meant to be used to test the performance of our
classification model, it was not labeled by human annotators.
The total number of tweets in both batches was 14,452.

Automatic Tweet Classification
Deciding which tweet contains a negative sentiment is not a
straightforward task. In our data set described in the previous
subsection, about two-thirds of the total number of gathered
tweets have an attitude toward vaccination, and only a subset
of these tweets has a negative sentiment. We assumed that our
data set was representative enough and therefore concluded that
any further pipeline must contain automatic filtration of tweets
into negative-sentiment tweets with sufficient relevancy in order
to be able to automatically detect a large number of negative
tweets for further analysis. With this in mind, we decided to
develop a deep learning classifier that could detect relevant
tweets with a sufficiently clear negative attitude toward the
vaccination process. To build both classifiers, we used BERTić,
a BERT-based model for South Slavic languages [31]. Instead
of pretraining BERT from scratch on a much larger corpus of
tweets [55], we used the annotated data to fine-tune and test
BERTić on a downstream task of short text classification.

The classifier consists of 2 sequential parts. The first part filters
tweets based on their relevance to the topic, and the second part
filters tweets based on their sentiment. The second classifier
takes as input the tweets that have passed the first filter for
relevancy. We considered unifying these 2 classifiers into a
single BERT architecture with an increased number of classes
but abandoned this idea due to prominent class imbalance. The
most interesting discussion arose for the boundary between
irrelevant tweets and neutral-sentiment tweets. This boundary
had to be introduced clearly through the annotation process. It
was intuitively clear that class separation efficiency between
the neutral class and the positive and negative classes would be

sharper if we forced training only on the tweets that indeed had
vaccines as the main topic but had no clear sentiment. This was
our main reasoning behind the serialization of the classifiers.

The minimum preprocessing steps that we took before the
training consisted of switching to the Latin script for all the
tweets (using the srtools Python library [56]); restoring the
diacritics (using the classla Python library [57]); removing the
mentions, links, emojis, and noninformative hashtags; and
transforming the remaining hashtags into words using regular
expressions. We trained our algorithm on only 1 iteration of the
annotation process because we also wanted to analyze possible
human annotation errors and the robustness of the algorithm to
the quality of annotation.

For the relevance classifier, the annotated data set was split into
training, validation, and test sets according to the 80%:10%:10%
ratio. The total number of examples in this data set was 8817.
The validation set was used to choose the most optimal network
solution among the maximum number of 6 training epochs.

For the sentiment polarity classifier, we developed a set of 5791
relevant tweets, which we split according to the 80%:10%:10%
training:validation:test ratio.

The number of epochs and batch size were chosen to be optimal
for a fixed validation set, which may result in a slight but
acceptable bias. This is justified by the recommended values
of these hyperparameters given in the original paper describing
the BERT model [30], namely 4 epochs and a training batch
size of 16 tweets.

Topic Modeling
To uncover the reasons for vaccine hesitancy, we used 2 topic
modeling methods on the data set of negative tweets: LDA and
NMF. We decided to use these 2 models to compare the topics
generated by completely different approaches.

For LDA, we used the implementation of Hoffman et al [58]
and an open source Gensim Python library [59]. For NMF, we
used the sklearn NMF decomposition the way it was
implemented by Cichocki and Phan [60].

Before applying the topic modeling methods, we needed to go
through several preprocessing steps to remove noise and reduce
the space for topic modeling. The preprocessing pipeline
consisted of switching from Cyrillic to Latin script; removal of
URLs, mentions, numbers, new lines, emojis, images, special
characters, etc; tokenization; lemmatization; and removal of
stop words. We converted the tweets to Latin script using the
srtools Python library, while tokenization and lemmatization
were conducted using the classla pipeline for nonstandard
Serbian. We removed the URLs, mentions, etc, using regular
expressions. We used the list of stop words described by
Marovac et al [61], which we extended with all the alternative
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names for COVID-19 and derivatives of the word “vaccine.”
These terms naturally appear in most tweets since we applied
them as our Twitter search keywords.

Building the Models
Both LDA and NMF require certain data set transformations.
The transformations required to create the LDA model first
include the creation of a vocabulary in the form of a list of
unique words represented as integers. The next step is the
pruning process: removing low- and high-frequency words. The
final step is creating a corpus of all tweets as bag-of-words
features. After these initial steps, we applied filters that excluded
all the words that appeared in less than 3 tweets and more than
85% of tweets and limited the dictionary to 1000 terms. We
chose to limit the dictionary since using more than 1000 terms
resulted in less coherent topics. Additionally, a large dictionary
allowed for less significant words to become more significant
inside topic keywords due to the inability to quantify the
importance of words.

For the NMF model, we used the term frequency–inverse
document frequency (TF-IDF) transformation of the normalized
text and applied the same filters as for LDA: we excluded words
that appeared in less than 3 tweets and more than 85% of tweets
and limited the dictionary to 1000 terms. We experimented with
using several different combinations of filters for both models,
which did not lead to significant changes in topics for the NMF
model, but it did in the case of LDA. In general, NMF showed
greater topic stability with the change in the dictionary size.

Each of the topic modeling methods requires a predefined
number of topics. We calculated that number by tuning the
model parameters and choosing the number of topics and
parameters that yielded the highest coherence score value (c_v).
The c_v score ranges from 0 to 1 and measures the
co-occurrence of words in a topic inside the corpus. We opted
for c_v as a metric since it increases monotonously with an
increase in the number of topics, unlike another customarily
used topic similarity metric, u_mass, which reaches the peak
for a smaller number of topics and then decreases with an
increase in the number of topics. When testing the models for
the number of topics, we set the parameter α to “auto,” which
made the model learn an asymmetric prior from the corpus.

In addition to c_v, we used another similarity metric, namely
the Jaccard similarity coefficient. The Jaccard similarity
coefficient ranges from 0 to 1 and measures the topic overlap.

The lower the Jaccard similarity coefficient and the higher the
c_v value, the more optimal the number of topics. Since c_v
increases with an increase in the number of topics, which was
not proven adequate for our data set, we applied the Jaccard
similarity coefficient to normalize the number of topics. We set
the limit for the optimal number of topics for both models to
15, as that was also the number of topics initially identified by
human annotators.

After applying both c_v and Jaccard similarity coefficient
metrics, the resulting optimal number of topics for LDA proved
to be 14 (see Figure 2).

To obtain cluster assignments, LDA uses 2 probability values:
P(word|topics) and P(topics|documents). In the Gensim model,
parameters α and β affect these 2 probabilities. The α parameter
is an a priori belief on document-topic distribution, while β is
an a priori belief on topic-word distribution. After determining
the optimal number of topics, we tuned these 2 parameters to
obtain the best distribution of keywords per topic (see Figure
3). We made the model for the first 5 best-ranking combinations
of α and β, and by manually comparing the topics, we chose
the second one as best, which was α=“asymmetric” and β=0.91.
A high value of β means that the topic can be assigned to more
words. This was justified, given the nature of the data set
focused on a narrow field where the same words often appear
in different contexts, which makes the topics more similar based
on the words they contain.

After applying c_v and Jaccard similarity coefficient metrics,
the resulting optimal number of topics for NMF proved to be
13 (see Figure 4).

For the NMF model, we used an input document-term matrix
normalized with TF-IDF. The matrices into which the starting
document-term matrix is decomposed are document-topic and
topic-term matrices. We obtained the starting values of these 2
matrices by using singular value decomposition initialization
presented in Belford et al [62], which is suitable for sparse data.
For the fast convergence rate, we used coordinate descent
solver-cd in sklearn. We tested the κ parameter, which
determines the model convergence speed, and concluded it did
not significantly affect coherence (see Figure 5). We chose a κ
learning rate of 0.1, limited the number of iterations to 500, and
set the random state to 42. We used the default value of 1e-4
for the tolerance of the stopping condition, and we did not use
regularization parameters.
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Figure 2. Optimal number of topics according to the coherence score value (c_v) and the Jaccard similarity coefficient for LDA. LDA: latent Dirichlet
allocation.

Figure 3. The c_v score for different values of α and β for 14 LDA topics. The “asymmetric” value is represented as 0 and the “symmetric” value as
1. LDA: latent Dirichlet allocation.
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Figure 4. Optimal number of topics according to c_v and the Jaccard similarity coefficient for NMF. NMF: nonnegative matrix factorization.

Figure 5. The c_v score and the Jaccard similarity coefficient for different learning rates (NMF). NMF: nonnegative matrix factorization.

Results

We grouped the individual results of automatic classification
and topic modeling into 2 separate subsections, automatic tweet
classifier and topic modeling.

Automatic Tweet Classifier
We designed a sequential tweet classifier consisting of 2
BERTić classifiers. The first classifier was binary, and it decided
whether a tweet was relevant for further analysis, while the
second classifier performed the task of ternary classification
and decided the type of sentiment associated with the tweet.
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Relevance Classifier
The relevance classifier detected whether a tweet was relevant
enough to be considered as an opinion about vaccines. Usually,
irrelevant tweets are strongly related to epidemics and politics
but without a clear attitude toward vaccination. We found that
the political attitudes of Twitter users often mask attitudes
toward vaccination. We decided to label extremely complex
examples with completely masked attitudes as irrelevant,
because it was obvious that users were frustrated by some other
issues rather than by vaccination itself.

The algorithm was tested on 10% of the total number of tweets,
which in this case was 882 tweets. The outright accuracy was

94.7%. The irrelevant class was imbalanced according to the
35%:65% ratio. However, after test set reannotation, many of
the tweets were labeled as relevant, which shifted this imbalance
below 30% for the irrelevant class; thus, we obtained lower F-
and recall scores for the irrelevant class, valued at 0.91 and 0.86,
respectively. The F-score for the relevant class was above 0.96.
All the scores can be seen in Table 2.

The biggest issue was to come to a conclusion about the exact
semantic boundary between the irrelevant tweets and the
relevant tweets with a neutral sentiment. A neutral sentiment
may also be understood as no sentiment, and thus irrelevant.

Table 2. Confusion matrix and F-scores for the relevance classifier.

Relevant (predicted)Irrelevant (predicted)Class

35225Irrelevant

61012Relevant

0.960.91F-score

Sentiment Polarity Classifier
The sentiment polarity classifier took as input only relevant
tweets and output their sentiment toward vaccination.

The accuracy of the model on the test set was about 85.7% (see
Table 3).

Most of the confused examples fell between the neutral and the
other 2 classes. Recall was the lowest for the positive class,
with a value of 0.82. By careful inspection, we found no
systematic error tendency for the algorithm or the annotators
to confuse the positive class. Thus, the lower recall for the
positive class is a consequence of a slightly imbalanced data
set against the number of positive examples, as can be seen
from Table 3.

Table 3. Confusion matrix and F-scores for the sentiment classifier.

Positive (predicted)Neutral (predicted)Negative (predicted)Class

617166Negative

1219718Neutral

1342010Positive

0.850.850.87F-score

Topic Modeling
We performed topic modeling using a total of 3286 preprocessed
tweets with a negative sentiment: 1770 (53.9%) tweets came
from the manually annotated data set, and another 1516 (46.1%)
tweets came as a result of automatic classification. We made
this data set available on our GitHub repository [63].

The average word count in the data set was 22, with an SD of
8 words. The word count distribution in negative tweets can be
seen in Figure 6. The distribution was slightly negatively
skewed, but overall, it was a normal distribution, with the 25th
percentile at 16 words and the 75th percentile at 28 words.

The text length distribution can be seen in Figure 7. It was also
negatively skewed but more significantly than the word count
distribution, with an average length of 152 characters and an
SD of 53 characters. The length of tweets was often connected
with the nature of the negative sentiment, which affected the
grouping of such tweets into a certain topic.

Figure 8 displays the 20 most frequent words in the preprocessed
data set. The top 20 words included the terms “virus,” “fraud,”
and “experiment,” proving that the most frequent words reflect
the nature of the data set consisting of tweets with a negative
sentiment regarding vaccination.
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Figure 6. Tweet word count distribution.

Figure 7. Tweet length distribution.

Figure 8. Frequency of top 20 words.
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Topic Analysis
The optimal number of topics that we obtained for LDA and
NMF was 14 and 13, respectively.

The direct output of both models were the most prominent
keywords for each of the topics. We defined the topic names
by first looking at the top 20 keywords per topic and then by
checking the name against the 30 most prominent tweets
assigned to that topic. The defined names and top 10 words per
topic for both models can be seen in the table in Multimedia
Appendix 1. To display the topics in the LDA method, we used
the Gensim method “show topics,” which returns an arbitrary
order of topics. For NMF, like in the case of LDA, there is no
natural ordering of topics. The topics are inferred from the
highest frequency of words per topic using the topic-word H
matrix, which can give us an idea of the content of the topic.

Since we were interested in the topics that are most discussed
in our data set, hoping that they would also point to the main
reasons for vaccination hesitancy, we ranked the obtained topics
by importance by extracting the number of tweets in which each
topic was dominant. This topic ranking is presented in Table 4,
along with the original topic number. We analyzed each of the
topics based on the ordering in this table.

Based on the number of tweets in Table 4, we can see that both
methods generate 1 dominant topic. In the case of LDA, 692
(21.1%) tweets belonged to topic 1, and in the case of NMF,
606 (18.4%) tweets belonged to topic 13.

The 2 main ideas that appear in the first few dominant topics
can be shortly summarized as concern over vaccine effectiveness
and side effects. These ideas are often brought together into
consideration. The dominant topic for the LDA method contains
these topics mixed. NMF succeeded in extracting a dominant
topic based on these 2 ideas, with an emphasis on the concern
over the vaccination of children. Even though the word “child”
appears among the LDA keywords, there were almost no tweets
regarding the vaccination of children in the first 30 most
important tweets for that topic. These 2 main ideas were later
identified by LDA as several separate topics (topics 3, 4, 10,
11, and 13).

The second-most dominant topic for both LDA (n=420, 12.8%)
and NMF (n=279, 8.5%) can be described as doubt about the
effectiveness of COVID-19 vaccines. There are several
subtopics with regard to vaccine effectiveness. NMF results
point out the concern about the effectiveness in the context of
new COVID-19 strains that appear rapidly due to the massive
scale of the outbreak of the pandemic. In topic 3, LDA struggled
with several subtopic mixtures. In the first subtopic, we can see
the belief that the vaccine is less effective than natural immunity,
while the second subtopic is more about side effects. Once again,
we notice the failure of LDA to separate these topics. NMF
extracted the topic of natural immunity as a separate topic (topic
8).

The third dominant topic for NMF is the negative sentiment
toward government politics related to pandemics. This is not
strictly an opinion or attitude toward vaccination, but it often

happens to seem so due to the attitudes of Twitter users about
government policies in general. As already mentioned in the
Relevance Classifier section, it was difficult to draw a strict
boundary between political opinions and vaccination itself.

Subtopics in this topic may include frustration over the freedom
of movement and choice regarding vaccination, the belief that
government institutions are not competent enough in the fight
against pandemics, and the belief that their decisions are
influenced by various global powers. The third dominant LDA
topic pointed out users’ frustration with the loss of freedom of
movement and freedom of vaccination choice but again got
mixed by the skepticism toward medical science, which formed
a separate topic found by NMF (topic 5). Therefore, the
fourth-most dominant topic found by NMF was skepticism
toward vaccine effectiveness connected to the skepticism toward
official scientific institutions and experts.

The next, fifth topic given by NMF is skepticism toward the
effectiveness of the vaccines in the context of natural immunity.
The thesis is that it is better to build immunity naturally than
through the vaccination process. This was covered as a subtopic
in the second dominant topic given by the LDA method.

The sixth and seventh topics given by the NMF method present
a concern that vaccines were fast to appear and therefore could
not have been sufficiently tested. This thesis appears in many
topics given by the LDA method but was most pronounced in
the topic 8.

The eighth dominant topic by NMF presents a pronounced fear
of vaccination side effects, including death. Specific side effects
are dominant in topic 10 found by LDA. Similarly, the next
topic given by the NMF method outlines concerns about so
many booster doses, which hints to users either that vaccines
are not effective enough or that such a high number of doses
may produce heavier side effects, which is the main concern in
topic 11 in LDA.

Here, we must outline that the LDA method isolated a topic
about the fear regarding messenger RNA (mRNA)–based
vaccines (topic 13). The fear is connected with their
effectiveness but mainly with the side effects, since in tweets,
mRNA vaccines are often connected to genetic treatments.
These types of vaccines are often connected with conspiracy
theories that some center of power has a genetic mutation agenda
for some kind of population control. This was a well-defined
topic in both models (LDA topic 12, NMF topic 7).

For the NMF method, 4 last topics exposed fears that the entire
pandemic and vaccination process are somehow conspired by
various centers of power and for various reasons. The tenth
topic postulates that COVID-19 exists only in the media, and
topics 11 and 12 postulate that vaccines are a fraud for various
different reasons (profit, population control, etc). These concerns
appear in topics 6, 9, and 14 in the LDA method.

In the end, NMF extracted a general topic that encompasses
frustration with key decision makers in the context of the
pandemic. It is a more general version of topics 2, 5, and 6 in
LDA.
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Table 4. LDAa and NMFb topics by number of tweets (N=3286).

NMFLDA

Tweets, n (%)Topic nameTopic
number

Tweets, n (%)Topic nameTopic
number

606 (18.4)Concern over vaccine side effects: negative
attitude toward vaccination of children and
anxiety about the effects on their health

13692 (21.1)General concern over vaccine effectiveness
and side effects

1

279 (8.5)Doubt about effectiveness, especially for new
strains

6420 (12.8)Doubt about effectiveness: natural immunity
is a better protection, and side effects over-
weigh benefits

3

272 (8.3)Linking vaccination with the negative attitude
toward the country politics

12329 (10.0)Mistrust of science and concern over violation
of freedom of choice and movement

2

271 (8.2)Mistrust of science and experts5314 (9.6)Vaccines are an experiment8

263 (8.0)Doubt about vaccine effectiveness: natural
immunity is better protection

8264 (8.0)Doubt about vaccine effectiveness: vaccines
are no protection, especially regarding new
strains

4

251 (7.6)Vaccine is an experiment and is insufficiently
tested

4238 (7.2)Conspiracy theory: COVID-19 is a fraud;
vaccines change the DNA

7

243 (7.4)Anxiety over short vaccine development time
and, consequently vaccine side effects

9235 (7.2)Vaccines and other measures are means of
spreading fear and a money-making scheme

6

230 (7.0)Pronounced fear of different vaccine side ef-
fects, primarily death

1166 (5.1)Conspiracy theory: vaccine as a means of
population reduction and control

12

218 (6.6)Doubt about vaccine effectiveness and anxiety
over side effects due to having to take boosters

10146 (4.4)Mistrust of the government and institutions5

209 (6.4)Conspiracy theory: COVID-19 does not exist,
and consequently, vaccines are a fraud

11119 (3.6)Fear of side effects: vaccines are insufficiently

tested, especially the mRNAc technology

13

199 (6.1)Conspiracy theory: vaccines are a fraud2100 (3.0)Conspiracy theory: Vaccines are a global fraud9

134 (4.1)Conspiracy theory: vaccine as a means of
population reduction and control

795 (2.9)Conspiracy theory: linking vaccines with world
powers and their agendas

14

111 (3.4)General frustration over vaccines, institutions,
and power players

391 (2.8)Fear of specific side effects10

N/AN/AN/Ad77 (2.3)Doubt about effectiveness: questioning the
need for boosters

11

aLDA: latent Dirichlet allocation.
bNMF: nonnegative matrix factorization.
cmRNA: messenger RNA.
dN/A: not applicable.

Discussion

Principal Findings
In this study, we demonstrated the application of several NLP
techniques used in combination to find hidden concerns
regarding COVID-19 vaccination to a data set of tweets in
Serbian. We used BERT-based classifiers to augment the
manually annotated data set and obtain the final data set of
tweets expressing a negative sentiment toward the COVID-19
vaccination process. We then performed topic modeling on this
subset using LDA and NMF and combined the topics obtained
by both methods to compile a list of 5 overarching reasons for
vaccine hesitancy in Serbia.

Automatic Tweet Classifier
In addition to being able to correctly classify tweets according
to their relevance and sentiment, we also wanted to analyze
human annotation errors. For both classifiers, we found that
there were cases where human annotators made errors, which
was to be expected, given the semantic complexity of the tweets.
However, the algorithms proved to be resilient to this syndrome
and statistically learned well from the majority of correctly
labeled examples. To confirm this conclusion, we carefully
revised annotations for the test set to the point where we could
claim that the test set was almost fully correctly annotated.
Nevertheless, we drew conclusions about the confused examples
from the original test set.

Upon closer inspection, it was confirmed that this type of
annotation task was difficult for people to perform and to decide
objectively and with utmost certainty which labels to assign.
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As mentioned earlier, the algorithm often outperformed its
supervisor by about 12%. This led to the conclusion that
annotation was an emotionally and mentally difficult process
in which the annotator made typical human mistakes. BERTić,
however, learned statistically from the majority of correctly
labeled examples. Nevertheless, there was overfitting present
in the fine-tuning process, indicated by extremely high training
accuracy. This indicates that more data would improve the
algorithm. The supervisor outperformed the algorithm in about
8% of the examples. These are the examples that usually contain
complex emotional content and figurative language. For many
of these examples, broader knowledge is required. Clearly mixed
cases accounted for 12%. These examples are mostly long tweets
with multiple contradictory statements. Any disagreement is
therefore justified. Further inclusion of intermediate values
would likely lead to improvement on this basis.

All this suggests that the algorithm would improve if we were
to apply some revised annotations through the so-called active
learning approach [64]. The already explained overfitting in
combination with the annotators’ mistakes may lead to a slight
bias and degradation of the overall performance of the classifier.
However, we expect this to produce a weak effect since most
examples are correctly labeled and the algorithm learns robustly
and statistically from most correctly labeled examples.

The most similar classifier in the literature for the English
language was reported by To et al [9]. Several classifiers were
analyzed and compared in this paper. The BERT-based model
was reported to have the highest performance. Our metrics
values are slightly lower. This is expected because our classifier
is more complex as it categorized tweets into several classes
according to relevancy and sentiment, whereas classifiers in
Ref. [9] are trained in a binary fashion, dividing tweets into
negative sentiments and others. Our approach may serve better
future work that may encompass the analysis of
positive-sentiment tweets.

Topic Modeling
Even though LDA is a generative model, in text mining it
introduces a way to attach topical content to text documents. It
views each document as a mixture of multiple distinct topics.
Our tweets do not fulfill this requirement as they are usually
short documents with 1 dominant topic. In addition, LDA suffers
from order effects, meaning that different topics can be
generated when the order of training data is shuffled. This error
can lead to misleading results: the words that define the topic
or the order of their importance can be different, which leads
to a difference in defining the topic name. As a consequence,
there is also a change in the distribution of topics in the
documents.

NMF is a linear-algebraic model that factors high-dimensional
vectors into a low-dimensional representation. Similar to
principal component analysis, NMF takes advantage of the fact
that the vectors are nonnegative. It works best with shorter texts,
such as tweets or titles, because it does not predefine a document
as a mixture of different topics but rather describes it through
latent features, which are further clustered.

Having these short descriptions of the used models in mind,
along with the analysis of the topics given in the previous
section, we can conclude that NMF gave us clearer and more
defined topics when looking at the output: keywords and most
prominent tweets per topic. However, the LDA-specific results
should not be omitted when considering the reasons for
vaccination hesitancy, especially since they highlight some
aspects that are not immediately seen in NMF topics. Therefore,
we compiled the following list of reasons the users of Twitter
in Serbia could be hesitant about COVID-19 vaccination by
summarizing the topics in both models in the order of their
importance:

• Concern over vaccine side effects: (1) general side effects,
(2) side effects for children, (3) side effects due to many
required doses

• Concern over vaccine effectiveness: (1) natural immunity
is better protection, (2) vaccines are not effective against
new COVID-19 strains, (3) vaccines are not effective since
so many doses are required

• Concern over insufficiently tested vaccines: (1) side effects
of such vaccines, (2) effectiveness of such vaccines, (3)
violation of freedom by imposing the use of such vaccines

• Mistrust of authorities: (1) medical experts and institutions,
(2) government and political decision makers

• Conspiracy theories: (1) vaccines are a money-making
scheme; (2) vaccines, especially mRNA vaccines, change
DNA; (3) COVID-19 does not exist; thus, vaccines are
unnecessary; (4) vaccines are a means of population
reduction and control; (5) vaccines are an instrument of
world powers and their agendas

Both Table 4 and the table in Multimedia Appendix 1 remain
insightful for anyone needing a more detailed overview of
people’s concerns regarding the vaccination process.

Conclusion
This paper presents a combination of NLP methods aimed at
studying the reasons for vaccine hesitancy in Serbia. It focuses
on information collected from Twitter and expressed by Twitter
users. We first gathered tweets with keywords regarding
COVID-19 vaccination. Some of the gathered tweets were used
to build a BERT-based classifier for automatic detection of
tweets with a relevant and negative opinion about the
immunization process. We then used this classifier to
automatically classify the second part of the tweets. The
technology we used to build this classifier, based on the
transformer encoder architecture BERTić, showed prominent
and high-quality results. The classifier we built can be used
effectively in future studies of public opinion and in particular
the immunization process as the world is still unsure about the
way pandemics will evolve. Our approach can be relatively
easily extended to other world languages.

The second part of the analysis consisted of applying topic
modeling methods, LDA and NMF, to negative-sentiment
tweets. We considered using the resulting BERTić architecture
to perform topic analysis. However, embeddings obtained in
such a way did not behave as expected during clustering. In
future work, we plan to consider the obtained sentiment
classifier for the task of topic modeling. Specifically, our plan
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is to use sentence-BERT [65] to obtain tweet embeddings and
further cluster them into topics. Given that such resources have
not yet been built for South Slavic languages, we opted for using
the combination of more traditional techniques for topic analysis.

We isolated and listed the dominant topics in the tweets with a
negative sentiment toward vaccination. The main result of this
paper is seen in well-researched reasons behind the negative

sentiments toward vaccination. Given these reasons, it is now
possible to better understand the concerns of people regarding
the vaccination process. This will allow the government and
medical and pharmaceutical institutions to develop or redefine
educational strategies that better address these issues. We hope
this can significantly increase the effectiveness of the fight
against the COVID-19 pandemic.
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Related Article:
 
Correction of: https://www.jmir.org/2022/11/e39571
 

(J Med Internet Res 2022;24(11):e44334)   doi:10.2196/44334

In “Understanding the Social Mechanism of Cancer
Misinformation Spread on YouTube and Lessons Learned:
Infodemiological Study” (J Med Internet Res
2022;24(11):e39571), the authors made the following changes.

1. The Acknowledgments section was inadvertently excluded
in the originally published article.

In the corrected version, the following statement has been added
under the new Acknowledgments section.

This study was supported by the National R&D
Program for Cancer Control through the National
Cancer Center (NCC) funded by the Ministry of
Health & Welfare, Republic of Korea (HA21C0048).

2. In the originally published article, Affiliations 7 and 8 were
incorrectly presented as two separate affiliations.

In the corrected version, Affiliation 7 is revised as follows to
present the original two affiliations:

Yonsei Cancer Center, Yonsei University Health
System, Seoul, Republic of Korea

The updated list of affiliations and its attribution to the authors
are as follows:

Ho Young Yoon1; Kyung Han You2; Jung Hye

Kwon3,4,5; Jung Sun Kim3; Sun Young Rha6,7; Yoon

Jung Chang8; Sang-Cheol Lee9

1Division of Communication and Media, Ewha
Womans University, Seoul, Republic of Korea
2Department of Media and Communication Studies,
Jeonbuk National University, Jeonju, Republic of
Korea
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3Division of Hemato-Oncology, Department of
Internal Medicine, Chungnam National University
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5Daejeon Regional Cancer Center, Daejeon, Republic
of Korea
6Division of Medical Oncology, Yonsei University
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The correction will appear in the online version of the paper on
the JMIR Publications website on November 25, 2022, together
with the publication of this correction notice. Because this was
made after submission to PubMed, PubMed Central, and other
full-text repositories, the corrected article has also been
resubmitted to those repositories.
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Correction of: https://www.jmir.org/2022/8/e36414/
 

(J Med Internet Res 2022;24(11):e43721)   doi:10.2196/43721

In “Digital Health Competencies Among Health Care
Professionals: Systematic Review” (J Med Internet Res
2022;24(8):e36414) the author of a study included in our review,
namely “Kocher, A, et al (2021). Patient and healthcare
professional eHealth literacy and needs for systemic sclerosis
support: a mixed methods study. RMD open, 7(3), e001783”
noted two errors:

1. In the “Main Characteristics of Studies Identified” sub-section
of “Results”, the maximum age of participants of studies
included was incorrectly reported:

The sample size was variable across the studies,
ranging from 36 [30] to 5209 participants [39] with
a variable age range from 20 [36] to 68 years [27].

Thus, the sentence has been updated as follows:

The sample size was variable across the studies,
ranging from 36 [30] to 5209 participants [39] with
a variable age mostly comprised between 30 [46] and
50 years [27].

2. In Table 1, under the column “Sample and profession; age”,
referring to the study of Kocher et al, 2021 [27], the age of
professionals was incorrectly reported:

47 professionals (registered nurses, physiotherapists,
rheumatologists, occupational therapists, advanced
practice nurses, general practitioners, psychologists,
social workers, health policy); median age 60 (IQR
50-68) years

Thus, the sentence has been updated as follows:

47 professionals (registered nurses, physiotherapists,
rheumatologists, occupational therapists, advanced
practice nurses, general practitioners, psychologists,
social workers, health policy); median age 41 (IQR
31-51) years

The correction will appear in the online version of the paper on
the JMIR Publications website on November 29, 2022, together
with the publication of this correction notice. Because this was
made after submission to PubMed, PubMed Central, and other
full-text repositories, the corrected article has also been
resubmitted to those repositories.
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Abstract

Background: Evidence from peer-reviewed literature is the cornerstone for designing responses to global threats such as
COVID-19. In massive and rapidly growing corpuses, such as COVID-19 publications, assimilating and synthesizing information
is challenging. Leveraging a robust computational pipeline that evaluates multiple aspects, such as network topological features,
communities, and their temporal trends, can make this process more efficient.

Objective: We aimed to show that new knowledge can be captured and tracked using the temporal change in the underlying
unsupervised word embeddings of the literature. Further imminent themes can be predicted using machine learning on the evolving
associations between words.

Methods: Frequently occurring medical entities were extracted from the abstracts of more than 150,000 COVID-19 articles
published on the World Health Organization database, collected on a monthly interval starting from February 2020. Word
embeddings trained on each month’s literature were used to construct networks of entities with cosine similarities as edge weights.
Topological features of the subsequent month’s network were forecasted based on prior patterns, and new links were predicted
using supervised machine learning. Community detection and alluvial diagrams were used to track biomedical themes that evolved
over the months.

Results: We found that thromboembolic complications were detected as an emerging theme as early as August 2020. A shift
toward the symptoms of long COVID complications was observed during March 2021, and neurological complications gained
significance in June 2021. A prospective validation of the link prediction models achieved an area under the receiver operating
characteristic curve of 0.87. Predictive modeling revealed predisposing conditions, symptoms, cross-infection, and neurological
complications as dominant research themes in COVID-19 publications based on the patterns observed in previous months.

Conclusions: Machine learning–based prediction of emerging links can contribute toward steering research by capturing themes
represented by groups of medical entities, based on patterns of semantic relationships over time.

(J Med Internet Res 2022;24(11):e34067)   doi:10.2196/34067

KEYWORDS

COVID-19; named entity recognition; unsupervised word embeddings; machine learning; natural language preprocessing
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Introduction

The COVID-19 pandemic is a global health threat and has
proven to be an enigma, with its diverse clinical presentation,
controversial evidence for treatment, fast-tracked vaccine
development, and unclear systemic implications. Most countries
have been affected by COVID-19, with around 187 million
confirmed cases over a short span and more than 4 million
deaths recorded until July 13, 2021 [1]. The literature around
COVID-19 is growing exponentially, with more than 150,000
COVID-19 articles vetted by the World Health Organization
(WHO) [2]. Understanding evolving themes in a context, such
as COVID-19, is essential as knowledge synthesis from
peer-reviewed literature becomes increasingly difficult for
researchers, clinicians, and policymakers alike. Methods, such
as topic modeling and sentiment analysis, have been previously
carried out comparing preprint with peer-reviewed literature
only over a short period. Ebadi et al [3] studied the temporal
patterns of sentiments and the similarity between publications
from different sources over time, using document embeddings.
High-level research topics like oncology, personal protective
equipment, analytics, rehabilitation panic, high-risk groups, and
genomics were uncovered using structural topic modeling.
Although such analyses reflect an abstract overview of the broad
areas of research, they do not capture the evolving context
between distinct domain-specific entities. The objective of our
study was to analyze and track word-level semantic similarity
among biomedical entities to uncover emerging themes.

Abstracts of articles hold a substantial amount of information
in the literature. Named entities within abstracts play a crucial
role in deducing valuable information from large amounts of
text and influencing literature trends [4]. Models pretrained on
biomedical, scientific, and clinical benchmark data sets have
been used to extract various clinical entities, such as diseases,
symptoms, chemicals, and adverse drug reactions, from
continuous text. The relative context of these entities changes
over time, leading to a shift in similarity with other words [5].
Unsupervised word embeddings have previously been used to
capture complex science concepts using the semantic
relationship signified by cosine similarity [6].

Predicting links between “medical terms” is of high significance
to understand the underlying themes within the literature and
the phenomenon. Link prediction is the task of predicting the
existence of links between 2 nodes in a complex network based

on a set of topological features. The problem of link prediction
in real-world temporal networks has been explored a lot in recent
years [7], primarily in online social media networks where nodes
are represented by users and edges are represented by the
relationship between them. Supervised learning methods based
on topological proximity measures have been vastly used to
capture the shifting of links across time within networks [8,9].
Our paper aims to fill these gaps through our proposed
framework, EvidenceFlow [10], an interactive web application
for tracking literature trends using alluvial diagrams, projection
of influential entities, and network analysis across different
months. We propose for the first time the use of diachronic
word embeddings, link prediction in dynamic networks of
entities, and machine learning to predict emerging theme
literature and make these publicly available as a web application.
This paper also studies the evolution of literature based on
changing cosine similarity between extracted entities in weighted
temporal networks and predicts future emerging trends using
link prediction.

We have primarily focused on the fast emerging COVID-19
literature to train and validate our architecture for this study.
We forecasted semantic and topological proximity features of
named entity pairs generated from their temporal trends in prior
months. Further, we used these forecasted features to predict
links between clinical entities extracted from textual data over
the forecasted time interval using machine learning algorithms.
Furthermore, these links were used to create a network weighted
by forecasted cosine similarity for detecting communities of
entities that tend to reflect on the themes of the articles published
in that month. To assess the efficacy of our predictive modeling,
we validated the proximity features of entity pairs forecasted
from autoregressive integrated moving average (ARIMA) using
mean squared error (MSE). We also evaluated the machine
learning algorithm’s performance for predicting the links over
a time span of 3 months.

The schematic representation of workflow has been
demonstrated (Figure 1). The interactive analysis and results of
emerging themes are available publicly on our web application
called EvidenceFlow. The details about its working can also be
found in Multimedia Appendix 1. This study proposes a
framework for capturing and tracking imminent themes formed
by medical entities in the temporal space based on networks
constructed using word embeddings trained upon the evolving
COVID-19 literature.
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Figure 1. Graphical representation of the proposed framework explaining the complete workflow. The pipeline takes abstracts as inputs from which
entities are extracted using named entity recognition. Embeddings are generated, which are used as features for longitudinal networks. These networks
are used for visualizing the trends using alluvial diagrams, link prediction, and predicting top k influential modules for theme prediction. ARIMA:
autoregressive integrated moving average.

Methods

Data Set and Text Preprocessing
The data set was created from abstracts of approximately
150,000 COVID-19 articles published in the publicly available
WHO Database [2] from February 2020 to June 2021 (Figure
2A). For every research article, the database contains the
corresponding title, authors, source of publication, journal,
database, language, type of publication, entry date, country, and

full-text URL. We queried the database on all full-text articles
in the English language, keeping the rest of the fields unfiltered.
The frequency of articles concerning specific categories and
keywords has been depicted in Multimedia Appendix 2.
Formatting of text and removal of white spaces, punctuations,
digits, and stop words were carried out on lower-case converted
text using the Natural Language Toolkit (NLTK) package [11].
We list all the software and packages used in further analysis
along with the corresponding versions and sources in
Multimedia Appendix 3.
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Figure 2. (A) Graph showing the number of articles occurring each month. The curve depicts that there has been a rampant increase in the number of
articles across each month since February 2020. (B) Latent space of word embeddings of diseases visualized around the keyword “post-covid syndrome,”
displaying 100 isolated points nearest to it. (C) Bar plot showing the frequency of the top diseases in the corpus of abstracts extracted using named
entity recognition (NER). (D) Bar plot showing the frequency of the top chemicals in the corpus of abstracts extracted using NER. HCQ:
hydroxychloroquine; IL: interleukin.

Named Entity Recognition
Named entity recognition (NER) was used to extract 2 types of
entities (diseases and chemicals) from the original abstracts of
vetted research articles using a model pretrained on the
BC5CDR corpus by SciSpacy, an open-source project for
biomedical natural language processing [12]. The model
identifies entities with an F1 score of 84.49% [13]. The words
extracted under the category of diseases also contained
symptoms, adverse effects, conditions, disorders, and
syndromes. All of these are collectively referred to as diseases
in the other sections. Entities were further used to create
networks to study the trends through alluvial diagrams and
predict links between nodes across past and upcoming months.

Unsupervised Word Embeddings
Word embeddings were trained upon the abstracts obtained
from the WHO database updated with new publications and
preprints as these become available every month. A
low-dimensional representation (d=100) for the words present
in the corpus of abstracts was learned using the Word2Vec
model with the skip-gram algorithm and a fixed window size

of 5, implemented in Gensim [14-16]. Cosine distance between
the word vectors of the extracted entities was calculated to
analyze the dis(similarity) between entity pairs. Visualization
of the word vectors was carried out using TensorFlow
Embedding Projector [17] to allow interactive exploration of
the relationships between diseases and chemicals. To create
each month’s network of entities, separate Word2Vec models
were trained to capture shifts in word similarities in the literature
published over time.

Longitudinal Entity Networks and Communities
High cosine similarity represents strong relationships between
words. We used diachronic word embeddings to capture the
evolving contextual similarities between various diseases and
studied the evolution over time. Weighted networks were
constructed using the similarity between word vectors of
extracted entities as edge weights. From each month’s corpus
of abstracts, top N (=100) most frequently occurring diseases
were extracted, and pairs having greater than the 90th percentile
of cosine similarity based on the corresponding month’s word
embeddings were used to create a union set of entities across
months, preserved as nodes in the temporal networks. Therefore,
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every month’s network had a fixed set of nodes with varying
links, labeled as 0 or 1 based on the threshold of cosine
similarity, and varying weights, calculated based on the evolving
semantic closeness. The mentioned threshold has been chosen
empirically based on experimentation; a high threshold has been
selected to depict contextual similarity between 2 words present
in the same latent space. For training and evaluation, a fixed
set of entity pairs was created from the diseases identified in
the abstracts of the papers published from February 2020 to
February 2021, using the mentioned procedure. For the
subsequent months, the word embedding models were trained
on the respective corpora of abstracts, and the links between
the fixed set of node pairs were assigned if they appeared in the
vocabulary and were weighted by the cosine similarity between
their word vectors. Community detection was performed over
the monthly networks using the Infomap algorithm [18].
Semantic change in the word embeddings led to the formation
of communities, which shifted as emerging themes over months.
The importance of each node (entities) was tracked using an
alluvial visualization based on PageRank values, which changed
across different months [19]. Detailed steps with parameters
are available in Multimedia Appendix 1.

Time Series Forecasting of Proximity Scores
In order to predict the existence of links between nodes in the
networks of subsequent months, we computed 5 neighborhood
proximity scores for the network of each month. Jaccard
similarity, common neighbors, preferential attachment [20],
and Adamic Adar similarity [21] were used as topology-based
features, and cosine similarity between the entities represented
by the nodes was used as a semantic feature. These proximity
scores based upon network topology were calculated using the
NetworkX package [22]. Adamic Adar similarity, common
neighbors, and preferential attachment values lie between 0.00
and ∞, while Jaccard similarity and cosine similarity values lie
between 0.00 and 1.00. To scale the values, we normalized the
former 3 scores in each network to bring them in the range of
0.00 to 1.00.

Every proximity score was modeled as a time series for each
node pair, and the value was predicted for the subsequent month
using the ARIMA model [23]. Stationarity of the time series
was assessed using the augmented Dickey-Fuller test. A
first-order autoregressive model (p=1, d=0, q=0) was used for
stationary series, and nonstationary time series were passed
through the random walk order of the model (p=0, d=1, q=0).
For validation, proximity scores for the network at timestamp
τ+1 were predicted based on their respective past values in the
networks till timestamp τ. The model’s performance was
assessed by comparing the predictions with the original
proximity scores in the τ+1 time using MSE. MSE is one of
the robust indicators to measure the closeness of forecast outputs
to actual values in the time-series setting. To assess its sensitivity
to outliers, we analyzed the distribution of errors (Multimedia
Appendix 4). It was seen that the median of errors was close to
zero, with minimal influence from outliers. Detailed steps with
parameters are available in Multimedia Appendix 1.

Link Prediction Between Entities
The proximity scores predicted using the ARIMA model were
further used to identify the occurrence of a link between entities
in network G  +1 based on the proximity scores and links in all
previous networks (G1, G2, G3, …, G  ), using supervised
machine learning. We experimented with the proposed link
prediction approach using logistic regression [24], random forest
[25], support vector machine [26], AdaBoost [27], and XGBoost
[28]. For training the models, 4 proximity scores (Jaccard
coefficient, preferential attachment, Adamic Adar index, and
common neighbors) were used as features of node pairs at each
timestamp till   . For validation, the forecasted proximity scores
of the network at timestamp   +1 were used to predict links
between nodes. Due to the high imbalance between the labels,
the area under the receiver operating characteristic curve
(AUROC) was evaluated to select the optimal threshold for
binary classification. While training, validating, and testing the
model, we did not use cosine similarity as a feature as it was
the identifier variable for the link. Validation of the model was
performed on the predicted proximity scores of April 2021 to
June 2021. For logistic regression, evaluation of the key
assumptions was done using the variance inflation factor for
measuring the degree of multicollinearity, the Cook distance
for detecting the presence of strongly influential outliers, and
the scatter plot of log-odds for checking the linearity of
independent variables. These tests were not satisfied for the
data of most months; hence, logistic regression was not our
preferred model, and we did not consider it further in the results.
The Welch t test was performed for comparing the performance
of the machine learning models, followed by Bonferroni
correction [29]. The full details of the algorithm and features
are available in Multimedia Appendix 1. We list the parameters
set for all the models in Multimedia Appendix 5.

Community Detection on Predicted Networks
The links between node pairs predicted by the best performing
model were used to create networks weighted by cosine
similarity scores predicted by the ARIMA model. The Infomap
algorithm was applied on the predicted and original test network
to cluster the nodes into 10 modules. The modules were
compared using intersection over union (IOU) with the
following formula:

where A represents a set of nodes in the predicted ith module,
i   {1, 2, …, 10}, and B represents a set of nodes in the original
jth module, j   {1, 2, …, 10}.

Results

Overall, 46,885 distinct diseases and 53,375 unique chemicals
were identified. The top entities are shown in Figure 2C and
2D. Anxiety, depression, and hypertension were found to be
present in the top 20 most discussed medical conditions in the
research articles. Oxygen and hydroxychloroquine were
followed by nucleic acid and angiotensin, a peptide hormone
that causes vasoconstriction, among the most discussed
chemicals. The latent space of word embeddings around the
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keyword “post-covid syndrome” visualized using a t-distributed
stochastic neighbor embedding plot (Figure 2B) depicted
“chronic fatigue,” “debilitating,” “neurodegenerative disorders,”
and “vascular complications” among the closest medical entities
in terms of cosine distance. Similar visualization for the term
“mental disorders” can be found in Multimedia Appendix 6,
and the top 10 most similar entities with the selected keywords
“vaccine,” “comorbidity,” “adverse effects,” “social,” and
“psychological” can be found in Multimedia Appendix 7.

We conducted detailed inference of the alluvial diagram across
different months to graphically explore the temporal trends in
the literature based on dynamic and homogeneous networks of
prevalent medical entities and their associated cosine
similarities. Figure 3A represents the flow of themes found in
the literature published in 2020. For March 2020, the dominant
themes noted were chest pain, acute kidney injury, and
lymphocytopenia. While there were lesser traces of
“thromboembolic complications” in the literature of early
months, it emerged as the most significant theme in August
2020 (Figure 3A). Myocardial injury and cardiovascular diseases
surfaced as a crucial cluster of entities in December 2020.
Mental health factors, such as depression, loneliness, anxiety,
and burnout, gained significance in the literature of the last
quarter of 2020. Figure 3B presents the flow of themes found
in the literature published in 2021. While thromboembolism,
hypoxemia, and myocardial infarction remained major concerns
till January 2021, a significant transition toward long COVID
symptoms was found as a major theme in March 2021. In June
2021, central modules, including posteffects and neurological
complications, stroke, headache, and anosmia, were found to
gain importance, along with newer themes around
immunocompromised and chronic diseases.
Cross-infection–related entities gained focus due to the second
wave of COVID-19 cases in multiple countries around the
world. The importance of mental health effects transitioned
from lesser importance in the first quarter to more emerging
and prominent links in the second quarter as highlighted in the
alluvial diagram (Figure 3).

We further advanced the analysis of trends to predicting links
between entity pairs for the upcoming months. Our proposed
framework for temporal link prediction effectively forecasted
5 proximity scores, including semantic and topological
measures, between node pairs by modeling the time series using
the ARIMA model. The MSE in the prediction of each proximity
score for April 2021, May 2021, and June 2021 is shown in
Figure 4A (Multimedia Appendix 8). The associations between
diseases for the successive month were predicted as links, using
supervised learning based on dynamic networks belonging to
the previous months. Our results showed that among the 4
classifiers (Multimedia Appendix 9), the AdaBoost model with
50 estimators and a learning rate of 0.1 classified links with a
mean AUROC of 0.871 (all P<.001; statistically significant at
a Bonferroni-corrected significance level of .02) in the test data

of June 2021 (Figure 4B and 4C). Comparisons among other
classifiers are shown in Multimedia Appendix 10. The predicted
links weighted by forecasted cosine similarity showed a high
intersection with the original modules, hence validating the
proposed architecture. Multimedia Appendix 11 shows the
clusters detected in the original network versus the predicted
network. The ARIMA model was used for forecasting proximity
scores for subsequent months based on the trends in node pair
proximity measures retrieved from the prior months (February
2020 to June 2020). Our findings suggest that the themes of
predisposing conditions and risk factors, and studies on
cross-infection and neuropsychiatric manifestation will assume
a higher centrality in the upcoming quarter of 2021 (Multimedia
Appendix 12).

The intersection of nodes between the predicted and original
modules was analyzed to prospectively validate the effectiveness
of the proposed prediction framework. Table 1 depicts the top
nodes in the different modules along with their respective IOU
scores for January and June 2021. The collection of intersecting
nodes has been interpreted to represent broad themes. Organ
damage, like acute kidney injury and pulmonary embolism
associated with COVID-19, was the most central theme in the
literature from January 2021, followed by cardiovascular
diseases, respiratory infections, and psychological effects.
Interestingly, major themes in June 2021 shifted toward
conditions related to long COVID and neurological symptoms.
Headache, encephalitis, and confusion were predicted to be the
central nodes, and showed a high IOU score when compared
with the original network. The percentages of articles published
in June 2021 mentioning entities from each module for the
actual and predicted networks are presented in Multimedia
Appendix 13. A subset of nodes belonging to different modules
from both predicted and true networks has been presented in
Multimedia Appendix 11.

Analysis of networks constructed upon chemical entities
revealed the evolution of various drugs studied in the COVID-19
literature. During February 2020, the major module contained
entities such as paracetamol, tofacitinib, thalidomide, vitamins,
zinc, and other linked chemicals. Another relevant module
included central entities, such as doxycycline, ruxolitinib,
heparin, and ivermectin, which were discussed in the scientific
research on the treatment and prevention of COVID-19. In
contrast, our recently updated models showed the emergence
of evidence for various immunosuppressive drugs, such as
tacrolimus, and anti-inflammatory drugs, such as glucocorticoids
and colchicine, during November 2021 (Multimedia Appendix
14). These relatively less important entities in earlier months
started to become more prominent as the literature expanded.
Evidence around “statins” also gained centrality over recent
months. Our findings show that the proposed framework
captures the dynamic changes in the importance of entities based
on their evolving relationship with neighboring entities.
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Figure 3. (A) Alluvial diagram for tracking the trends in 2020, from the networks of March, August, and December. (B) Alluvial diagram for monitoring
the trends in 2021, from the networks of January, March, and June. The alluvial diagram eases tracing the temporal dynamics of the literature across
different time intervals.
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Figure 4. (A) Evaluation of the mean squared error (MSE) between the original and predicted proximity scores for the network of April 2021, May
2021, and June 2021. (B) Confusion matrix with normalized values of the results from the AdaBoost classifier across the months of April 2021, May
2021, and June 2021. AdaBoost has been the best performing model across all 3 months. (C) Results of link prediction between disease entities from
March 2021 to June 2021, with a margin of error for 95% CIs. The mean value of metrics has been recorded by testing the models on a resampled test
set. AUROC: area under the receiver operating characteristic curve; RF: random forest; SVM: support vector machine.
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Table 1. Clusters or modules of diseases from the predicted network of January 2021 and June 2021.

June 2021January 2021Module ID

IOUTop nodesIOUbTop nodesa

0.71Headache, lymphopenia, dyspnea, confusion, encephali-
tis, nausea

0.45Acute kidney injury, ARDSc, coagulopathy, myocardial
injury, pulmonary embolism

1

0.70Fibrosis, coagulopathy, thrombotic, hypoxia, inflamma-
tion, delirium

0.66Cardiovascular disease, diabetes mellitus, COPDd, hy-
pertension

2

0.64Comorbidity, asthma, COPD, hypertension, dementia,
diabetes

0.55Respiratory infection, MERSe, respiratory diseases3

0.81Traumatic, anxiety, depression, loneliness, burnout, in-
somnia

0.71Depression, insomnia, anxiety, loneliness4

0.33Immunocompromised, chronic diseases like tuberculosis0.43Myalgia, lymphopenia, headache, anosmia, dyspnea5

aA subset of top intersecting nodes in each cluster is mentioned, which collectively signify themes.
bThe given intersection over union (IOU) was computed between clusters of predicted and original networks of the respective months.
cARDS: acute respiratory distress syndrome.
dCOPD: chronic obstructive pulmonary disease.
eMERS: Middle East respiratory syndrome.

Discussion

Principal Findings
In this paper, we demonstrate a computational approach,
EvidenceFlow, in which a user interacts with the rapidly
expanding COVID-19 literature to derive and predict emerging
themes. The proposed framework tracks patterns of changing
semantic and topological proximity between entity pairs across
months. Further, it predicts links and network communities that
may emerge in future months. Hence, users can follow the
papers that contribute to emerging communities of themes, for
example, literature around thromboembolic complications
captured as early as August 2020 and mental health factors
during the end of 2020. Interacting with the clusters on the
interactive interface of the EvidenceFlow model revealed that
symptoms of long COVID, such as fatigue, headache, myalgia,
cough, and anosmia, were forming a central cluster during
March 2021. This early signal for accumulating evidence was
later validated in large prospective and retrospective cohorts of
COVID-19 patients [30-32]. Another way in which users can
interact with EvidenceFlow is to gain an understanding of the
evolution of themes going beyond current approaches such as
topic modeling and sentiment tracking [3]. An example is the
early finding of imminent themes around neurological
complications, such as confusion, psychiatric illness, and stroke,
and mental health factors, such as anxiety, depression,
posttraumatic stress disorder, burnout, and insomnia, in June
2021. Our violin plot analysis (Multimedia Appendix 4) showed
that despite the mean error being centered on zero, there were
some outlier node pairs whose predicted associations deviated
from the ground truth. The future scope of this work will involve
an analysis of such associations and insights gained by an
interactive analysis of such pairs on the EvidenceFlow
application.

Prediction of the themes represented by rising centrality of
entities can assist in the formation of promising research
hypotheses. The dynamics of the literature reveal the emergence

of central themes as a combination of pre-existing themes in
recent times [6]. For example, the alluvial diagram (Figure 3A)
demonstrated how entities from multiple modules in March
2020 merged into a major cluster of thromboembolic
complications. Similarly, the flow of importance of
psychological disorders over the months indicates their
contemporary relevance in the COVID-19 literature and their
links with other entities in the cluster. Our framework can
potentially help researchers in monitoring existing themes and
directing their studies based on trends and predictions.

We conducted an analysis on the trends of the PageRank
centrality of selected chemical and disease entities. Statins, a
class of lipid-lowering medications, were found to be gaining
centrality in late 2021 as compared to earlier values (Multimedia
Appendix 15). Numerous studies discussed statins for having
anti-inflammatory and immunomodulatory effects that may
reduce the severity of COVID-19 [33,34]. Glucocorticoids, a
class of steroid hormones that reduce inflammation and suppress
the immune system, also emerged as a rising entity (Multimedia
Appendix 15). Depression and other mental health disorders
started becoming a prominent topic of research during the
middle of 2020 and gained higher importance in subsequent
months (Multimedia Appendix 15). COVID-19 has also been
largely discussed in the context of a thromboembolism, and our
model captured its emerging evidence as a theme till late 2020.
However, the trends showed that its centrality in the literature
relatively decreased in 2021 (Multimedia Appendix 15).
Discovering such trends from a large corpus is indeed possible
using manual curation and analysis by experts. However, our
EvidenceFlow pipeline provides an efficient lens to discover,
track, and predict emerging trends. This framework will enable
faster synthesis of evidence, which then can be validated by
experts.

To explore the potential of unsupervised word embeddings and
changing cosine similarity among words, we analyzed the trends
of terms having maximum similarity with selected keywords.
For example, we analyzed the temporal shift in the context of
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“vaccine” over the months by finding the top 10 terms most
similar to vaccine in the latent space of word embeddings trained
on the abstracts from each month (Figure 5). From February to
August 2020, research on COVID-19 vaccines was underway,
and the studies revolved around “therapeutics,” “prophylactics,”
“drug repurposing,” and associations with the MMR
(measles-mumps-rubella) vaccine and BCG (Bacillus
Calmette–Guérin) vaccine. As the clinical trials of certain
vaccine candidates became prominent after August 2020, the
theme of vaccine hesitancy emerged in October 2020 and gained
higher similarity in subsequent months. Additionally, as the

literature evolved in 2021, a wide range of COVID-19 vaccines,
such as BNT162b1, Pfizer-BioNTech, AstraZeneca, ChAdOx1,
mRNA-1273, and Moderna, were found to be majorly discussed
in the context of research on vaccines. Terms, such as
immunogenicity and efficacy, further suggested high association
with vaccine trials and rollouts. Recently updated models
showed the emergence of “booster” doses from August 2021
onwards. Such retrospective evaluation of the development of
evidence from the literature over time can assist the research
community in deriving detailed insights leveraging the
applications of word embeddings.

Figure 5. Temporal evolution of the context of the term “vaccine” across alternate months. The top 10 most similar words based on cosine similarity
using monthly Word2Vec embeddings are plotted. Origin and evolution of drug repurposing in the early months, hesitancy, and vaccine candidates in
the later months are highlighted.

Limitations
Our study has some limitations. First, although the WHO
database has been built using a detailed search strategy for
COVID-19 literature, it does not explicitly report the exact
purpose or accuracy of the search and decision process. The
documentation [35] mentions screening done by expert
reviewers and an attempt to remove duplicates, but further
details are lacking. For example, the process does not clarify if
redundancy across various publishers was taken care of. Further,
the frequent use of the “OR” combination of keywords may
have led to the inclusion of less relevant articles, while other
forms of literature, such as patent applications, which can add
value to the study, were not included in this database.
Nonetheless, we chose the WHO COVID-19 database as it
provides a large collection of articles that are updated regularly
from searches of multiple bibliographic databases [2]. This,
combined with curated expert-referred scientific articles, which
would not be readily accessible on a custom search, was useful
for building the EvidenceFlow pipeline. Future work with this
framework will include potential extension to databases curated
through both generic queries and expert vetting, thus facilitating
targeted evidence synthesis from a variety of databases.

Further, we are currently using abstracts of research articles to
extract named entities and may be missing on the details
contained in the full text of the articles while training word
embeddings. Therefore, future work may build upon the
framework to include the full text of articles wherever available.
The NER model used in our study has been reported to have
achieved an F1 score of 84.49% on a benchmark data set [13].
Despite the limitations of the F1 score, such as equal weightage
given to precision and recall [36,37], F1 remains one of the
most widely reported performance indicators. We chose this
metric in the absence of other metrics reported for this NER
model. For forecasting, we used a relatively basic model
(autoregressive approach), as our goal was to capture robust
patterns. However, further research is possible for the use of
more complex time-series approaches with higher-order
difference and lags. Moreover, as the number of timestamps
and data points increase, advanced architectures, such as
recurrent neural network and long short-term memory [38,39],
can be used for handling complex trends in the time series
efficiently. Further experiments with larger networks can reveal
themes that were not found with the top 100 entities.
Importantly, our model is supporting the early detection of
emerging trends, but it cannot capture themes on which no
evidence has been accumulated.
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Conclusion
Consortia across the globe were formed for the advancement
of research related to COVID-19. The global attention has led
to a widespread increase in the scientific literature to study and
prevent the disease from spreading, resulting in an understanding
of the disease from multiple perspectives. We introduced a
framework built upon COVID-19–specific literature vetted by
the WHO and deployed as a dashboard called EvidenceFlow
[10]. The dashboard allows the user to unravel the literature

with an interactive map of embeddings based on the
visualization provided by Tensorboard. It aims to track literature
trends using alluvial diagrams, multilevel community detection,
and projection of influential entities through network analysis
across different months. This study presented how machine
learning–based prediction of emerging links can contribute
toward analyzing research by capturing themes represented by
groups of medical entities, based on patterns of semantic
relationships over time.
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Abstract

Background: The first UK COVID-19 lockdown had a polarizing impact on drinking behavior and may have impacted
engagement with digital interventions to reduce alcohol consumption.

Objective: We examined the effect of lockdown on engagement, alcohol reduction, and the sociodemographic characteristics
of users of the popular and widely available alcohol reduction app Drink Less.

Methods: This was a natural experiment. The study period spanned 468 days between March 24, 2019, and July 3, 2020, with
the introduction of UK lockdown measures beginning on March 24, 2020. Users were 18 years or older, based in the United
Kingdom, and interested in drinking less. Interrupted time series analyses using generalized additive mixed models (GAMMs)
were conducted for each outcome variable (ie, sociodemographic characteristics, app downloads and engagement levels, alcohol
consumption, and extent of alcohol reduction) for existing (downloaded the app prelockdown) and new (downloaded the app
during the lockdown) users of the app.

Results: Among existing users of the Drink Less app, there were increases in the time spent on the app per day (B=0.01, P=.01),
mean units of alcohol recorded per day (B>0.00 P=.02), and mean heavy drinking (>6 units) days (B>0.00, P=.02) during the
lockdown. Previous declines in new app downloads plateaued during the lockdown (incidence rate ratio [IRR]=1.00, P=.18).
Among new app users, there was an increase in the proportion of female users (B>0.00, P=.04) and those at risk of alcohol
dependence (B>0.00, P=.01) and a decrease in the proportion of nonmanual workers (B>–0.00, P=.04). Among new app users,
there were step increases in the mean number of alcohol units per day (B=20.12, P=.03), heavy-drinking days (B=1.38, P=.01),
and the number of days the app was used (B=2.05, P=.02), alongside a step decrease in the percentage of available screens viewed
(B=–0.03, P=.04), indicating users were using less of the intervention components within the app.

Conclusions: Following the first UK lockdown, there was evidence of increases in engagement and alcohol consumption among
new and existing users of the Drink Less app.

(J Med Internet Res 2022;24(11):e42320)   doi:10.2196/42320

KEYWORDS

alcohol reduction; COVID-19; digital intervention; smartphone app; United Kingdom; alcohol; app; Drink Less; engagement;
users; lockdown; female
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Introduction

Alcohol consumption is a dose-dependent [1], leading risk factor
for preventable cases of cancer [2] and is linked with many
other chronic and acute conditions [3]. Restrictions introduced
as a result of the COVID-19 pandemic impacted drinking
behavior, with rises in increasing and higher-risk drinking
(defined by standard cut-offs of ≥8 on the full Alcohol Use
Disorders Identification Test [AUDIT]) [4-6] and heavy episodic
drinking [6] in the United Kingdom. Reducing alcohol-related
harms is a public health priority [7]. This study reports the
possible impact of COVID-19 restrictions on app engagement,
alcohol reduction, and the sociodemographic characteristics of
existing and new users of the moderately popular alcohol
reduction app Drink Less [8].

The first lockdown was introduced in the United Kingdom in
response to the COVID-19 pandemic, in March 2020. Following
initial government advice from March 16, 2020, to avoid group
gatherings and to work from home, where possible, the first
national lockdown was announced with behavioral restriction
measures coming into force in the United Kingdom from the
March 24, 2020, remaining in place until July 4, 2020 [9]. Two
subsequent national lockdowns and other social distancing
measures followed. During the lockdown, all nonessential stores
and licensed premises were closed, social gathering was
prohibited, and the opportunity to drink alcohol outside the
home was limited. Although pubs, clubs, and bars were closed,
people could still purchase alcohol for consumption at home
and domestic alcohol expenditure increased in the first lockdown
[10,11]. Evidence suggests that the first lockdown had a
polarizing impact on drinking patterns [6,12], with 26% of
drinkers drinking less and 26% drinking more [12] and people
replacing on-trade consumption with increases in own-home
drinking [13]. The prevalence of increasing and higher-risk
drinking increased significantly, with 1.8 times greater odds
during the lockdown relative to the prelockdown period [4].

In addition to leading to increased alcohol consumption among
some groups, the first lockdown also led to an increase in
self-reported alcohol reduction attempts by increasing and
higher-risk drinkers (28.5% during the lockdown vs 15.3%
prelockdown) [4]. Many nonemergency, in-person National
Health Service (NHS) facilities were temporarily closed during
the lockdown, which could have made it more difficult for those
motivated to cut down to access advice from health care
professionals or specialist support services. As the opportunity
to engage with physical health services was limited during the
lockdown, we might expect to see an increase in the use of
digital interventions during this period.

Digital interventions, such as websites and apps, are convenient
and low cost [14] and accessible to most people in the United
Kingdom [15]. Despite this, alcohol reduction apps are less
frequently used than more traditional support services, with
only around 4% of drinkers using one when attempting to cut
down between 2015 and 2018 [16]. The context in which a
digital intervention is used affects engagement [17], and it is
unclear how the lockdown affected engagement with alcohol
reduction apps. Being furloughed from work or having limited

socialization opportunities could have resulted in more new
users downloading apps or existing app users having a greater
opportunity to engage with them. This could be reflected in the
frequency, amount, and depth of use among existing users.
Alternatively, competing priorities, such as adjusting to working
from home, childcare, or other caring responsibilities, may have
negatively impacted the time spent using alcohol reduction apps.
Although many apps are available, few are informed by evidence
and theory [18,19]. Drink Less is a free app containing multiple
intervention components informed by behavior change theory
and evidence, including a drinking diary and goal setting, that
aims to support users in reducing their alcohol consumption
[20,21] and has over 70,000 unique users, with a 4.5 star rating
in the App Store [8]. The full process of developing and refining
Drink Less, along with the intervention content, is reported
elsewhere [20,22].

Understanding how the initial lockdown affected engagement
with digital alcohol interventions and subsequent alcohol
reduction could inform the targeting of public health messaging
and the provision of alcohol support in the future. It is also
important to consider the consistency of these effects across the
population. Drinkers who drink more heavily [23], are more
deprived [24,25], and are younger [26,27] are more likely to
experience alcohol-related harms and may also have been
differentially affected by the lockdown [28-30]. For example,
more deprived groups are more likely to have unstable incomes
and greater financial concerns and may have been isolated in
less comfortable, more crowded accommodation [31]. This
likely impacted the motivation, opportunity, and capability to
engage with digital interventions and reduce drinking. Before
the lockdown, users of Drink Less tended to be of higher
socioeconomic status (SES) and heavier drinkers [32]. As such,
it is important to consider the characteristics of those engaging
with digital interventions designed to support alcohol reduction
and whether this changed in the lockdown in order to monitor
the possibility of emerging or worsened inequalities.

The aims of this paper are threefold. First, to understand how
the use of Drink Less and drinking behavior may have changed
during the lockdown, we examined whether the lockdown
affected engagement and recorded drinking behavior among
existing Drink Less users (ie, those who downloaded the app
prelockdown). Second, we examined whether the lockdown led
to a change in new app downloads. Third, to understand how
the lockdown may have impacted the characteristics of users
downloading the Drink Less app, we analyzed whether the
sociodemographic characteristics of users, engagement with the
app, and drinking behaviors recorded in the app differed between
new users downloading the app prelockdown and during the
lockdown.

This study addresses the following 3 research questions (RQs):

RQ1: Was the first UK lockdown associated with an immediate
change in existing users of the Drink Less app in terms of:

• The depth of use (percent of available screens viewed)
• The amount of use (mean time spent on the app)
• The frequency of use (number of sessions)
• The number of alcohol units recorded each day
• The number of alcohol-free days recorded each day
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• The number of heavy-drinking days recorded each day

RQ2: Was the first UK lockdown associated with a change in
the number of new Drink Less downloads per day?

RQ3: Was the first UK lockdown associated with an immediate
change in new users of the Drink Less app in terms of:

• Sociodemographic and drinking characteristics at baseline
and in the 28 days following app download

• The depth of use (percentage of available screens viewed)
• The amount of use (mean time spent on the app)
• The frequency of use (number of sessions and number of

days used)
• The number of alcohol units recorded
• The number of alcohol-free days recorded
• The number of heavy-drinking days recorded

Methods

Design
This was a natural experiment without active recruitment.

Intervention and Study Period
For all RQs, the interruption was conceptualized as the
introduction of national lockdown measures in the United
Kingdom on March 24, 2020. Due to differences in the way
that the independent variables were operationalized (see the
Analysis section), the time periods for RQ1, RQ2, and RQ3a
differed from RQ3b-g. Specifically, for RQ1, each of the
outcome variables was aggregated at a daily level by the number
of active users in that week. For RQ2, the number of new
downloads each day was attributed to the day of download. For
RQ3a, baseline AUDIT scores and sociodemographic variables
were measured once and attributed to the day of download. As
such, data were collected for the 468 days between March 24,
2019, and July 3, 2020. This captured the period of time up until
pubs in England reopened on July 4, 2020, which could have
had a stepped effect on alcohol consumption. This period was
divided into pre- (March 24, 2019-March 23, 2020; 366 days)
and during-lockdown (March 24, 2020-July 3, 2020; 102 days)
segments. For RQ3b-g, the depth, amount, and frequency of
use, along with the number of alcohol units, alcohol-free days,
and heavy-drinking days, recorded were aggregated over the
28-day period following app download by the number of users
who downloaded the app on that day. Therefore, to limit
potential confounding after pubs reopened, only respondents
downloading the app a full 28 days prior to when pubs reopened
(up to June 6, 2020) were included. Therefore, the study period
for RQ3b-g was March 24, 2019-June 6, 2020 (441 days) and
was divided into pre- (March 24, 2019-March 23, 2020; 366
days) and during-lockdown (March 24, 2020-June 6, 2020; 75
days) segments.

Study Population
The sample was UK users who downloaded the Drink Less app
from Apple App Store, where it is freely available. To be eligible
for inclusion, users had to be aged 18 years or older, based in
the United Kingdom, interested in drinking less (specified when
downloading the app), and have agreed to the privacy policy
and terms and conditions within the app, as well as completing

the AUDIT. For RQ1, existing users were defined as all those
who downloaded the app between March 24, 2019, and the
March 23, 2020 (prelockdown). RQ1 focused on existing,
regular users, defined as use of the app at least once a week for
a minimum of 4 weeks. For RQ2 and RQ3a, new users were
defined as those who downloaded the app between March 24,
2020, and July 3, 2020, with no limits on regularity of use for
new or existing users. Finally, for RQ3b-g, new users were
defined as those who downloaded the app between March 24,
2020, and June 6, 2020, with no limits on regularity of use for
new or existing users.

Measures

Sociodemographic and Drinking Characteristics
Three sociodemographic characteristics were measured at
download. These were age (in years, continuous), sex
(percentage female), and employment type (percentage
nonmanual). The AUDIT was asked of all users providing both
an AUDIT score (continuous) and the percentage of increasing
and higher-risk drinkers (AUDIT score>=8).

Number of Downloads
The number of new app downloads each day was recorded.

Engagement Indicators
Three indicators of user engagement were derived from screen
view records for each user: (1) number of sessions (where a
new session is defined as a new screen view after 30 minutes
of inactivity), (2) time spent on the app in minutes, and (3)
percentage of available screens viewed. For RQ1, these
measures were aggregated at a daily level across active users
and attributed to the day of engagement. For RQ3b-g, each
measure was aggregated over the 28-day period following app
download for each user and was attributed to the date of
download. Due to the differences in aggregation, the number
of days used was also included as a measure of engagement for
RQ3.

Drinking Measures
In the app, users were prompted to fill in a daily drinking
calendar, where they either marked days as “alcohol free” or
entered any alcoholic drinks they drank that day. Three drinking
variables were calculated: (1) number of alcohol units (UK
unit=10 mL of ethanol) consumed (aggregated daily), (2)
number of alcohol-free days, and (3) number of heavy-drinking
days (defined as >6 alcohol units). As described before, these
measures were operationalized differently for RQ1 and RQ3.

Analysis
All analyses were conducted in R Studio. The engagement
measures were derived using Pandas, a Python framework,
within a Jupyter Notebook, an open source web application.

Models 1a-1f (for RQ1) examined whether the lockdown was
associated with the percentage of available screens viewed, the
mean time spent on the app, the number of sessions on the app,
the number of alcohol units, the number of alcohol-free days,
and the number of heavy-drinking days among existing, regular
users of the Drink Less app.
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Model 2 (for RQ2) examined whether the lockdown was
associated with a change in the number of new daily downloads
of the Drink Less app.

Models 3a-3e (for RQ3a) examined whether the lockdown was
associated with changes in age, the proportion of female users,
the proportion of nonmanual users, the proportion of users who
were at risk of alcohol dependence, and the AUDIT scores
among new downloaders of the Drink Less app.

Models 3f-3l (for RQ3b-g) examined whether there were
changes in the percentage of available screens viewed, the mean
time spent on the app, the number of sessions on the app, the
number of days the app was used, the number of units, the
number of alcohol-free days, and the number of heavy-drinking
days recorded among new users following the first UK
lockdown.

To estimate the associations between the lockdown and each
of the outcomes, we conducted separate interrupted time series
analyses using generalized additive mixed models (GAMMs).
Analyses were conducted at the daily aggregated level while
controlling for day of the week and month of the year.
Smoothing “splines” were fitted in order to account for seasonal
nonlinear variations in, for example, drinking behavior. To
account for differences in the trends prelockdown and during
the lockdown, the regression models included terms for the
baseline level for each outcome prelockdown, the trend in the
prelockdown period, the level change in the outcome
immediately after the lockdown, and the trend in the
during-lockdown period.

Plots of the autocorrelation functions (ACFs) and partial
autocorrelation functions (PACFs) were used to test for both
autoregressive (AR) and moving average (MA) autocorrelation
over time. The ACF plots were used to identify plausible values
for AR and MA terms for the baseline model. Models with
various plausible AR and MA terms were compared with our

baseline model using the Akaike information criterion (AIC),
where smaller values indicate a better model fit.

As little was known about how the trends in each of the outcome
variables during the lockdown, secondary analyses assessed
whether regression models with nonlinear trends (cubic and
quadratic) provided a better fit to the data. Best-fitting models
were selected with the AIC, and where appropriate, cubic and
quadratic models were reported.

All continuous variables were normally distributed, but a
negative binomial distribution was used for the number of new
downloads (RQ2), as the outcome variable was operationalized
as a discrete (rather than continuous) variable and overdispersion
was present. Data and details for each model (ie, AR and MA
terms, AICs) are available in the annotated R code and can be
accessed through GitHub [33].

Sensitivity Analyses
Preplanned sensitivity analyses (adjusting the date of the
interruption to that on which social distancing measures were
introduced, March 17, 2020, and controlling for potential
confounders) were not conducted due to the complexity of the
paper, the practical constraints associated with running
additional analyses, and the robust model selection approach
already taken.

Ethical Considerations
Ethical approval was obtained from University College
London’s Research Ethics Committee (CEHP/2016/556;
CEHP/2020/579), and participants provided online consent to
having their anonymous data used for scientific research
purposes.

Results

Descriptive Statistics
Table 1 reports descriptive statistics for the outcome variables
for each of the RQs.
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Table 1. Descriptive statistics for the aggregated outcome variables of interest, stratified by period (prelockdown vs during the lockdown).

During the lock-
down (102 days)

During the lock-

down (75 days)b
Prelockdown (366
days)

Entire period (468
days)

Entire period (441
days)

RQsa

RQ1, mean (SD)

4.16 (0.30)N/A4.80 (0.83)4.66 (0.80)N/AcMean percentage screens viewed

1.05 (0.25)N/A1.73 (0.73)1.58 (0.72)N/AMean time spent on app (minutes)

0.89 (0.06)N/A0.97 (0.11)0.95 (0.11)N/AMean number of logins

2.98 (1.36)N/A3.38 (1.55)3.29 (1.52)N/AMean alcohol units per day

0.18 (0.09)N/A0.21 (0.10)0.21 (0.10)N/AMean heavy-drinking days

0.42 (0.16)N/A0.48 (0.16)0.46 (0.16)N/AMean alcohol-free days

RQ2, median (IQR)d

7.5 (6.00)N/A18.00 (13.00)14.50 (13.00)N/ANumber of new downloads per day

RQ3a, mean (SD)

0.57 (0.21)N/A0.53 (0.15)0.54 (0.16)N/AGender (proportion female)

44.73 (5.34)N/A44.16 (3.64)44.28 (4.07)N/AAge (years)

0.69 (0.19)N/A0.71 (0.13)0.71 (0.15)N/AEmployment type (proportion nonman-
ual)

16.71 (3.40)N/A16.40 (2.06)16.47 (2.41)N/AAUDIT score

0.90 (0.11)N/A0.91 (0.08)0.91 (0.09)N/AAt risk of alcohol dependence (propor-
tion at risk)

RQ3b-e, mean (SD)

N/A17.05 (9.42)14.80 (5.80)N/A15.18 (6.60)Number of logins

N/A10.65 (4.97)9.46 (2.96)N/A9.66 (3.41)Number of days used

N/A0.31 (0.06)0.30 (0.04)N/A0.31 (0.04)Percentage screens viewed

N/A40.81 (27.51)38.73 (20.28)N/A39.08 (21.64)Time spent on app (minutes)

N/A80.15 (55.10)70.60 (31.51)N/A72.21 (36.65)Alcohol units

N/A4.90 (3.94)4.35 (1.63)N/A4.44 (2.19)Heavy-drinking days

N/A10.48 (5.93)10.74 (5.31)N/A10.70 (5.42)Alcohol-free days

aRQ: research question.
bShorter during-lockdown period as outcome variables 3b-e were aggregated over 28 days rather than at a monthly level.
cN/A: not applicable.
dMedian (IQR) presented here; a large variance could lead to a skewed mean.

Association of the First UK Lockdown With
Engagement With the Drink Less App Among Existing,
Regular Users (RQ1)
There was an overall decline in the mean time spent on the app,
the mean units recorded per day, and the mean heavy-drinking
days recorded during the study period, with no step changes
following the first COVID-19 lockdown. However, there was
a change in slope during the lockdown, with a significant
increase in the trajectory in the mean time spent on the app, the
mean units recorded per day, and the mean heavy-drinking days
recorded following the lockdown, though the magnitude of the
change in these daily trends appeared small (Table 2).

There was an overall decline in the mean percentage of screens
viewed and the mean number of sessions during the study
period, with no step change following the first COVID-19
lockdown in the United Kingdom. The declining trend plateaued
during the lockdown, with no significant trend in the mean
percentage of screens viewed or the mean number of sessions
(Table 2).

There was no significant trend in the mean alcohol-free days
over the study period and no step change or change in slope
following introduction of the first lockdown in the United
Kingdom (Table 2 and Figure 1).
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Table 2. Results of the best-fitting model for each outcome variable for RQ1a (N=468 days, range 9-598 users per day).

P valueB (95% CI)Outcome variables

Mean percentage screens viewedb, linear model

.01–0.0042 (–0.0074 to –0.0010)Trend

.950.0204 (–0.5541 to 0.5949)Level

.600.0038 (–0.0105 to 0.0181)Slope

Mean time spent on appa, linear model

.00–0.0061 (–0.0081 to –0.0041)Trend

.760.0604 (–0.3230 to 0.4438)Level

.010.0118 (0.0027-0.0209)Slope

Mean number of sessionsb, linear model

.00–0.0005 (–0.0007 to –0.0003)Trend

.56–0.0247 (–0.1083 to 0.0589)Level

.090.0012 (–0.0001 to 0.0025)Slope

Mean alcohol units per dayb, cubic model

.00–0.0049 (–0.0066 to –0.0032)Trend

.940.0351 (–0.9218 to 0.9920)Level

.45–0.0297 (–0.1065 to 0.0471)Slope

.070.0016 (–0.0001 to 0.0033)Slope2

.020.0000 (0.0000-0.0000)Slope3

Mean heavy-drinking daysb, cubic model

.00–0.0004 (–0.0005 to –0.0003)Trend

.730.0106 (–0.0498 to 0.0710)Level

.44–0.0019 (–0.0068 to 0.0030)Slope

.060.0001 (0.0000-0.0002)Slope2

.020.0000 (0.0000-0.0000)Slope3

Mean alcohol-free daysb, linear model

.10–0.0002 (–0.0004 to 0.0000)Trend

.70–0.0183 (–0.1101 to 0.0735)Level

.440.0005 (–0.0009 to 0.0019)Slope

aRQ: research question.
bAdjusted for month of the year (cubic spline), day of the week (cubic spline), and autocorrelation.
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Figure 1. Engagement indicators among existing, regular users of the Drink Less app over the study period (RQ1a-f). The red line indicates fitted
values, the gray area indicates the 95% CI, and the dashed blue line indicates the interruption (ie, the first national UK lockdown). RQ: research question.
Higher-resolution version of this figure is available in Multimedia Appendix 1.

Effect of the First UK Lockdown on the Number of
Drink Less Downloads er Day (RQ2)
There was an overall declining trend in the number of downloads
per day over the full study period, with no step change detected

following the first COVID-19 lockdown in the United Kingdom.
However, the declining trend plateaued during the lockdown,
with no significant trend in downloads per day (Table 3 and
Figure 2).

Table 3. Results of the best-fitting model for the number of downloads (N=468 days; range 0-288 downloads per day).

P valueIncidence rate ratio (95% CI)Number of downloadsa, cubic model

.000.9962 (0.9945-0.9979)Trend

.140.5365 (0.2332-1.2342)Level

.641.0161 (0.9495-1.0875)Slope

.451.0006 (0.9991-1.0021)Slope2

.181.0000 (1.0000-1.0000)Slope3

aAdjusted for month of the year (cubic spline), day of the week (cubic spline), and autocorrelation.
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Figure 2. Number of new Drink Less downloads per day over the study period (RQ2). The red line indicates fitted values, the gray area indicates the
95% CI, and the dashed blue line indicates the interruption. RQ: research question.

Effect of the First UK Lockdown on Sociodemographic
and Drinking Characteristics Among New Users of the
Drink Less App (RQ3a)
There was no significant overall trend detected in the proportion
of female users over the study period or the proportion of
nonmanual (vs manual) workers, with no step change following
the lockdown. However, there was a change in slope following
the introduction of the first UK lockdown to a significant upward
trajectory in the proportion of female users and a significant
negative trajectory in the proportion of nonmanual workers
(Table 4 and Figure 3).

There was no significant overall trend in the proportion of new
users who were at risk of alcohol dependence over the study
period. However, there was a step decrease during the lockdown,
followed by a change in slope to an upward trend, whereby the
proportion of new users who were at risk of alcohol dependence
increased after the first lockdown in the United Kingdom,
though the magnitude of this trend appeared small (Table 4).

We did not detect a significant trend over the study period or a
step change or change in slope following the introduction of
the first UK lockdown in age or AUDIT scores of new app users
(Table 4).
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Table 4. Results of the best-fitting model for each outcome variable for RQ3aa (N=440 days; range 1-245 users per day).

P valueB (95% CI)Outcome variables

Genderb,c, linear model

.10–0.0001 (–0.0003 to 0.0001)Trend

.790.0109 (–0.0692 to 0.0910)Level

.040.0013 (0.0001-0.0025)Slope

Ageb,c, linear model

.770.0006 (–0.0036 to 0.0048)Trend

.710.3648 (–1.5329 to 2.2625)Level

.920.0015 (–0.0272 to 0.0302)Slope

Employment typeb, linear model

.650.0000 (–0.0001 to 0.0001)Trend

.260.0367 (–0.0271 to 0.1005)Level

.04–0.0010 (–0.0020 to 0.0000)Slope

AUDITd scoreb, linear model

.090.0020 (–0.0003 to 0.0043)Trend

.46–0.3994 (–1.4571 to 0.6583)Level

.590.0044 (–0.0116 to 0.0204)Slope

At risk of alcohol dependenceb,c, quadratic model

.730.0000 (–0.0001 to 0.0001)Trend

.01–0.0596 (–0.1060 to –0.0132)Level

.0040.0028 (0.0009-0.0047)Slope

.010.0000 (0.0000-0.0000)Slope2

aRQ: research question.
bAdjusted for month of the year (cubic spline) and day of the week (cubic spline).
cAdjusted for autocorrelation.
dAUDIT: Alcohol Use Disorders Identification Test.
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Figure 3. Sociodemographic and drinking characteristics of new users of the Drink Less app over the study period (RQ3a). The red line indicates fitted
values, the gray area indicates the 95% CI, and the dashed blue line indicates interruption. AUDIT: Alcohol Use Disorders Identification Test; RQ:
research question. Higher-resolution version of this figure is available in Multimedia Appendix 1.

Effect of the First UK Lockdown on Engagement With
the Drink Less App Among New Users (RQ3b-g)
There was no significant trend in the number of days used by
new users across the study period and no change in slope.
However, there was a step increase in the number of days used
by new users immediately following the introduction of the first
UK lockdown (Table 5).

There was an overall upward trend in terms of the percentage
of available screens viewed across the study period by new
users. There was a step decrease immediately following the
introduction of the first UK lockdown, and the upward trend
stabilized, with no significant trend during the lockdown (Table
5 and Figure 4).

There were no significant trends across the whole study period
for mean alcohol units or heavy-drinking days reported by new
users. However, there was a step increase for both following
the introduction of the first UK lockdown but no significant
change in slope.

There was an overall upward trend in alcohol-free days reported
over the whole study period by new users, with no significant
step change. The upward trend stabilized, with no significant
trend during the lockdown.

There was no overall trend in the number of logins or time spent
on the app in minutes across the whole study period for new
users, with no significant step change and no significant change
in slope following the introduction of the first UK lockdown.
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Table 5. Results of the best-fitting model for each outcome variable for RQ3b-ga (N=440 days; range 1-245 users per day).

P valueB (95% CI)Outcome variables

Number of loginsb, linear model

0.05–0.0063 (–0.0126 to 0.0000)Trend

0.122.6500 (–0.6376 to 5.9376)Level

0.460.0262 (–0.0437 to 0.0961)Slope

Number of days usedb, linear model

0.19–0.0022 (–0.0055 to 0.0011)Trend

0.022.0484 (0.3449-3.7519)Level

0.59–0.0099 (–0.0461 to 0.0263)Slope

Percentage screens viewedb, linear model

0.000.0001 (0.0000-0.0002)Trend

0.04–0.0265 (–0.0511 to –0.0019)Level

0.870.0000 (–0.0005 to 0.0005)Slope

Time spent on app (minutes)b,c, linear model

0.09–0.0188 (–0.0408 to 0.0032)Trend

0.870.9802 (–10.4248 to 12.3852)Level

0.250.1412 (–0.1013 to 0.3837)Slope

Alcohol unitsb, linear model

0.08–0.0314 (–0.0668 to 0.0040)Trend

0.0320.1247 (1.7605-38.4889)Level

0.62–0.0975 (–0.4880 to 0.2930)Slope

Heavy-drinking daysb,c, linear model

0.06–0.0019 (–0.0039 to 0.0001)Trend

0.011.3845 (0.3318-2.4372)Level

0.36–0.0105 (–0.0329 to 0.0119)Slope

Alcohol-free daysb,c, linear model

0.0030.0083 (0.0028-0.0138)Trend

0.19–1.7637 (–4.3836 to 0.8562)Level

0.61–0.0144 (–0.0692 to 0.0404)Slope

aRQ: research question.
bAdjusted for month of the year (cubic spline) and day of the week (cubic spline).
cAdjusted for autocorrelation.
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Figure 4. Aggregated engagement indicators among new users of the Drink Less app over the study period (RQ3b-e). The red line indicates fitted
values, the gray area indicates the 95% CI, and the dashed blue line indicates the interruption. RQ: research question. Higher-resolution version of this
figure is available in Multimedia Appendix 1.

Discussion

Principal Findings
Following the first COVID-19 lockdown in the United Kingdom,
there was a significant increase in the time spent on the app and
in the mean alcohol units per day and the number of
heavy-drinking days recorded by existing, regular users of the
Drink Less app, although no change was detected in the
percentage of screens viewed, the number of sessions logged,
or in the number of alcohol-free days recorded. There was no
increase in downloads per day following the lockdown, although
the overall negative trend in new daily app downloads plateaued
following the introduction of the first UK lockdown. Among
the new users of Drink Less, there were increases in the
proportion of female users, manual workers, and those at risk
of alcohol dependence following the first UK lockdown. With
regard to changes in engagement indicators, there was a step
increase in the number of days the app was used but a step
decrease in the percentage of available screens viewed within
Drink Less, suggesting that users engaged with the app for a
longer period but with less of the available content. In terms of
drinking characteristics, new users reported step increases in
the mean number of alcohol units and heavy-drinking days
aggregated over 28 days after app download following the first
UK lockdown.

Strengths and Limitations
A strength of this study is that it was a natural experiment based
on longitudinal data exploring self-motivated engagement with
a freely available alcohol reduction app in the real world in a
large sample against the backdrop of a global pandemic.
However, there are also limitations associated with this
approach. The period here reflects the immediate effects of
COVID-19, which may not have been consistent over a longer
period. These findings were also isolated to the United Kingdom.
The app is reliant on self-reported alcohol consumption data.
It is possible that changes in drinking contexts during the
lockdowns could have affected the accuracy of self-report data.
People were likely to be drinking in smaller groups in private,
rather than public, settings, where they may have been more
willing or less likely to forget to log drinks. Conversely, logged
drinks during the lockdown might be more likely to be
underestimated as individuals pouring their own drinks at home
may be less likely to use standard measures than in on-trade
settings. Finally, although the GAMMs incorporated cyclic
cubic terms for day and month, additional seasonality terms
may have further improved the model fit. This should be
explored in future research involving app data. A recent study
showed that COVID-19 had different effects on health behaviors
in different countries, increases in alcohol consumption during
the early months of the pandemic were recorded in the United
Kingdom and Ireland, and decreases in consumption were
recorded among 20 other European countries within the same
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period [36]. As such, these findings are unlikely to be
generalizable to other countries. Furthermore, we were unable
to account for differences in living situations, such as whether
an individual was furloughed or a parent, which have both been
shown to be associated with changes in drinking in lockdown
[6].

Avenues for Future Research
This research focused on 1 digital intervention, and it would be
of interest to attempt to triangulate these findings across other
forms of digital support available in the United Kingdom and
internationally. This would aid in building a comprehensive
overview of the effect of the COVID-19 pandemic on the use
of digital alcohol reduction support and drinking patterns. The
longer-term impact of the ongoing pandemic on engagement
with digital interventions is also of interest. Furthermore,
although increased engagement is positive, it is also necessary
to examine the success of alcohol reduction attempts and
whether they can be better supported.

Implications for Policy and Practice
This study indicated increases in units of alcohol consumed and
heavy-drinking days among both existing and new users of the
Drink Less app following the first UK lockdown. This is in line
with other research outlining the polarizing impact of the first
UK lockdown on alcohol consumption [6,12], with increases
in consumption seen in increasing and higher-risk drinkers [4]
and increases in the frequency of heavy episodic drinking [6].
There was no change in alcohol-free days recorded, suggesting
increases in the amount consumed but not the frequency of
drinking. Alongside this, there was some indication of increased
engagement, with increases in the time spent on the app among
existing users and increases in the number of days used but
declines in the number of screens used among new users. This
supports research outlining increases in self-reported reduction
attempts by high-risk drinkers [4]. Increased engagement with
the Drink Less app could have been partly due to reductions in

the availability of health care services throughout the first
lockdown, though this is speculative.

There were also increases in the proportion of female users,
manual workers, and those at risk of alcohol dependence
following the first UK lockdown. Shifts in engagement with
the Drink Less app may be linked to more dramatic changes in
lifestyles throughout the lockdown. There is evidence that
women were disproportionately affected by additional caring
responsibilities during the lockdowns [34,35] and reported
greater reductions in well-being [29,37]. Those working in
manual professions may have been more likely to have been
furloughed than those working in office jobs who could work
remotely, which could have resulted in more time to engage
with the Drink Less app. Increases in engagement among those
at risk of alcohol dependence could be particularly promising
as heavier drinking is associated with increased risks of harm
[1]. Increases in the proportion of heavier drinkers during the
pandemic has persisted in the longer-term postlockdown in the
United Kingdom, resulting in significantly increased health and
economic burden in England [38,39]. As such, it is important
to capitalize on increased interest in alcohol reduction by
increasing funding and resources for alcohol support services.
Alcohol reduction campaigns specifically targeted at those who
have increased their consumption throughout the pandemic may
also be useful.

Conclusion
Following the first COVID-19 lockdown in the United Kingdom,
there is some evidence of increased engagement with the alcohol
reduction app Drink Less, the previously negative trend in new
downloads plateaued, and there was an increase in the time
spent on the app among regular, existing users and a step
increase in the number of days used among new users during
the first lockdown. However, there was also evidence of
increased alcohol consumption in the first lockdown, with
increases in units consumed and heavy-drinking days among
existing users and step increases in units consumed and
heavy-drinking days among new users.
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Abstract

Background: Dry January, a temporary alcohol abstinence campaign, encourages individuals to reflect on their relationship
with alcohol by temporarily abstaining from consumption during the month of January. Though Dry January has become a global
phenomenon, there has been limited investigation into Dry January participants’ experiences. One means through which to gain
insights into individuals’ Dry January-related experiences is by leveraging large-scale social media data (eg, Twitter chatter) to
explore and characterize public discourse concerning Dry January.

Objective: We sought to answer the following questions: (1) What themes are present within a corpus of tweets about Dry
January, and is there consistency in the language used to discuss Dry January across multiple years of tweets (2020-2022)? (2)
Do unique themes or patterns emerge in Dry January 2021 tweets after the onset of the COVID-19 pandemic? and (3) What is
the association with tweet composition (ie, sentiment and human-authored vs bot-authored) and engagement with Dry January
tweets?

Methods: We applied natural language processing techniques to a large sample of tweets (n=222,917) containing the term “dry
january” or “dryjanuary” posted from December 15 to February 15 across three separate years of participation (2020-2022). Term
frequency inverse document frequency, k-means clustering, and principal component analysis were used for data visualization
to identify the optimal number of clusters per year. Once data were visualized, we ran interpretation models to afford within-year
(or within-cluster) comparisons. Latent Dirichlet allocation topic modeling was used to examine content within each cluster per
given year. Valence Aware Dictionary and Sentiment Reasoner sentiment analysis was used to examine affect per cluster per
year. The Botometer automated account check was used to determine average bot score per cluster per year. Last, to assess user
engagement with Dry January content, we took the average number of likes and retweets per cluster and ran correlations with
other outcome variables of interest.

Results: We observed several similar topics per year (eg, Dry January resources, Dry January health benefits, updates related
to Dry January progress), suggesting relative consistency in Dry January content over time. Although there was overlap in themes
across multiple years of tweets, unique themes related to individuals’ experiences with alcohol during the midst of the COVID-19
global pandemic were detected in the corpus of tweets from 2021. Also, tweet composition was associated with engagement,
including number of likes, retweets, and quote-tweets per post. Bot-dominant clusters had fewer likes, retweets, or quote tweets
compared with human-authored clusters.

Conclusions: The findings underscore the utility for using large-scale social media, such as discussions on Twitter, to study
drinking reduction attempts and to monitor the ongoing dynamic needs of persons contemplating, preparing for, or actively
pursuing attempts to quit or cut down on their drinking.
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Introduction

Background
“Dry January”—a public health campaign aimed at encouraging
individuals to reflect on their relationship with alcohol by
temporarily abstaining from consumption during the month of
January—originated in the United Kingdom in 2013 [1,2]. Those
who register to participate in the month-long challenge via the
Alcohol Change UK website are provided added accountability
and support through access to interactive online resources (eg,
TryDry mobile application) and health communication
messaging highlighting the benefits of temporary alcohol
abstinence (eg, emails and social media messaging about
financial health, physical health, and mental health benefits)
[3]. Dry January is theorized to confer benefits to participants
via social contagion, which suggests widespread changes in
health beliefs and behaviors are more likely to occur when a
supportive community or subgroup of people endorse similar
motivations and goals [4-6].

Prior research evaluating the characteristics of Dry January
participants and the efficacy for the campaign in terms of
reducing alcohol consumption and enhancing quality of life
indicators has primarily focused on official Dry January
registrants (ie, those who reside in the United Kingdom and
officially registered for the challenge on the Alcohol Change
UK website) [7-9]. Most of these studies have demonstrated
that official participation in the temporary abstinence initiative
is associated with numerous short- and long-term benefits,
including reductions in alcohol consumption, increases in
alcohol-refusal skills, saving money, improved sleep, increased
energy, weight loss, and enhanced psychological well-being
[5,7-9]. However, Case et al [10] found that increased
participation in Dry January in England between 2015 and 2018
was not associated with population-level reductions in alcohol
consumption over the 4-year period.

One potential explanation for these mixed findings could be
that, although the number of officially registered Dry January
participants in the United Kingdom has risen from 4000 in 2013
to 130,000 in 2021 [1], this represents only a small minority of
the public who are informally participating in the temporary
alcohol abstinence initiative (an estimated 6.5 million Britons
reported planning to give up alcohol during the month of January
in 2021) [11]. Additionally, the reach of the Dry January
campaign has extended beyond the United Kingdom and has
become a global cultural phenomenon with millions of informal
participants worldwide [12]. For example, an estimated 15% to
19% of American adults reported going alcohol-free during
January 2022 [13,14]. This has coincided with increasing news
media attention [15,16], social media engagement, and Dry
January–related alcohol industry promotional efforts (eg,
marketing of nonalcoholic alternatives) [17]. For the millions
of individuals who unofficially participate in alcohol abstinence
during the month of January, there remains a paucity of

investigations and a need to better understand their experiences
in attempting to abstain from alcohol during the month of
January. One such means through which to gain insights into
individuals’ Dry January-related experiences is by leveraging
large-scale social media data (eg, Twitter chatter) to explore
and characterize public discourse concerning Dry January.

Infodemiology
Infodemiology (the epidemiology of online information, such
as using search result data or social media posts to inform public
health and policy) and infoveillance (longitudinal tracking of
online information for surveillance purposes) are emerging
fields [18-21]. The last decade has witnessed a proliferation in
Twitter and other social media platform usage, and many
individuals rely on these platforms for health information
[22-24]. Along these lines, infodemiology methods have been
used to systematically monitor public sentiment and characterize
communication concerning various health topics using publicly
available social media data, such as Twitter posts [21]. Though
not intended to replace, but rather complement, more traditional
methods, infodemiology offers several advantages, including
the ease and rapidity with which data can be collected, allowing
for the ability to detect changes in public attention and attitudes
in real time [18-20]. Previous studies leveraging Twitter as a
data source have provided insights into a variety of health topics,
including alcohol-related behaviors [25-28], tobacco use and
cessation [29-32], drug use [33,34], mental health [35,36],
vaccination [37,38], and the spread of health-related
misinformation [39]. Moreover, Twitter has been used as a
real-time surveillance tool to monitor reactions to public health
prevention campaigns [40] and public policy changes [41,42],
providing timely information to public health researchers,
practitioners, and policy makers.

Alcohol Use Infodemiology on Twitter
A growing number of studies have explored alcohol-related,
user-generated content posted on Twitter [25-28]. For instance,
Cavazos-Rehg et al [25] was among the first to characterize a
large sample of alcohol-related tweets, finding that the vast
majority of such tweets expressed positive sentiment toward
alcohol and frequently glamorized heavy drinking, while rarely
portraying any alcohol-related negative consequences. Other
studies have examined tweets concerning alcohol-related
blackouts [26,28,43]; increases in alcohol-related blackout
tweets in early 2020 were in line with population-level increases
in alcohol consumption observed during the COVID-19
pandemic [28]. Weitzman et al [44] compared state-level alcohol
use–related Twitter posts and Google Trends search data with
3 years of national epidemiological survey data, providing
support for using search activity and social media data to
complement epidemiological approaches to monitor alcohol
use and inform prevention efforts. However, there has been a
dearth of infodemiology studies focused on efforts to quit or
cut down on drinking, such as drinking reduction attempts
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associated with the Dry January temporary alcohol abstinence
campaign [8,9].

This Study
The purpose of this study was to identify and describe a corpus
of Dry January–related tweets authored by the public and social
bots across 3 years of participation (2020-2022) and to evaluate
whether there were changes in themes and sentiment from year
to year in response to the COVID-19 pandemic. We sought to
compare conversational themes over time to demonstrate the
potential use for social media platforms—such as Twitter—to
be used to study drinking reduction attempts and to monitor the
ongoing dynamic needs of persons actively involved in or
thinking about attempts to quit or cut down on drinking. To
achieve this objective, we applied natural language processing
(NLP) techniques to a large sample of Twitter data (n=222,917),
spanning 3 distinct years (2020-2022), to answer the following
research questions (RQs):

1. (RQ1) What themes are present within a corpus of tweets
about Dry January, and is there consistency in the language
used to discuss Dry January across multiple years of tweets
(2020-2022)?

2. (RQ2) Do unique themes or patterns emerge in Dry January
2021 tweets after the onset of the COVID-19 pandemic?

3. (RQ3) What is the association between tweet composition
(ie, sentiment and human-authored vs bot-authored) and
engagement with Dry January tweets?

Methods

Data Collection
Tweets associated with this study, including metadata (eg,
number of likes, retweets, replies) were extracted using the
Twitter application programming interface (API) v2 and Python
3.9. After obtaining approval for access to the Academic
Research product track of Twitter’s API v2, we identified and
extracted all tweets containing the term “dry january” or
“dryjanuary” posted from December 15 to February 15 across
3 separate years of participation (12/15/2019 to 02/15/2020,
12/15/2020 to 02/15/2021, and 12/15/2021 to 02/15/2022).
Capturing the 2 weeks prior to and after the month of January
allowed us to analyze conversations related to anticipation of
Dry January, as well as those reflecting on completed Dry
January attempts (whether successful or unsuccessful). We
excluded all retweets, defined as the same tweet appearing
multiple times in the corpus, and non-English tweets, defined
as any tweets not originally written in the English language.
Note, eliminating duplicate tweets and non-English tweets was
done to enhance the interpretability of the NLP analyses
undertaken herein [45]. Overall, 70,215 tweets were extracted
from 12/15/2019 to 2/15/2020, 86,378 tweets from 12/15/2020
to 2/15/2021, and 66,324 tweets from 12/15/2021 to 2/15/2022,
resulting in a final sample of 222,917 tweets. All tweets
collected for this study, inclusive of nonpersonally identifiable
metadata, were saved into a secure repository only accessible
by the research team, strictly conforming to standards for ethical
data use and online privacy.

Ethical Considerations
Research procedures were deemed exempt by the appropriate
institutional review board prior to data collection from Twitter.

Analyses
Our research questions were exploratory in nature. As such, we
strategically selected several classes of computational
informatics methods designed to extract overall themes in the
corpus and project relative similarity and dissimilarity across
themes. These methods can be classified into those used for
data visualization (term frequency inverse document frequency
[TF-IDF], k-means clustering, and principal component analysis
[PCA]) and for data interpretation (latent Dirichlet allocation
[LDA] topic models, Valence Aware Dictionary and Sentiment
Reasoner [VADER] sentiment analysis, and Botometer
automated account check).

Data Visualization (Research Questions 1 and 2)

Term Frequency Inverse Document Frequency

TF-IDF refers to an information retrieval technique used to
transform text data into numeric data [46,47]. Specifically, the
TF-IDF algorithm creates weights for each word in a corpus,
such that weights implicate (1) how important a word is in a
singular tweet relative to (2) the number of times the same word
was used in the entirety of the corpus. Weights per term can be
interpreted as greater values equating higher word importance
and lower values equating lower term importance. These weights
are then transposed into a sparse matrix for further analysis.

K-means Clustering

K-means clustering is an unsupervised machine learning tool
used to group text content into themes, or clusters. This analysis
relies on the sparse matrix created by the TF-IDF calculations
to categorize tweets into one of the k-clusters. The optimal
number of k clusters is identified by calculating the sums of
squared differences for a range of possible clusters (ie, 1 cluster
to 10 clusters). The sums of squared differences for a range of
k clusters are plotted along an elbow scree plot, where breaks
in a plotted line indicate a possible clusters solution. For more
information on k-means clustering, please see Na et al [48].

PCA

PCA, a commonly used analysis in exploratory factor analysis,
is a dimensionality technique used to reduce the complexity, or
components, of data while still maintaining the integrity of the
data [49,50]. For text mining analysis, all words assigned
weights by TF-IDF that have been assigned into one of the
k-clusters are reduced into simple X and Y coordinates. These
coordinates are transposed onto a vector map and color coded
along the predetermined optimal k-clusters. For this analysis,
we examined data shape, which simply refers to the way in
which data are presented on a vector map.

Data Interpretation (Research Questions 2 and 3)

LDA Topic Models

LDA refers to an unsupervised NLP method that uses
probabilistic inferencing to identify latent topics within a corpus
of similar content. LDA is widely acknowledged as the most
effective and precise topic modeling algorithm and has been
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widely applied for a variety of research areas and social issues
[51,52].

VADER

VADER is a rule-based sentiment analysis attuned to social
media vernacular [53,54]. VADER specifically examines the
polarity of words in each tweet by feeding text data through a
lexicon that is precoded with values for all positive and negative
words in the English language. VADER scores can range from
–.99 to .99. High values typically denote higher affect, or greater
positivity, and lower values typically denote lower affect, or
greater negativity.

Botometer

Botometer is a proprietary algorithm developed by the Indiana
University Network Science Institute [55]. Botometer is widely
used to determine if content in a tweet originates from an
account that is principally human-authored or principally
bot-authored. Users can leverage the Botometer API and search
for specific user IDs or usernames and immediately receive a
score from .01 to .99. Lower scores indicate that the account
likely belongs to a human; higher scores, typically above .70,
indicate that the account likely belongs to an automated bot.
Note that, due to limitations with the Botometer API, we were
only able to subsample 500 posts per cluster per year as a rough
approximation of bot activity. Our decision to use a general .70
cutoff as a delineator between likely bot and likely human
account is supported by Botometer validation literature and
other studies leveraging Botometer for bot detection and removal
[56,57].

Simple Inductive Coding and Validation (Research
Questions 1, 2, and 3)
Although NLP methods can analyze language data en masse, a
computer cannot ascribe meaning to themes derived from such
analyses nor detect certain facets of human speech such as
sarcasm [51]. As such, we invoked a simple inductive coding
procedure in which 3 authors affiliated with this study
independently reviewed approximately 50 posts per cluster per
year. Authors were asked to describe the cluster in 3 or 4 words,

and upon completion, the authors met to discuss overlap and
differences. Key questions asked of the authors were to
determine the overall content of each cluster, whether clusters
were serious or humorous (ie, sarcasm), and whether the cluster
seemed to promote a Dry January–related product. For humorous
or sarcastic posts, we specifically looked for indicators, such
as the presence of emojis, references to jokes, or exaggerated
claims styled for likes. In circumstances in which unanimous
consensus could not be reached, we repeated this process with
50 more randomly selected tweets until agreement was met.
This process is generally deemed sufficient when dealing with
mixed methods topic models on large-scale documents [58],
though more research on uniform mixed methods topic modeling
guidelines is needed.

Procedure
Our workflow is depicted in Figure 1. To prepare data for
analysis, we initiated a series of preprocessing steps, including
removing numbers, punctuation, and parts of speech that would
detract from the readability of our models, including articles,
prepositions, and contractions. Once all data were processed
and cleaned, we divided our grand corpus into yearly iterations
to afford content comparisons between years (RQ1). We ran a
TF-IDF across every year (ie, 2020, 2021, and 2022), then used
k-means clustering with elbow scree plots to identify the optimal
number of clusters per year. We then applied a PCA to visualize
our 2020, 2021, and 2022 data along a vector map. Once data
were visualized, we ran interpretation models to afford
within-year (or within-cluster) comparisons, including to
determine the extent that a natural experiment, such as the
COVID-19 pandemic, affected yearly Dry January–related
content (RQ2). For example, we used LDA to examine content
within each cluster per given year. We used VADER to examine
affect per cluster per year. We used the Botometer to determine
average bot score per cluster per year. Last, to assess user
engagement with Dry January content (RQ3), we took the
average number of likes and retweets per cluster and ran
correlations with other outcome variables of interest including
VADER and Botometer scores.
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Figure 1. Study workflow detailing visualization and interpretation analyses per year. LDA: latent Dirichlet allocation; PCA: principal component
analysis; TF-IDF: term frequency inverse document frequency; VADER: Valence Aware Dictionary and Sentiment Reasoner.

Results

RQ1. What Themes Are Present Within a Corpus of
Tweets About Dry January, and Is There Consistency
in the Language Used to Discuss Dry January Across
Multiple Years of Tweets (2020-2022)?
First, we observed general consistency in topics over time. We
used 2 measures to determine consistency of topics: (1) data

shape (from the PCA) and (2) overlap in yearly topics (or
repeating topics across each year of analysis). Figure 2 provides
a visualization of our data per year and model fit summaries;
Table 1 similarly provides general information for each year of
data collection, topics per year and associated names, the number
of tweets per cluster, engagement variables, and other indicators.
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Figure 2. Composite figure with principal component analysis (PCA) visualization by year with model fit: (A) 2020 Dry January Twitter dialogue,
(B) 2021 Dry January Twitter dialogue, (C) 2022 Dry January Twitter dialogue, (D) elbow method graphs.
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Table 1. Content cluster themes and associated summary statistics (n=222,917).

Botometer scoredQuotes, meancLikes, meancRetweets, meancVADERa, meanbResults, n (%)Year and topic

2020 (n=70,215)

0.370.129.100.820.1638,242 (54.5)Sarcasm/humor

0.520.215.391.170.375804 (8.3)DJe health benefits

0.880.010.120.00–0.931320 (1.9)Perrier ad

0.370.074.280.320.031458 (2.1)Unclear/general

0.480.109.040.850.243372 (4.8)DJ progress

0.880.010.130.000.931334 (1.9)Perrier ad II

0.440.104.180.770.3616,390 (24.1)DJ resources

0.390.087.800.500.291755 (2.5)Support & engagement

0.540.015.010.550.18N/AfEntire 2020 data set 

2021 (n=86,378)

0.490.1712.390.720.26190 (7.2)DJ nearly over

0.90.0030.070.0070.61953 (1.1)Heineken 0.0. ad

0.490.1413.760.780.1456,823 (65.8)DJ reflections

0.550.188.160.760.3517,374 (20.1)DJ resources

0.470.1113.980.4550.193305 (3.8)DJ & pandemic

0.440.2729.322.80.021733 (2.0)DJ general topic

0.560.1512.950.920.25N/AEntire 2021 data set 

2022 (n=66,324)

0.50.2716.811.030.242242 (3.4)Starting DJ

0.820.0050.040.020.5331254 (1.9)Academic self-promotion

0.520.1314.030.880.1742,894 (64.7)DJ health benefits

0.670.095.850.70.3715,183 (22.9)Pre-DJ binge drinking

0.520.077.970.40.031447 (2.2)General DJ topic

0.490.1113.380.790.233304 (5.0)DJ participation & outlook

0.590.119.60.640.26N/AEntire 2022 data set 

0.560.099.190.700.23N/ATotal

aVADER: Valence Aware Dictionary and Sentiment Reasoner.
bMean scores were derived from scores ranging from –.99 (high negative affect) to .99 (high positive affect).
cA score of 1 indicates 1 retweet, like, or quote.
dBotometer scores range from .01 (low bot account likelihood) to .90 (high bot account likelihood).
eDJ: Dry January.
fNot applicable.

Using a coding procedure outlined in the previous sections, 3
authors affiliated with this study manually named each cluster
using a series of representative tweets. Language in
representative tweets posted by individual users subsequently
included as exemplar tweets was slightly modified to capture
original sentiment while preserving anonymity. Per each year,
we observed several similar topics that suggest relative
consistency in Dry January content over time. These topics
include: (1) a general Dry January topic (eg, “Dry January yes,
or no?”), (2) Dry January resources (eg, “Have you considered
our app to help you maintain your #DryJanuary Goals?”), (3)
Dry January health benefits (eg, “Here’s what one alcohol-free

month can do for your mind and body”), and (4) updates
(positive and negative) related to Dry January progress (eg,
“Well, I only lasted a week of Dry January before I drank!”).
In 2 of the 3 years included for analysis, we also observed
corporate ads targeting Dry January participants, though similar
ads were not apparent in 2022.

To support that yearly Dry January content was consistent, we
also examined data shape (Figure 2). Indeed, our combined
k-means and PCA approach demonstrates relative similarity
and dissimilarity of clusters for each year of analysis. Clusters
that are proximal contain similar content; clusters that are distal
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indicate dissimilar content. Though we acknowledge certain
variation across each year, the data shape was relatively similar,
which may indicate limited change in content over time. For
example, in each year included for analysis, we observed 2
dominant clusters and several smaller clusters dispersed
throughout the diagram. Additionally, for each year, we
consistently observed at least 2 topics that were far removed
and disconnected from the rest of the diagram. Topics, or
clusters, that do not overlap with other clusters suggest pockets
of conversation that are related to, but not necessarily embedded,
within the larger conversation. A secondary explanation for
consistent data shape may also be the cohesive theme of the
grand corpus or subcorpora (ie, alcohol abstention during the
month of January).

RQ2. Do Unique Themes or Patterns Emerge in Dry
January 2021 Tweets After the Onset of the COVID-19
Pandemic?
Our findings also indicate that Dry January was affected by
emerging news cycles, most notably the COVID-19 pandemic.
In the 2020 subcorpora, for example, we did not observe any
tweets related to COVID-19, which would not become prevalent
in the United States and Europe until March the same year.
However, in the following year, we observed 1 cluster
containing humorous content about Dry January’s cancellation
due to the ongoing global pandemic (eg,”Bro, how can we do
Dry January during a pandemic?” and “#DryJanuary is officially
CANCELLED”). We also observed a small portion of tweets
related to the January 6, 2021, US Capitol insurrection, though
this content was less prevalent than COVID-19–related tweets.
We did not observe a similar cluster related to COVID-19, or
similarly disruptive news cycles, during 2022. Yearly news
cycle changes may also explain variation in yearly data shape.

RQ3. How Does Tweet Composition (ie, Sentiment and
Human-Authored vs Bot-Authored) Affect Engagement
With Dry January Tweets?
Tweet composition was associated with engagement, including
number of likes, retweets, and quote-tweets per post. We used
the Botometer and VADER sentiment analysis to test (1)
whether bot-authored and human-authored posts had observed
differences in engagement and (2) whether sentiment, which is
calculated using the VADER lexicon, similarly affected tweet
engagement.

For each year included in our analysis, we observed at least one
bot-dominant cluster or an otherwise automated account that
posts prewritten content. Per year, bot-dominant clusters were
typically comprised of ads, such as Perrier Water and Heineken
0.0 beer, and to a smaller extent, paid or free resources to
promote Dry January adherence. Bot-dominant clusters also
had fewer likes, retweets, or quote tweets compared with
human-authored clusters. Similarly, bot-dominant clusters also
had the highest observed positive affect, or greatest amount of
positivity per post (eg, “Ready to crush Dry January...with
Perrier in your hands you are going to #MakeDryFly!!”). By
contrast, human-authored accounts typically had greater
engagement and contained lower affect, or greater amount of
negativity (eg, “Bro I’m gonna DIE if I have to do another week

of Dry January. LOL”). We note that lower affect may reflect
sarcasm, though more research on this area is needed.

Discussion

Principal Findings and Implications
Our study characterized online content about Dry January,
assessing trends, themes, and general attitudes toward the
challenge. We used NLP tools to analyze and visualize a yearly
series of tweets related to Dry January over the course of 3 years
of participation. Our findings highlight that there is consistency
in discussion themes about Dry January across multiple years
of tweets, yet we were still able to detect unique themes that
emerged in 2021 in response to the COVID-19 global pandemic.
Additionally, tweet composition, or whether a tweet was
bot-authored or human-authored and the sentiment of the tweet,
was associated with user engagement (number of likes, retweets,
and quote-tweets).

In the content cluster analysis of the corpus of Dry January
tweets, several common themes emerged across multiple years
of Dry January participation. For example, the promotion of
Dry January resources—such as blogs with tips for help with
sustaining Dry January efforts, mobile applications facilitating
additional support and accountability, and recipes for
nonalcoholic “mocktails”—was a consistent theme each year.
Additionally, we observed a cluster associated with Dry January
health benefits (eg, drinking reductions, weight loss, healthier
dietary choices, reflecting on relationship with alcohol). These
findings are consistent with prior work on Dry January that
similarly highlighted reductions in alcohol consumption and
weight loss as Dry January benefits, in addition to increases in
alcohol refusal skills, saving money, improved sleep, increased
energy, and enhanced psychological well-being [5,7-9]. Finally,
a topic related to sharing about Dry January progress emerged
across multiple years of data (eg, no desire to participate in Dry
January, intention to participate in Dry January, failed attempts
to abstain during Dry January, successful ongoing attempts,
successful completion of Dry January). Although some tweets
in this cluster referenced successful Dry January experiences
and positive associations with these experiences, a large number
of these tweets used humor and sarcasm to make light of Dry
January participation and voiced an overall lack of desire to
participate in the temporary abstinence initiative. This finding
is in line with prior work examining alcohol-related content on
social media platforms, such as Twitter and TikTok [25,26,59];
the vast majority of alcohol-related posts on these social media
platforms portray drinking in a positive manner and often depict
hazardous drinking behaviors, such as intoxication and blacking
out, in a favorable manner. Similarly, alcohol-related negative
consequences are rarely portrayed in alcohol-related social
media posts, and when such portrayals are present, they are
often depicted in a humorous manner that serves to downplay
the severity of alcohol-related problems [25,59].

Content cluster analysis also detected unique themes related to
Dry January across years, most notably a cluster of tweets
related to Dry January participation in the context of the ongoing
COVID-19 global pandemic during January 2021. Many of
these tweets referenced individuals experiencing increased
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difficulty or a lack of desire to participate in Dry January in the
context of the pandemic and social distancing restrictions and
increased psychological stressors. Yet, others made reference
to having an easier time abstaining during January due to the
lack of access to social drinking activities. Humor was
commonly used to make light of Dry January in the context of
the pandemic. Subthemes within this cluster of tweets were
consistent with prior research on alcohol consumption during
the peak of the pandemic [60,61]. In addition to millions of
COVID-19–related deaths, the COVID-19 pandemic has been
associated with increased psychological stressors due to social
isolation and higher unemployment rates, among numerous
other factors [60,61]. Many have coped with COVID-19
pandemic stressors in the form of self-medication by increasing
alcohol consumption [60,61]. Real-time infoveillance of social
media posts may prove a valuable means through which to
complement health behavior surveillance efforts and to detect
public discourse and communication about unique health needs
in response to big events, such as coping with the increased
psychological stressors associated with the COVID-19 pandemic
and how this may negatively impact efforts to quit or cut down
on drinking [62].

Finally, we found that tweet composition, most namely whether
a tweet was bot-authored versus human-authored affected online
engagement with posts. That is to say, bot-dominant clusters
(eg, Perrier and Heineken 0.0 promotional efforts) had fewer
likes, retweets, and quote-tweets compared to primarily
human-authored clusters. This finding has implications for
public health messaging and intervention on social media
platforms. Although there may be public health benefits from
the development and facilitation of social bot-oriented online
interventions [63], investigation is warranted into how best to
tailor such intervention efforts to enhance engagement, as it
appears many individuals in this study largely ignore posts from
automated accounts with prewritten content. That said, without
knowing the goals or intended outcomes of the bot creators (ie,
generating content vs sharing content or raising awareness vs
generating engagement), we are unable to determine the
effectiveness of social bot presence in Dry January content on
Twitter. Our findings do support the presence of social bots and
their potential to create, share, and engage with online content.

Limitations
This work is subject to limitations we hope to address in future
work. First, although a combined k-means and PCA approach
has been extensively validated as an effective way to analyze
and visualize abundant social media content, this approach is
exploratory and relies on unsupervised algorithms to arrive at
findings. As such, there is a possibility that a small proportion
of tweets may have been miscategorized by the algorithms.
Second, given financial limitations with the Botometer API, we
were unable to calculate Botometer scores for all tweets included
in the analysis. Instead, we relied on generalizing the Botometer
scores from a random subsample of 500 tweets per cluster. It
is possible that a full Botometer analysis with the entire sample
would alter our findings slightly, particularly for larger clusters
comprised of tens of thousands of tweets; however, significant
cost barriers associated with the Botometer API prohibited
access to a full analysis of tweets. Finally, we also acknowledge
that we did not perform a full qualitative analysis with these
data. Although we maintain our blinded coding procedure to
name clusters was sufficient to determine cluster names, there
is also a possibility that a full review of all tweets in a given
cluster would yield marginally different cluster names. Through
the limitations outlined, we offer several compelling research
opportunities to continue this study. For example, a comparative
study contrasting our findings from those generated using
supervised NLP algorithms, for example the Sentence
Bidirectional Encoder from Transformers (S-BERT), could help
validate our findings particularly if there is strong overlap across
analyses.

Conclusions
We explored themes within and across 3 separate years of
Twitter posts about the Dry January temporary alcohol
abstinence challenge. Although there was overlap in themes
across multiple years of tweets, unique themes related to
individuals’ experiences with alcohol during the midst of the
COVID-19 global pandemic were detected in the corpus of
tweets from 2021. Findings underscore the utility for using
large-scale social media, such as discussions on Twitter, to study
drinking reduction attempts and to monitor the ongoing dynamic
needs of persons contemplating, preparing for, or actively
pursuing attempts to quit or cut down on their drinking.
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Abstract

Background: Social media provide an ideal medium for breeding and reinforcing vaccine hesitancy, especially during public
health emergencies. Algorithmic recommendation–based technology along with users’ selective exposure and group pressure
lead to online echo chambers, causing inefficiency in vaccination promotion. Avoiding or breaking echo chambers largely relies
on key users’ behavior.

Objective: With the ultimate goal of eliminating the impact of echo chambers related to vaccine hesitancy on social media
during public health emergencies, the aim of this study was to develop a framework to quantify the echo chamber effect in users’
topic selection and attitude contagion about COVID-19 vaccines or vaccinations; detect online opinion leaders and structural
hole spanners based on network attributes; and explore the relationships of their behavior patterns and network locations, as well
as the relationships of network locations and impact on topic-based and attitude-based echo chambers.

Methods: We called the Sina Weibo application programming interface to crawl tweets related to the COVID-19 vaccine or
vaccination and user information on Weibo, a Chinese social media platform. Adopting social network analysis, we examined
the low echo chamber effect based on topics in representational networks of information, according to attitude in communication
flow networks of users under different interactive mechanisms (retweeting, commenting). Statistical and visual analyses were
used to characterize behavior patterns of key users (opinion leaders, structural hole spanners), and to explore their function in
avoiding or breaking topic-based and attitude-based echo chambers.

Results: Users showed a low echo chamber effect in vaccine-related topic selection and attitude interaction. For the former, the
homophily was more obvious in retweeting than in commenting, whereas the opposite trend was found for the latter. Speakers,
replicators, and monologists tended to be opinion leaders, whereas common users, retweeters, and networkers tended to be
structural hole spanners. Both leaders and spanners tended to be “bridgers” to disseminate diverse topics and communicate with
users holding cross-cutting attitudes toward COVID-19 vaccines. Moreover, users who tended to echo a single topic could bridge
multiple attitudes, while users who focused on diverse topics also tended to serve as bridgers for different attitudes.

Conclusions: This study not only revealed a low echo chamber effect in vaccine hesitancy, but further elucidated the underlying
reasons from the perspective of users, offering insights for research about the form, degree, and formation of echo chambers,
along with depolarization, social capital, stakeholder theory, user portraits, dissemination pattern of topic, and sentiment. Therefore,
this work can help to provide strategies for public health and public opinion managers to cooperate toward avoiding or correcting
echo chamber chaos and effectively promoting online vaccine campaigns.
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Introduction

Background
Despite scientific consensus that COVID-19 vaccines are safe
and effective [1], there is still widely circulated controversial
information on social media, with statements such as “while
vaccinations offer good protection, they do not provide full
immunity, and the extent to which they would be effective
against new variants of the virus remains uncertain,” which
damages public confidence [2]. This misinformation leads to
vaccine hesitancy, which has been recognized by the World
Health Organization as a major global health threat [3]. Social
media platforms such as Twitter, Facebook, TikTok, and
YouTube provide an ideal medium for spreading and reinforcing
antivaccine ideas [4-7]. First, the information-filtering
mechanism based on algorithmic recommendation technology
mediates and facilitates content promotion by considering users’
interest and attitudes [8]. Second, online users have access to a
wealth of information and narratives. Affected by individual
and social factors such as selective exposure and group pressure,
users prefer to select information that fits their belief system,
while ignoring dissident information. Gradually, echo chambers
emerge, in which like-minded people continue to frame and
strengthen shared narratives [9]. In the vaccine promotion
campaign, the trend of simplification of users’
vaccine-information sources is strengthened and the flow of
information between groups with different ideologies toward
vaccines is blocked, which widens the knowledge gap and
assimilates value cognition [10]. The accompanying group
polarization and social fragmentation blind the public to
preconceived misconceptions and undermine authorities’efforts
to improve the public’s information literacy [11], causing
inefficiency in the vaccine campaign [12,13].

Users in a social network can be divided into three roles: opinion
leaders, structural hole spanners, and ordinary users [14]. Lou
and Tang [15] pointed out that the top 1% of users acting as
structural hole spanners control almost 80% of information
diffusion between communities and 25% of information
diffusion on Twitter. Wu et al [16] revealed that 50% of URLs
were posted by 1% of users serving as opinion leaders. Further,
Cossard et al [17] identified key users in echo chambers, while
Jeon et al [18] evaluated the characteristics of users who broke
the echo chamber.

To avoid or break an echo chamber, it is critical to characterize
these key users and determine their impact on topic
dissemination and opinion evolution, which could facilitate the
communication within and between pro- and antivaccine groups,
and thereby eliminate vaccine hesitancy. Toward this end, in
this study, we developed a framework to evaluate and compare
the degree of the effect of different forms of echo chambers on
users’ interactive behavior using quantitative measurements.
We further explored the hidden mechanisms of an echo

chamber’s formation and its strengthening or disintegration by
detecting key users who occupy critical network positions,
analyzing the relationship between their behavior pattern,
network location, and function both inside and outside of echo
chambers. Although this framework was designed based on
online debates of COVID-19 vaccine hesitancy as the
background to offer insights for public health administrators,
it could also be applied and expanded to other controversial
theme discussions to serve as a reference for public opinion
managers.

Prior Work

Echo Chamber of Vaccine Hesitancy
Most studies in this field have concentrated on the presence,
form, and degree of echo chambers, whereas limited research
has aimed to develop efficient strategies to address the echo
chamber effect. Schmidt et al [6]analyzed vaccine-related posts
on Facebook from 2010 to 2017, claiming the existence of
highly polarized pro- and antivaccine groups by calculating
each user’s attitude-polarization score based on their “like” and
comment behavior. Mønsted and Lehmann [5] obtained similar
results from an analysis of tweets posted on Twitter from 2013
to 2016, using the assortativity coefficient derived from network
structures. Rathje et al [19] adopted the same index to examine
the degree of the echo chamber effect during the COVID-19
epidemic. Apart from attitude-based self-isolation, Del Vicario
et al [20] found highly controversial topics by measuring the
distance between how a certain topic is presented in tweets and
the related users’ emotional response. Cossard et al [17] further
compared the echo chamber effect on users’ interactive
behaviors (retweeting, mentioning) on Twitter during measles
outbreaks, and identified key users occupying a central location
in interactive networks to tighten the structures of echo
chambers. To mitigate the negative effect of echo chambers,
Jeon et al [18] performed a user experiment using a game-based
methodology to determine the characteristics of users who broke
the echo chamber. The breakers were consistently aware of
being trapped in echo chambers and tended to maintain diverse
perspectives when consuming information.

User Roles in Echo Chambers
Social capital, as a set of resources embedded in relationships,
results from holding certain locations in a social structure [21].
Social capital theory suggests that a more central location in a
social network, with cohesive social ties fostering trust and
cooperation, leads to more bonding relationships. By contrast,
structural hole theory emphasizes that social capital results from
a bridging position, which can bring the ego diverse and
nonredundant information [22,23], as well as control of
information flow [24] so as to enhance innovation performance
[25]. The idea is grounded in weak tie theory [26]. Weak ties
represent loose connections in the network, making it easier to
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include a large number of talents with different views,
information, and resources [27].

Burt [28] explained that whether social capital performs a greater
function of bonding than bridging depends on the context. An
“opinion leader” is a term used to broadly refer to any individual
or entity with high influence in a network, and should not be
predetermined but rather explored in different contexts [29].
Opinion leaders occupy the center of the information network
within their local communities, and can influence others by
drawing their attention to certain topics or opinions and inspiring
reactions to the messages they post [30-32]. Opinion leaders
have been found to be responsible for promoting an echo
chamber [33]. Through an online-search experiment, Bar-Gill
and Gandal [34] found that opinion leaders raised the potential
for a topic echo chamber, promoting communities to focus on
homogeneous topics. Guo et al [29] analyzed the impact of
opinion leaders of different genders, partisanship, and
stakeholder categories on political homophily in Twitter
communities. However, Dubois and Blank [35] and Dubois et
al [36] drew conclusions from survey data that the contribution
of opinion leaders to a political echo chamber was overvalued
without considering the interests of information receivers and
the diversity of information sources. Based on thorough
qualitative interviews, Bergström and Jervelycke Belfrage [37]
also argued that opinion leaders brought attention to news others
would have missed.

The lack of connection among communities forms structural
holes in social structures [38]. Individuals filling the holes,
acting as intermediaries between different communities, are
regarded as “structural hole spanners” [15,39]. By simulating
opinion update rules of ordinary agents and structural hole
agents, Gong et al [40] proved that structural hole–based
approaches could alleviate the echo chamber effect and reduce
opinion polarity in social networks. Using social network
analysis, Swarnakar et al [41] emphasized that structural hole
spanners acted as brokers and bridge-makers for collaboration
of heterogeneous patterns on climate change.

Research about opinion leaders’ impact on echo chambers has
resulted in contradictory conclusions with respect to different
social issues. Limited research has focused on the impact of
structural hole spanners on echo chambers. Rather, research in
this field has mainly focused on opinion-based echo chambers
under specific topics, while ignoring users’ topic selection prior
to opinion contagion. Despite these advancements, a gap remains
in the literature: if both bonding and bridging arguments are

valid depending on the context, under which conditions should
they be complementary or otherwise?

Research Questions
Online echo chambers have been studied in the context of users’
interactions (eg, posting, retweeting, commenting, mentioning),
focusing on rumor spread and management [42-44], political
debates [29,45], and news consumption [46,47]; however,
related studies on vaccine hesitancy are rare, especially during
public health emergencies. To assess whether users on Sina
Weibo, the most popular microblogging platform in China (with
a structure similar to Twitter), exhibited an echo chamber effect
when discussing COVID-19 vaccines and vaccinations, and to
further understand the formation mechanism or to design
strategies to break it, we sought to identify the key users, how
their behavior patterns relate to their online positions, and how
they cooperate or compete to promote (prevent) the formation
or strengthening (breaking) of the echo chamber. Toward this
end, we established the following research questions (RQs):

RQ1: Is there an echo chamber effect in topic selection and
opinion contagion of users on Weibo when discussing
COVID-19 vaccines and vaccinations? Does it differ between
users’ retweeting and commenting behaviors?

RQ2: Do users with different behavior patterns on Weibo tend
to be regarded as opinion leaders or structural hole spanners?

RQ3a: Do online opinion leaders and structural hole spanners
tend to act as echoers or bridgers in topic dissemination?

RQ3b: Do online opinion leaders and structural hole spanners
tend to act as echoers or bridgers in attitude interaction?

RQ4a: Do these key users acting as echoers in topic
dissemination tend to play the same role in attitude interaction?

RQ4b: Do these key users acting as bridgers in topic
dissemination tend to play the same role in attitude interaction?

Methods

Design and Definitions
Figure 1 outlines the research framework. Note that although
Weibo posts were analyzed in this study, we use the terms
“tweet” and “retweet” throughout the manuscript to refer to
activities on the platform, equivalent to activities on Twitter,
for the sake of convenience. An original “tweet” refers to posts
created by a registered Weibo user. A “retweet” refers to users’
forwarding behavior on Weibo. “Comments” refer to replies to
an original post on Weibo.
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Figure 1. Research framework.

Ethical Considerations
Our research did not require ethical board approval because it
did not involve human or animal trials. The research data were
derived from open access data available on social media, mainly
through voluntary contributions from users. Our data and
analysis of data were conducted in an unbiased and transparent
manner, and the data were used only for scientific research
without any ethical violations. To be specific, we anonymized
key identifiable information, including the nickname field
provided by each user and the ID number assigned to each user
by the platform when they registered their unique account. We
represented these two fields as nonrepeating consecutive integers
incremented from 1 to uniquely identify each user, thus hiding
the users’ personal information, which had no influence on the
study results.

Data Collection and Preprocessing
From January 23, 2020, to February 11, 2021, there were
numerous messages posted about the outbreak and cessation of
the COVID-19 epidemic, as well as the initial exploration of
vaccine development and vaccination on Weibo [48]. As a
medical innovation, the vaccine was widely debated in its early
diffusion stage [49]. We first used the Sina Weibo application

programming interface to collect original tweets containing
keywords (“COVID-19 vaccine [新冠疫苗]” or “COVID-19
vaccination [新冠疫苗接种]”). Considering that the interactive
data (ie, retweet, comment, and like) of an original tweet could
become stable approximately 1 week after it was posted [50,51],
we crawled the following-week interactive data for each original
tweet, involving likes, retweets, and comments, and the
information of posters, retweeting, and commenting users. There
were initially 29,218 original tweets, 50,693 retweets, and
50,796 comments.

For data preprocessing, we deleted the original tweets without
any text (eg, only pictures, videos, or audio) or those that were
duplicated or contained the above keywords but did not include
any meaningful content. In addition, blank or meaningless
comments and their subcomments were also eliminated. After
excluding the corresponding retweets and comments as well as
the user information, there were 26,788 original tweets, 48,231
retweets, and 46,224 comments from 77,625 users retained for
analysis.
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Social Network Construction and Visualization

Interactive Network Design
To answer RQ1-4, we constructed interactive networks.
Information representational and user communication flow
networks are commonly used as the basis to measure
polarization [20,43,44].

Information Representational Network Construction
First, we marked the topic for each original tweet. To cover all
aspects of the vaccine, we performed this process based on the
Health Belief Model, which indicates that the perceived
susceptibility, perceived severity, perceived benefits, perceived
barriers, cues to action, and self-efficacy have impacts on
individuals’motivation to carry out preventive health behaviors
[52,53]. We invited two experienced researchers to label the
topics for 10% of the original tweets, and the result passed
intercoder reliability tests [54] (κ=0.967). After repeating the
review and eliminating disagreements, the topic-coding scheme

was developed (we did not consider the construct of self-efficacy
owing to its low prevalence in the data set), which is shown in
Table 1. This scheme was used to label the remaining original
tweets.

Retweeting or commenting on an original tweet indicates that
the users are interested in the tweet’s topic [20,44]. Based on
interactive data, we next established representational networks
of information, which were undirected and weighted. In a global
information network, each node represents an original tweet; if
a user retweets or comments on original tweet i and original
tweet j, an edge exists between i and j. The edge’s weight
represents the number of common users who participate in
discussion on the two original tweets. The retweet/comment
information network only contained retweet/comment
relationships. We then used Python’s NetworkX package to
construct these three networks [55] and calculated their detailed
topological attributes. Finally, the chord diagram visualization
of Echarts [56] was used to visualize the degree of homophily
based on topics in the networks.

Table 1. Topic-coding scheme based on the Health Belief Model.

TopicsConstruct

Risk of getting COVID-19 infectionPerceived susceptibility

Severity of getting COVID-19 infection or refusing COVID-19 vaccinationPerceived severity

Effectiveness of COVID-19 vaccinationPerceived benefits

Adverse effects of COVID-19 vaccination; cost of COVID-19 vaccination; fake (eg, counterfeit) vaccines,
fraudulent information; safety (eg novelty), infectivity of vaccines, and standardization of vaccination process;
conspiracy theory

Perceived barriers

Means to get vaccination; dos and don’ts of vaccination; domestic vaccine development, production, and
vaccination; foreign vaccine development, production, and vaccination; personal vaccination experience

Cues to action

User Communication Flow Network Construction
Many studies adopted the sentiment expressed in tweets
created/retweeted/commented by users to represent their
attitudes toward vaccines [5,20,57]. Considering the Chinese
context of Weibo [58], we used Baidu’s AipNLP [59] to
calculate the sentimental positive probability (0≤α≤1) of each
original tweet, retweet, and comment. If 0≤α≤0.5, the text was
regarded as negative; if 0<α≤1, the text was regard as positive;
and otherwise, it was regard as neutral. We counted the most
frequently expressed sentiment type of the user, which
represented their attitude toward vaccines. Next, we established
communication flow networks of users, which were directed
and weighted. In the global user network, each node represents
a user; if user i retweets or comments on tweets (including
original tweets, retweets, and comments) of user j, there is an
edge from user i to j. The edge’s weight represents the number
of interactions between the two users. The retweet/comment
user network only contained retweet/comment relationships.
We then used Python’s NetworkX package to construct these
three networks [55] and calculated their detailed topological
attributes. Finally, Gephi was used to visualize the degree of
homophily based on users’ attitudes, and the Fruchterman
Reingold layout algorithm was used to visualize the connectivity
in user networks [60].

Echo Chamber Effect Quantification
To answer RQ1, we used Python’s NetworkX package to
calculate each network’s assortativity coefficient r (–1≤r≤1)
based on the nodes’ attributes (topic in information networks,
attitude in user networks) and their interaction, which measures
the network’s homophily [5,44]. An r>0 indicates that the node
generally tends to connect with other nodes with similar
properties, and the network is referred to as an assortative
network. A larger r value indicates more prominent assortativity.
If r≤0, assortativity does not hold [61].

User Classification

Method of Classification
To answer RQ2, we characterized online users’behavior patterns
and detected opinion leaders and structural hole spanners based
on their network locations. To answer RQ3-4, we defined two
types of mediators to represent the above key users’
contributions to echo chambers. After coding users from these
three perspectives, statistical tests were used to examine the
relationships.

User Coding Based on Behavior
Villodre and Criado [62] classified users based on their
contrasting behaviors during the dissemination of crisis
information. Based on a modification of their rules, we classified
all users into 8 categories, as shown in Table 2. We then
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analyzed stakeholders for each category by matching keywords
in each user’s personal authentication, introduction, and tags.
Referring to the identity-keyword list from An and Ou [63],
after manually marking 10% of all users (intercoder reliability

of two coders, κ=0.991), we modified and expanded the list,
and finally determined 11 categories, as shown in Table 3. The
remaining users were automatically coded using the new list.

Table 2. User behavior taxonomy.

Behavior descriptionCriterionUser category

Influential

Users create widely shared content.
They show less content-sharing behav-
ior

Number of retweets received was three times higher (low speakers),
10 times higher (medium speakers), or 100 times higher (high speakers)
than that of tweets they had posted

Speaker

Users show equilibrium between cre-
ating content, sharing content, and
being retransmitted

Number of tweets≥total mean; number of retweets received≥total mean;
number of retweets received/number of retweets sent≥0.5

Networker

Broadcaster

Users create original content that is
not widely shared

Number of tweets≥total mean; number of retweets received/own
tweets≤0.3

Monologist

Users mostly share others’ contentNumber of tweets≥total mean; number of retweets sent/own tweets≥0.5Retweeter

Users mostly comment on others’
content

Number of comments sent/own tweets≥0.6Replicator

Users never share/comment on others’
content and they create some content
that is never shared/commented by
others

Number of retweets sent=0; number of retweets received=0; number
of comments sent=0; number of comments received=0

Isolator

Users seem to act with automatizationSend same comments multiple times under one tweet; personal infor-
mation is blank

Automatic

Not applicableNone of the aboveCommon user

Table 3. Stakeholder types and related keywords.

Keywords (partial)Stakeholder types

government, police, court, judicial bureau, judicial office, procuratorate, commission for discipline inspection, polit-
ical and legal committee

Government

hospitalHospital

newspaper, radio, TV station, news, magazine, broadcast, daily, timely, weekly, monthly, morning post, evening
post, channel

Traditional media

We-media, author, writer, reporter, editor, blogger, commentator, criticWe-media

Sina Weibo, Weibo medical and health operation, Weibo secretary, Weibo administrator, Weibo rumor rebuttal,
Weibo politics

Platform account

association, public welfareSocial organization

vaccine manufacturer (“SINOVAC BIOTECH CO., LTD”. [“科兴”], “CanSino Biologics Inc.” [“康希诺”], “Hualan,”
“Zhifei,” “Kangtai”), medical enterprise

Medical company

company, enterpriseCommon company

middle school, high school, campus, technical schoolEducational institution

doctor, nurseMedical personnel

None of the aboveCommon personnel

User Coding Based on Network Features
To measure the extent of each user being regarded as an opinion
leader, we adopted in-degree centrality [29], which represents
the volume of network ties directed toward a user [64], and the
local clustering coefficient, which quantifies the degree to which
the user’s neighbors aggregate with each other to form a clique

(complete graph) [65]. Burt [38] proposed four metrics to
describe structural hole spanners: effective size, efficiency,
constraint, and hierarchy, the third of which is the most
important. The effective size of a node measures the
nonredundant connections of a node. Efficiency is the effective
size divided by the number of the node’s neighbors. Yang et al
[25] and Tan et al [66] chose “constraint” (between 0 and 1),
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which measures the extent to which the node’s contacts are
redundant. When the constraint is closer to 0, there are fewer
connections between the node’s contacts. Hierarchy measures
the extent to which the aggregate constraint on the node is
concentrated in a single contact. A hierarchy value closer to 0
indicates that the constraint is the same for the node’s
relationship with each neighbor, whereas a value closer to 1
indicates that all constraints are concentrated in a single contact.
The spanner tends to have higher values of effective size,
efficiency, and hierarchy, and lower values of constraint [67].
We used Ucinet [68] to compute the above indices for each
node in the global user network.

User Coding Based on Contribution to the Echo
Chamber
To uncover the mechanisms of intra- and intergroup
communication among holders of different interests and
viewpoints, we conceptualized two types of social mediators.
One was the “echoer,” who only initiated interactions with peers
whose interests and viewpoints were highly homogenous,
thereby contributing to the formation and even consolidation
of echo chambers [45]. The other was the “bridger,” who tended
to initiate intergroup dialog across areas of interest and

heterogeneous viewpoints, aiming to break down echo chamber
barriers [45]. To be specific, for a topic-based echo chamber,
if a user only created, retweeted, or commented on tweets of
the same topic, the user was considered to be an echoer;
otherwise, they were considered to be a bridger. For an
attitude-based echo chamber, if a user only created, retweeted,
or commented on tweets from users who had the same attitude,
the user was classified as an echoer; otherwise, they were
classified as a bridger.

Results

Descriptive Statistics
Tweets about domestic, foreign status, and conspiracy accounted
for 24.46% (n=29,653), 20.40% (n=24,734), and 16.46%
(n=19,955) of total tweets (N=121,243), respectively. Overall,
42.51% (51,544/121,243) of tweets expressed a positive attitude
toward vaccines and 13.12% (15,907/121,243) of tweets held
a negative attitude. Figure 2 shows that discussions about
domestic status were the least controversial, whereas discussions
related to counterfeit vaccines and fraudulent information were
the most divisive.

Figure 2. The distribution of attitudes expressed in tweets (original tweets, retweets, comments) about different topics.

Echo Chamber Effect in Networks
Retweet, comment, and global information networks were all
sparse, with a density of 0.003, 0.003, and 0.0002, respectively.
In Figure 3, the outer ring of 13 different colors represents a
collection of 13 different topics of original tweets, the arc length
represents the total connection volume for all of the original
tweets belonging to this topic, and the inner colored connecting
bands indicate the flow direction and magnitude of the data
relationship. The top four topics that interacted most frequently
with others were “Foreign status,” “Domestic status,”
“Conspiracy,” and “Means.” “Foreign status” was often
retweeted by users with topics such as “Domestic status,”
“Conspiracy,” and “Means” at the same time, along with
“Effectiveness, “Severity,” and “Risk.” The assortativity
coefficients of retweet, comment, and global information

networks were 0.060, 0.022, and 0.048, respectively, indicating
low topic-based homogeneity and that the retweet information
network displayed more obvious homogeneity compared with
the comment information network.

Retweet, comment, and global user networks were also sparse,
with densities lower than those of information networks.
Compared with those of the retweet user network (0.003, 0.0003,
0.011), the comment user network had a higher clustering
coefficient, transitivity, and reciprocity (0.007, 0.055, 0.025),
indicating that the network built on comment relationships was
more cohesive and stable, where users were closely connected
and relatively stable [69], while retweeting was mostly used for
a one-way flow of information [70]. As shown in Figure 4, in
the three user networks, clusters brought together people who
were confident about vaccines and people with uncertainty [71].
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The more common edges were found between users holding a
positive attitude and between users with a neutral attitude to
users with a positive attitude. Users with a clear attitude hardly
retweeted posts from users without a determined attitude.
Compared with the retweet user network, the tendency of users
with a negative/neutral attitude to comment on posts of other
users with the same attitude was more obvious, whereas this

tendency was less obvious for users with a positive attitude.
The assortativity coefficients of the retweet, comment, and
global user networks were 0.031, 0.042, and 0.055, respectively,
indicating low attitude-based homogeneity and that the comment
user network displayed more obvious homogeneity compared
with the retweet user network.

Figure 3. Chord diagram representation of the retweet information network (a), comment information network (b), and global information network (c)
colored by topic.
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Figure 4. Communication flow network of users in the (a) retweet user network (b) comment user network, and (c) global user network. The size and
color of each node represent its in-degree and user’s attitude (red=“positive”, blue=“negative”, orange=“neutral”), respectively. The color of the edge
is explained in the corresponding legends in the figure.

Relationships Between User Behavior, Network
Position, and Role in the Echo Chamber
As shown in Figure 5, most users were coded as “common user,”
sending 86.9% of retweets and 93.9% of comments. Only 1.0%
of users were speakers, but receiving 81.3% of retweets and
62.8% of comments. Most of the original tweets were created

by isolators. Retweeters not only often created tweets but also
frequently retweeted others’ tweets.

As shown in Figure 6, with respect to the weighted degree, most
of the speakers’ weighted in-degree centrality was much higher
than their weighted out-degree centrality. A different situation
was found for retweeters. Speakers had a relatively higher
average clustering coefficient (high speakers: 0.012, medium
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speakers: 0.013, low speakers: 0.007), whereas the average
clustering coefficient of retweeters (0.0002) was the lowest
among users (apart from isolators). Compared with that of
retweeters, replicators had a higher average clustering coefficient
(0.004), with in-degrees and out-degrees of similar size.

Figure 7 and Figure 8 show that influentials had more obvious
structural hole properties than broadcasters. Among influentials,
speakers had a higher effective size, efficiency, and lower
constraint than networkers. High speakers performed in the
same manner but with a much greater effect. However, some
networkers had higher hierarchy than speakers, which indicated
that a networker’s constraint was more concentrated on this
actor and was more important. Among broadcasters, half of the
monologists’ constraint values were lower than 0.500 and half
of them had hierarchy values lower than 0.092. Although most
of the replicators’ constraint values were lower than 0.333, they
largely showed hierarchy values lower than 0.278. Compared
with that of replicators, retweeters’ constraint was more
concentrated in a single contact.

Given the massive network size, we considered the top 5% of
users in weighted in-degree centrality and local clustering
coefficient as opinion leaders (n=386, 0.5% of all users), and
the other users in the bottom 5% in constraint were considered
as structural hole spanners (n=3123, 4.0% of all users). These
two types of users were considered key users. As shown in
Figure 9, opinion leaders were responsible for 38.4% of all of
the information flow, while structural hole spanners were
responsible for 50.2% of the information flow. Compared with
the former, the latter tended to create, retweet, and comment on
more tweets.

As shown in Figure 10, common users, speakers, replicators,
and networkers accounted for 44.0%, 36.3%, 10.6%, and 4.1%
of opinion leaders, respectively. Common users, speakers,
networkers, and retweeters accounted for 59.3%, 19.7%, 8.7%,

and 8.7% of structural hole spanners, respectively. The χ2 tests
showed a significant difference in the distribution of categories
of users between opinion leaders and structural hole spanners

(χ2
7=184.650, P<.001). Posthoc testing further showed that

speakers, replicators, and monologists tended to be opinion
leaders, whereas common users, retweeters, and networkers
tended to be structural hole spanners.

Isolators did not become opinion leaders or structural hole
spanners, whereas 89.2% of isolaters were topic-based echoers

and all of them were attitude-based echoers. The results of χ2

tests showed that the proportion of structural hole spanners
acting as topic-based bridgers (74.2%) was significantly higher

than that of opinion leaders (64.2%) (χ2
1=17.148, P<.001). The

opposite result (χ2
1=13.193, P<.001) was found when

considering attitude-based bridgers (structural hole spanners:
88.1%; opinion leaders: 94.3%). Hence, compared with being
echoers, both opinion leaders and structural hole spanners tended
to act as bridgers. Structural hole spanners were more likely to
become bridgers than opinion leaders in topic-based echo
chambers, whereas structural hole spanners were less likely to
become bridgers than opinion leaders in attitude-based echo
chambers.

To address RQ4, the support and the confidence of the rule were
calculated. As shown in Table 4, RQ4a was declined, whereas
RQ4b was supported, with 62.8% of all key users acting as both
topic-based and attitude-based bridgers. Approximately 85.9%
of topic-based bridgers also acted as attitude-based bridgers.
Specifically, 60.6% of opinion leaders (32.9% government
accounts, 30.3% We-media, 19.2% traditional media) and 63.0%
of structural hole spanners (39.4% common personnel, 28.4%
We-media, 17.3% traditional media) acted as both topic-based
and attitude-based bridgers.

Figure 5. Percentage of user categories based on their behavior. No automatics were detected in the data set.
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Figure 6. The distribution of users’ weighted in-degree centrality, weighted out-degree centrality, and local clustering coefficient (the size of the circle).
The depth of the shadow represents the number of users with corresponding centrality and clustering coefficients.

J Med Internet Res 2022 | vol. 24 | iss. 11 | e40701 | p.866https://www.jmir.org/2022/11/e40701
(page number not for citation purposes)

Wang et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 7. Distribution of users’ structural hole indices (speakers and networks). The white dot, and upper and lower lines of the thick black line represent
the index’s median, third quantile, and first quantile, respectively. The width of the red shadow represents the percentage of specific-category users
whose index took on that value.
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Figure 8. Distribution of users’ structural hole indices (monologists, retweeters, replicators, and common users). The white dot, and upper and lower
lines of the thick black line represent the index’s median, third quantile, and first quantile, respectively. The width of the red shadow represents the
percentage of specific-category users whose index took on that value.
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Figure 9. Percentages of tweets from key users.

Figure 10. Composition of user categories in opinion leaders/structural hole spanners and their role in the topic-based echo chamber (left) and
attitude-based echo chamber (right).

Table 4. Support and confidence of research question 4 (RQ4).

ConfidencebSupportaNumber of users as both topic-based and
attitude-based echoers/bridgers

Number of users as topic-
based echoers/bridgers

Number
of users

User category

RQ4ac

0.0580.0218138386Opinion leader

0.0290.007238073123Structural hole spanner

0.0330.009319453509Total

RQ4bd

0.9440.606234248386Opinion leader

0.8500.630196823163123Structural hole spanner

0.8590.628220225643509Total

aSupport equals the number of users as both topic-based and attitude-based echoers (RQ4a)/bridgers (RQ4b) divided by the total number of users.
bConfidence equals the number of users as both topic-based and attitude-based echoers (RQ4a)/bridgers (RQ4b) divided by the number of users as
topic-based echoers/bridgers.
cRQ4a: Do key users acting as echoers in topic dissemination tend to play the same role in attitude interaction?
dRQ4b: Do key users acting as bridgers in topic dissemination tend to play the same role in attitude interaction?
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Discussion

Echo Chamber Effect in Online Vaccine
Communication
Users showed an overall low echo chamber effect in
vaccine-related topic selection and they tended to comment on
more diverse topics than retweeting them. Discussions about
the status of vaccine development, and vaccination at home and
abroad, mostly mixed with conspiracy, largely caught users’
attention [72]. The risk of contracting COVID-19 and the serious
consequences of refusing to be vaccinated were cocommented
with claims of vaccine effectiveness.

In contrast to the findings of Mønsted and Lehmann [5] and
Schmidt et al [6], users showed a low echo chamber effect in
attitude interaction. Because the COVID-19 vaccine represents
a medical innovation directly related to the safety of human life,
a rational public, threatened by the public health emergency,
was less bound by herd mentality [73]. As the dominant opinion,
a positive attitude appealed to following of a neutral crowd,
which helped to weaken the echo chamber. These findings are
inconsistent with those of Rathje et al [19], possibly because
national cultural backgrounds influence the cognition,
decision-making, and interactive behavior of people belonging
to different parties in the United States and United Kingdom.
In addition, in contrast to the findings of Tsai et al [45], we
found that the overall homophily was more obvious in
commenting than in retweeting. Specifically, users approving
vaccines showed a more significant tendency to interact with
like-minded neighbors by retweeting than by commenting [43],
while users against vaccines or with a neutral attitude acted
more significantly by commenting than by retweeting, which
suggested that the commenting mechanism might serve as an
“anti-spiral of silence” to compete with a “silence spiral” in
retweeting to form the global opinion climate [74]. Retweeting
amplifies the visibility of individuals’opinions [75], influenced
by selective psychology, and opinions contrary to mainstream
opinions are silenced. While the commenting network was more
modularized and cohesive, users were under greater pressure
from within their own communities.

Users’ Behavior Patterns Contributing to Their
Network Positions
The most common behaviors were helpful in spreading
information (high percentages of common users and retweeters),
while few users frequently participated in two-way dialogs (low
percentage of replicators) [62]. Speakers were relatively scarce,
but they created content provoking responses of others, which
contributed to their popularity in the network, so as to be
regarded as information centers within their communities.
Networkers who demonstrated a balance between creating
content, sharing content, and being retransmitted were more
likely to fill structural holes to link otherwise less-connected
communities. The commenting mechanism offered more chances
to create cohesive communities, and hence nominate replicators
in each cluster as opinion leaders, while the opposite situation
was found for the retweeting mechanism and retweeters.

Consistent with Yang et al [14], opinion leaders and structural
hole spanners tended to have a stronger influence than ordinary
users. These two jointly played an important role in making the
information propagate over a wider scale; the former affected
their entire communities of the network, while the latter
connecting to different communities affected the entire network
[76]. Specifically, spanners initiated interactions proactively
[77].

Users With Different Network Positions Function in
Echo Chamber Formation and Disintegration
Tan et al [66] found that degree centrality and structural holes
were complementary at enhancing an organization’s innovation
performance in low-density networks. Similarly, we found that
both opinion leaders and structural hole spanners played a
positive role in breaking the echo chamber for topic
dissemination and attitude contagion about COVID-19 vaccines.
Opinion leaders insulated others against rather than exacerbated
the echo chamber [35,36], which contradicts with the findings
of Cossard et al [17]. As gatekeepers, because of social pressure
and social support based in part on interpersonal trust [78], they
were responsible for filtering, curating, and disseminating
information they deemed relevant to their social circle to prevent
their followers from being trapped in echo chambers. Structural
hole spanners diffused information from one group to another,
negotiated and synthesized different topics and standpoints, and
promoted cooperation in diverse knowledge and ideological
fields [79]. An et al [80] found that the same topic could breed
multiple emotions and stakeholders with high topic influence
that might not necessarily have high sentiment influence, which,
to some extent, explained why users as topic-based echoers
might not necessarily act as attitude-based echoers, while users
as topic-based bridgers also tended to act as attitude-based
bridgers in this study. Aware of the negative impact of echo
chambers on crisis management and vaccine promotion, despite
different cultural backgrounds, government and We-media
positively promoted heterogeneity, and the traditional media’s
agenda-setting power was also evident in both topic and opinion
spread [29]. Moreover, Wagner and Reifegerste [81] declared
that although isolators were rarely found in their interviews,
since participants reported communicating about
pandemic-related media coverage “with basically everyone,”
some participants might turn into isolators during the trajectory
of the pandemic. Our findings certainly confirmed this
prediction. We found many isolators, which meant that they did
not contribute to increasing the scale of information
dissemination, which is distinct from the phenomenon noted in
disaster-information diffusion [62]. However, the isolators were
potential echoers by creating homogenized information and
constantly reiterating a single point of view. Although no other
users interacted with them, the words of isolators might invisibly
reinforce the thoughts of others who saw or read their tweets.

Theoretical Contributions
The main theoretical contributions of this study are as follows.
First, echo chambers in vaccine debates during a crisis differ
from those related to general social issues. This study not only
examined the echo chamber effect in different
information-dissemination dimensions (topic, attitude) and

J Med Internet Res 2022 | vol. 24 | iss. 11 | e40701 | p.870https://www.jmir.org/2022/11/e40701
(page number not for citation purposes)

Wang et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


based on different interactive mechanisms (retweeting,
commenting), but also dug out the reasons for a low echo
chamber effect from the perspective of the relationship of users’
network location and their function in preventing or breaking
echo chambers. This offers a powerful complement to existing
research focusing on echo chambers’ form, degree, formation,
and depolarization.

Second, we focused on two types of key users, namely opinion
leaders and structural hole spanners, and characterized their
behavioral patterns, which could be a supplement for feature
engineering of these key users’ detection or prediction. In
addition, referring to the bonding and bridging relationship of
social capital, this study proposes two new types of social
mediators, namely echoers and bridgers, to quantify key users’
impact on echo chambers, thereby enriching the application
scope of social capital theories. Hence, users could be classified
based on their behavior, network location, impact on echo
chambers, and stakeholder theory [63], offering insights for the
construction of user portraits.

Third, previous studies about online key users either focused
only on their antecedents (factors contributing to individuals
occupying a central location/filling a structural hole [77,82,83])
or only on outcome variables (such as the impact of their
locations on knowledge management and innovation
performance [84,85], information diffusion [14,76], and emotion
contagion [86]). This work linked key users’ antecedents and
outcomes at the same time, which could be used to explore
hidden behavioral paradigms.

Fourth, we analyzed the relationship of users’ roles in
topic-based and attitude-based echo chambers, providing a new
research perspective for the dissemination pattern of topic and
sentiment.

Finally, most previous studies excluded users who did not
interact with others in the data preprocessing step, ignoring their
large-scale presence and potential influence on public opinion
evolution. This study is thus the first to explore the impact of
such users on echo chambers, which could offer a reference for
further research about isolators.

Practical Implications
First, although a low echo chamber effect existed in users’
selection of topics about vaccines, users tended to focus on
some specific topics, namely the status of vaccine development,
vaccination at home and abroad, and conspiracies. Health
medical and public opinion managers should be aware of the
emergence of echo chambers centered on these topics, which
might damage international cooperation for vaccinations and
epidemic control [87].

Second, users with neutral attitudes toward vaccines were easily
influenced by others with determined standpoints. The
interaction between opposing viewpoints remained limited.
Managers should invite online opinion leaders and structural
hole spanners who act as bridgers to offer multiple aspects of
vaccine knowledge to correct opponents’misunderstanding and
improve their health literacy. At the same time, although

provaccine sentiment, as the mainstream opinion, was largely
spread and echoed in retweeting, managers should monitor the
evolution of other opinions in commenting to prevent the wrong
view from turning defeat into victory.

Third, echo chambers have been a major concern of the
government, traditional media, and We-media. To obtain better
effectiveness, these stakeholders should try to become opinion
leaders or structural hole spanners according to their aims by
adjusting their own usage behavior on social media. Our results
showed that, compared with opinion leaders, structural hole
spanners performed better in diffusing diversified topics,
whereas opinion leaders performed better in bridging
heterogeneous views.

Finally, online isolators should not be ignored. Although these
users were reluctant to interact with others and did not receive
any feedback from others, they showed interest in creating
messages. They were also immersed in personal echo chambers.
Managers should take specific measures to break these isolators’
echo chambers.

Limitations
First, we simply divided users into two categories, namely
echoers and bridgers, according to the rule as to whether the
user spread more than one topic or interacted with cross-cutting
neighbors, rather than quantifying the extent to which they acted
as echoers/bridgers using continuous values. Further exploration
is therefore warranted. Second, we did not manually find bot
accounts in our data set, which was part of the strategy of
Villodre and Criado [62] in their study on Twitter data. To date,
no tool has been developed for robot account identification for
Weibo. In future research, it will be important to develop
automated detection algorithms for larger-scale data [88]. Bot
accounts could be classified based on their behaviors such as
posting repeatedly to appeal for attention or posting maliciously
to damage credibility [89], which might have different impacts
on echo chambers. Finally, our data were limited to the early
stage of vaccine promotion, and we did not consider the impact
of subsequent virus variants on public perceptions of vaccines.
Updated data should be supplemented in follow-up studies.
Moreover, this research should be extended to other social media
platforms (eg, Zhihu), users with higher information literacy
[90], and in discussions about different controversial social
issues to evaluate the consistency or differences from our results.

Conclusions
By adopting network analysis, this study evaluated and
compared the echo chamber effect in users’ topic selection and
attitude interaction based on different social media mechanisms
(retweeting, commenting) in the vaccine debate during the public
health emergency of COVID-19. We further used statistical and
visual analyses to characterize behavioral patterns of key users
(opinion leaders, structural hole spanners), and explored their
function in avoiding/breaking or preventing/strengthening
topic-based and attitude-based echo chambers. These findings
could provide meaningful inspiration for health medical and
public opinion managers to break online echo chambers and
eliminate vaccine hesitancy.
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Abstract

Background: Many medical conditions, perhaps 80% of them, can be diagnosed by taking a thorough history of present illness
(HPI). However, in the clinical setting, situational factors such as interruptions and time pressure may cause interactions with
patients to be brief and fragmented. One solution for improving clinicians’ ability to collect a thorough HPI and maximize
efficiency and quality of care could be to use a digital tool to obtain the HPI before face-to-face evaluation by a clinician.

Objective: Our objective was to identify and characterize digital tools that have been designed to obtain the HPI directly from
patients or caregivers and present this information to clinicians before a face-to-face encounter. We also sought to describe
outcomes reported in testing of these tools, especially those related to usability, efficiency, and quality of care.

Methods: We conducted a scoping review using predefined search terms in the following databases: MEDLINE, CINAHL,
PsycINFO, Web of Science, Embase, IEEE Xplore Digital Library, ACM Digital Library, and ProQuest Dissertations & Theses
Global. Two reviewers screened titles and abstracts for relevance, performed full-text reviews of articles meeting the inclusion
criteria, and used a pile-sorting procedure to identify distinguishing characteristics of the tools. Information describing the tools
was primarily obtained from identified peer-reviewed sources; in addition, supplementary information was obtained from tool
websites and through direct communications with tool creators.

Results: We identified 18 tools meeting the inclusion criteria. Of these 18 tools, 14 (78%) used primarily closed-ended and
multiple-choice questions, 1 (6%) used free-text input, and 3 (17%) used conversational (chatbot) style. More than half (10/18,
56%) of the tools were tailored to specific patient subpopulations; the remaining (8/18, 44%) tools did not specify a target
subpopulation. Of the 18 tools, 7 (39%) included multilingual support, and 12 (67%) had the capability to transfer data directly
into the electronic health record. Studies of the tools reported on various outcome measures related to usability, efficiency, and
quality of care.

Conclusions: The HPI tools we identified (N=18) varied greatly in their purpose and functionality. There was no consensus on
how patient-generated information should be collected or presented to clinicians. Existing tools have undergone inconsistent
levels of testing, with a wide variety of different outcome measures used in evaluation, including some related to usability,
efficiency, and quality of care. There is substantial interest in using digital tools to obtain the HPI from patients, but the outcomes
measured have been inconsistent. Future research should focus on whether using HPI tools can lead to improved patient experience
and health outcomes, although surrogate end points could instead be used so long as patient safety is monitored.

(J Med Internet Res 2022;24(11):e36074)   doi:10.2196/36074
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Introduction

Background and Significance
Many medical conditions, perhaps 80% of them, can be
diagnosed by taking a thorough history of present illness (HPI)
[1]. However, in the clinical setting, situational factors such as
interruptions and time pressure may cause interactions with
patients to be brief and fragmented [2]. One solution for
improving clinicians’ ability to collect a thorough HPI and
maximize efficiency and quality of care could be to use a digital
tool to obtain the HPI before face-to-face evaluation by a
clinician.

The concept of using a computer to aid in history taking or
diagnosis is not new. In fact, some clinicians entered data into
computers as early as the 1940s and used software to generate
differential diagnoses [3]. In the 1980s, a small minority of
clinicians began asking patients to interact with computers
directly to enter their own histories, but the process was
cumbersome in many cases because patients had to answer
dozens or even hundreds of questions [4]. In the early 2000s,
investigators tried new methods to decrease the number of
required questions, but such tools did not become
popular—perhaps because they were not well integrated into
emerging electronic health record (EHR) systems [5].

In the contemporary digital age, software developers and
research groups in the health sector are developing tools to
engage patients in diagnosis and management of their health
problems [6-8]. Patients are becoming accustomed to collecting
health-related information on their own devices and submitting
it to their clinicians. Moreover, starting in 2011, the US federal
government began to encourage clinicians and health care
systems to collect such information, called patient-generated
health data (PGHD), and use it in a meaningful manner.
Examples of commonly submitted PGHD include blood pressure
measurements, blood glucose measurements, and
patient-reported outcome measures for chronic conditions [9,10].
Patient-generated HPI is a less ubiquitous form of PGHD but
leveraging it could improve the efficiency and quality of patient
care if it is done thoughtfully.

Objectives
In this scoping review, our objective was to identify and
characterize patient-facing digital tools that obtain the HPI and
present it to clinicians before an in-person encounter. We also
sought to describe outcomes reported in studies of these tools,
especially those related to usability, efficiency, and quality of
care.

Methods

Search Strategy
In consultation with a medical librarian, we developed search
terms designed to identify HPI tools of interest from
peer-reviewed sources. We then searched the following
databases: MEDLINE, CINAHL, PsycINFO, Web of Science,
Embase, IEEE Xplore Digital Library, ACM Digital Library,
and ProQuest Dissertations & Theses Global. The search was

performed in November 2019, and it included all original
research and commentary articles that were available in English
(for more details of the search strategy, refer to Multimedia
Appendix 1).

Article Selection
Titles and abstracts that resulted from the literature search were
imported into DistillerSR (Evidence Partners) to facilitate
screening. Two independent reviewers (CTB and AJH)
evaluated all titles and abstracts for relevance based on the
inclusion criteria: (1) patient-facing digital tools that obtain the
HPI directly from patients or caregivers and (2) present this
information to clinicians before a face-to-face encounter. Tools
were excluded if they were administered by the clinician rather
than the patient, designed to track symptoms over time rather
than make a new diagnosis, designed to screen for only one
diagnosis (eg, COVID-19 infection), or if there was no mention
of outcome measures in any literature describing the tool. Next,
in a full-text–review stage, both reviewers reviewed the full text
to determine whether the article met the inclusion and exclusion
criteria. If there was any disagreement about whether the tool
should be included, it was resolved by consensus.

Data Extraction and Synthesis
To obtain information characterizing each tool, a member of
the research team (AJH) reviewed the original source material
that identified the tool, any other cited references in the original
source, and relevant websites of the tool identified through web
searches. We developed narrative descriptions of the tools and
maintained this information in a data spreadsheet along with
their associated references.

To develop a taxonomy of the tools identified, 2 reviewers (CTB
and AJH) used a qualitative pile-sorting method [11]. We started
by writing the names of tools on small pieces of paper and
arranging them into groups that were qualitatively similar. Next,
we discussed what qualities the tools shared and which ones
made them different from one another. Once we had compiled
a list of these defining characteristics, we used them to
categorize the tools in our sample.

Subsequently, we held a discussion among the research team
to review characteristics of the various tools. Informed by this
discussion and our newly developed taxonomy, a member of
the research team (AJH) reviewed all available materials once
again and performed targeted data extraction, including tool
name, name of vendor or developer, availability of multilingual
support, year of initial development or mention, intended patient
user population (eg, pediatric, chest pain, or pulmonary),
modality of query delivery (eg, narrative vs structured), decision
support capability (patients, clinicians, or both), integration with
clinical information systems such as EHRs (yes or no), and
outcome measures used in evaluation. A second member of the
research team (CTB) reviewed all available materials to verify
the accuracy of extracted data. After these steps were completed,
we cowrote brief narratives to describe each tool. Finally, we
contacted the developer or vendor for each tool to verify the
information we had collected.

This study followed the PRISMA-ScR (Preferred Reporting
Items for Systematic Reviews and Meta-Analyses extension for
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Scoping Reviews) guidelines for scoping reviews [12,13]. The PRISMA-ScR flow diagram is presented in Figure 1.

Figure 1. Flowchart demonstrating article inclusion and exclusion for our scoping review according to PRISMA-ScR (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses extension for Scoping Reviews) guidelines [12,13].

Results

Overview
Our literature search identified 2569 publications of potential
interest. After duplicates were removed and titles and abstracts
were screened, 557 articles underwent full-text assessment for
eligibility. A total of 141 articles met inclusion criteria and were

included in our qualitative synthesis. We encountered a total of
18 unique tools to include in our review, which were described
by 52 data sources that included outcome measures. For a
comparison of individual tools and their characteristics, refer
to Table 1, We also compiled a list of synonyms for the process
of obtaining the HPI from patients or caregivers using a digital
tool, which may be a helpful reference for future investigators
(Multimedia Appendix 2).
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Table 1. Data extraction table for tools used to obtain the history of present illness.

Decision
support

DeliveryPatient subpopula-
tion

Data en-
try

Lingual
support

InteractionOutcome mea-
sures

YearDeveloperName

ClinicianImport to

EHRa
AllPatient

and clini-
cian

EnglishMultiple choiceCompletion rate,
completion time,
and patient usabil-
ity

1985Primetime Med-
ical Software

Instant Medical
History [14-16]

ClinicianImport to
EHR

PulmonaryPatientEnglishMultiple-
choice, open-
ended free text

Diagnostic agree-
ment (physician
vs tool)

1986LDS HospitalHELP System
[17,18]

Patient
and clini-
cian

Text-
based re-
port

Respiration, circu-
lation, gastroin-
testinal, genitouri-
nary, nervous

PatientDutchMultiple-
choice, open-
ended free text

Patient usability,
completion time,
and complaint
agreement and

1987Erasmus Univer-
sity

AIDA [19,20]

system, skin, and
general disorders

diagnostic agree-
ment (physician
vs tool)

ClinicianImport to
EHR

Pediatrics, emer-
gency, allergy,
and trauma

PatientEnglishMultiple-
choice, open-
ended free text

Completion rate
of critical history
elements (physi-
cian vs tool) and
completion time

1989BlackboardParentLink
[21,22]

ClinicianText-
based re-
port

PsychiatryPatient
and clini-
cian

Multiple
languages

Multiple-
choice, open-
ended free text

Patient acceptabil-
ity and diagnostic
agreement
(physician vs
tool)

1997Canberra Hospi-
tal (computer-
ized version of
the World
Health Organi-
zation’s Com-

CIDI-Auto
[23-26]

posite Interna-
tional Diagnos-
tic Interview)

PatientText-
based re-
port

AllPatientEnglishMultiple choiceDiagnostic agree-
ment (vignettes
vs tool)

1999MEDoctor Sys-
tems, Inc

MEDoctor
[27,28]

ClinicianImport to
EHR

CardiologyPatientEnglish,
German,
and
Swedish

Multiple choicePatient satisfac-
tion, percentage
agreement of
symptoms (physi-
cian vs tool), and

2008Karolinska Insti-
tutet

Clinical Expert
Operating Sys-
tem (CLEOS)
[29,30]

accuracy in ex-
cluding acute
coronary syn-
drome

PatientText-
based re-
port

AllPatientMany lan-
guages
(>180)

Conversational,
multiple choice

Diagnostic agree-
ment (physician
vs tool)

2011Teckel MedicalMediktor
[31-36]

Patient
and clini-
cian

Import to
her

AllPatient
and clini-
cian

EnglishMultiple choiceDiagnostic agree-
ment (vignettes
vs tool)

2012DocResponseDocResponse
[37-40]

ClinicianImport to
her

EmergencyPatientEnglishMultiple choicePatient usability,
time to comple-
tion, and data en-
try error rate

2013Creoso, in col-
laboration with
researchers at
Johns Hopkins
University

Digivey [41]

ClinicianImport to
EHR

EmergencyPatientEnglish,
and Span-
ish

Multiple choicePatient usability
and satisfaction

2014PatientSafe So-
lutions Inc

PatientTouch
[42]

NoneImport to
EHR

AllPatient
and clini-
cian

EnglishOpen-ended
free text

Patient experi-
ence and clini-
cian workload
(qualitative
study)

2015OpenNotesOurNotes
[43-45]
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Decision
support

DeliveryPatient subpopula-
tion

Data en-
try

Lingual
support

InteractionOutcome mea-
sures

YearDeveloperName

ClinicianImport to
EHR

AllPatientMultiple
languages
(10)

Multiple choiceTime to comple-
tion, patient us-
ability, and num-
ber of questions
asked (physician
vs tool)

2016FirstHx CorpFirstHx [46,47]

ClinicianText-
based re-
port

GastroenterologyPatientEnglishMultiple choiceRating of tool
note quality
(comparing
physician note vs
tool note) and
agreement of
alarm features
(physician vs
tool)

2016My Total
Health

Automated
Evaluation of
Gastrointestinal
Symptoms
(AEGIS)
[48,49]

ClinicianImport to
EHR

AllPatientMultiple
languages
(21)

Multiple choiceCompletion time,
patient and physi-
cian usability,
percentage agree-
ment in symp-
toms reported,
and repeat clinic
visits

2017aidminutes
GmbH

Digital Commu-
nication Assis-
tance Tool
(DCAT)
[50-53]

PatientText-
based re-
port

AllPatientMultiple
languages

Conversational,
open-ended free
text

Diagnostic agree-
ment (vignette vs
tool)

2017Medius HealthQuro [54-56]

ClinicianImport to
EHR

AllPatientEnglishConversational,
open-ended free
text

Diagnostic agree-
ment (vignette vs
tool)

2017Precision Driv-
en Health

Mandy [57]

ClinicianImport to
EHR

MusculoskeletalPatientGermanMultiple choiceDiagnostic agree-
ment (physician
vs tool)

2019Logic-Based
Medicine Sàrl,
in collaboration
with Lausanne
University Hos-
pital

Diagnosis and
Anamnesis Au-
tomated Medi-
cal History–Tak-
ing Device (DI-
AANA
AMHTD) [58]

aEHR: electronic health record.

Narrative Descriptions of Tools
As the tools we identified differed in many ways (eg, stated
purpose, intended setting of use, and outcome measures), we
developed a narrative description of each tool (Textbox 1).
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Textbox 1. Narrative descriptions of the tools used to obtain the history of present illness from patients.

Digital tools used to obtain the history of present illness and their descriptions

• Instant Medical History

• General description: Instant Medical History is a tool that was developed by Primetime Medical Software in 1985 to obtain comprehensive
information about the history of present illness while also saving physician time and making documentation more complete. The tool has
evolved over the last several decades, and it is still in use today.

• Design: patients are invited to select a chief complaint through a web-based portal from home or in a medical office waiting room. They
are then presented with a multiple-choice–question set about their symptom severity, duration, timing, context, modifying factors, and
associated signs of illness. This information is next submitted to the electronic health record through an application programming interface
for review before the patient visit and additionally for inclusion in the physician’s note, if desired [14].

• Outcomes measured: the company reports that the tool may save up to 6 minutes per clinical encounter [15,16].

• Extent of use: the tool is currently being used in 7 countries by 44,500 physicians. The vendor estimates that it will be used in 80 million
visits in 2020 (email communication with Matthew Ferrante, Primetime Medical Software, July 21, 2020).

• HELP System

• General description: the HELP System, programmed on the Microsoft Query driver, was described in a 1987 publication by Haug et al [17]
titled “A Decision-Driven System to Collect the Patient History.” Informaticists at the University of Utah described a computer-administered
history-taking system with decision-driven questions designed to create a differential diagnosis for hospital inpatients with pulmonary
disease.

• Design: the system used a cognitive model of question selection along with a Bayesian scoring algorithm that led to targeted question
selection using modular diagnostic frames within a program called QUERY. The program contained yes-or-no questions for up to 182
symptoms; however, using the decision-driven system, patients in the study were asked to answer a mean of 51 (SD 31) questions. The
program’s response report was a list of top 5 differential diagnoses, with accompanying likelihood ranging from 0 to 1.

• Outcomes measured: when compared with documented discharge diagnoses in a sample of 27 study participants, the tool’s list of 5 differential
diagnoses included the principal discharge diagnosis for 85% of the patients.

• Extent of use: the tool was also integrated into the hospital’s HELP hospital information system, which pioneered clinical decision support.
A subsequent set of tests with an updated diagnostic system and a modified approach to questioning was tested later and reported in the
American Association for Medical Systems and Informatics proceedings, including several refinements to the data collection process.
Although the tool is no longer in use within the hospital setting, it formed the basis for a subsequent diagnostic application, Iliad, that has
been used in medical education [18].

• AIDA

• General description: AIDA is a software package developed by the department of medical informatics at Erasmus University, Rotterdam,
The Netherlands. Its capability to automate medical history taking was described in 1987 by Quaak et al [19] in a special issue of Computer
Methods and Programs in Biomedicine. The tool’s stated purpose was to elicit a comprehensive history and aid physicians in arriving at an
accurate diagnosis.

• Design: patients were asked to read questions on a screen and press keys corresponding with their answers. The system contained >400
questions relating to 179 different items. Regarding acute complaints, the patient was asked system by system about whether symptoms
existed (using a 7-point scale from never to always). If the patient indicated the presence of a symptom, the system asked more questions
about frequency, severity, intensity, duration, onset, and location. The final report was displayed to physicians and patients in a narrative
format that was designed to mirror how physicians wrote notes.

• Outcomes measured: the investigators studied the tool’s performance compared with the gold standard of a physician interview and found
agreement to be 25%. They ultimately found that the tool led to a higher number of diagnostic hypotheses and higher diagnostic certainty
compared with physician interview alone. Of note, patients required an average of 66 minutes to complete the computerized interview, but
their reports of the experience were favorable (92% rated the tool useful) [20].

• Extent of use: the tool was never further developed into a product used in routine care.

• ParentLink

• General description: ParentLink is a tool designed to obtain information from parents to describe their children’s symptoms in the pediatric
emergency department setting. ParentLink, the company, was founded in 1989 and acquired by Blackboard in 2014, and the earliest clinical
publication was authored by Porter [21] of Boston Children’s Hospital in 1999.

• Design: parents accompanying children with nontraumatic complaints were invited to submit data describing the history of present illness.
Parents were asked to independently answer questions on an electronic terminal regarding structured question pathways for fever, respiratory
symptoms, or gastrointestinal symptoms. If the reason for the visit was not listed, the parent was invited to select other, and they were then
shown a textbox for entering open-ended free text. For structured question pathways, parents were invited to answer prompts such as their
children’s activity level, fluid intake, and urine output.

•
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Outcomes measured: parental data entry took a mean time of 5 minutes, and data were not shown to treating physicians. The investigators
measured the validity of content entered by parents and found it to be comparable with information documented by physicians with improved
sensitivity of parental documentation for hydration status. In a related study from 2002 characterizing the free-response pathway, parents
entered between 1 and 142 words to describe the reason for the visit (when presented with a character limit of 2048, which is approximately
350-400 words). Most parents described the chief complaint and elements of the history of present illness, and some asked specific questions
and added information about the past medical history. When the parents’ text input and physicians’ histories in the electronic health record
were compared, 23% (7/30) of the parents’ entries noted details or observations that were not documented by the physicians [21].

• Extent of use: subsequent studies of ParentLink have included pediatric patients with other complaints, including head trauma, ear pain,
and dysuria [22].

• CIDI-Auto

• General description: CIDI-Auto is a computerized version of the World Health Organization’s Composite International Diagnostic Interview
(CIDI). The tool’s intended purpose is to allow patients to privately answer a series of questions that lead to the automatic generation of a
list of psychiatric differential diagnoses. The computerized version was first described and evaluated by investigators at Canberra Hospital
in Canberra, Australia, in 1997 [23].

• Design: patients were asked to sit at a computer workstation during an acute psychiatric hospital admission and answer yes-or-no questions
about psychiatric symptoms. The core module of the instrument (CIDI-Core) contained 20 major questions and 59 subquestions, which took
approximately 75 minutes to administer [24]. Each patient’s responses were organized into a report of diagnosis and symptoms that was
given to a physician. The report consisted of a summary of active International Classification of Diseases, Tenth Revision, diagnoses (active
in the last 30 days); lifetime diagnoses, which were active >1 month ago; and symptoms in major diagnostic areas.

• Outcomes measured: psychiatric physicians (the gold standard) agreed with 50% of the CIDI-Auto current diagnoses and indicated that
only 22% of the CIDI-Auto reports provided useful new diagnoses, although 63% helped to clarify diagnoses, and 58% could save clinicians
some time. They endorsed the CIDI-Auto as a possible aid to indirect or remote diagnosis where histories would be taken by nonexpert
staff. With regard to patients, 94% liked the computerized interview, 83% understood the questions without difficulty, and 60% felt more
comfortable with the computerized interview than with a physician. Education and previous computer experience promoted positive attitudes
and satisfaction with the computerized interview [25].

• Extent of use: the CIDI-Auto has now evolved into the World Health Organization World Mental Health-CIDI Instrument, which is now
administered by computer in diverse settings across the world [26].

• MEDoctor

• General description: MEDoctor is a commercially produced symptom checker designed to produce a list of differential diagnoses for users
with acute or chronic symptoms [27]. MEDoctor Systems Inc, the developer of the tool, was founded in 1999, and the company’s renewed
mission statement since 2017 defines its goal as providing patients access to “actionable medical information...before seeing the clinician”
so that patients can make cost-effective decisions about their health.

• Design: the MEDoctor tool uses a rule out basis that includes the value of negative symptom answers (no input) to rule out disease probabilities.
The engine navigates through >4200 symptoms using Bayesian statistics to produce each interview item based upon numerous factors
accumulated, such as sex, onset, and yes-or-no responses. The patient interface consists of drop-down menus and yes-or-no questions to
characterize their symptoms. At the end of the process, patients are presented with a list of the top 3 differential diagnoses, and they are
offered an opportunity to view a text-based report that displays all completed responses and can be sent to a clinician [28].

• Outcomes measured: diagnostic agreement between the tool and vignettes is measured.

• Extent of use: The diagnostic tool has been used worldwide for >5 years. As of July 2020, according to the chief executive officer, it has
been completed 36,860 times by users in the United States, the United Kingdom, South Africa, and the Philippines (email communication
with Charles Kelly, MEDoctor Systems Inc, July 21, 2020).

• Clinical Expert Operating System

• General description: Clinical Expert Operating System (CLEOS) is a tool created in 2008 by Zakim [29] that is currently being tested in a
clinical trial at Karolinska Institutet in Stockholm, Sweden. The tool is designed to facilitate thorough history taking from patients, and it
also includes capabilities for decision support of diagnosis, management, and risk stratification for clinicians.

• Design: the history-taking program is based on the principles of pathophysiology formalized as software algorithms representing medical
knowledge as 450 decision trees. A gating mechanism plus feed-forward and feedback loops enable the tool to perform detailed explorations
of any aspects of the history that are significant while also avoiding issues of medical redundancy. The data obtained via CLEOS can be
formatted into a narrative summary of the most pertinent history findings similar to that of a physician’s note.

•
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Outcomes measured: in a study of 45 patients published in 2008 in which patients underwent usual care and completed a CLEOS interview,
the tool detected 3.5 additional problems per patient, some of which were deemed to be clinically significant, such as unrecognized transient
ischemic attacks [29]. Currently, the tool is being used in a clinical trial at Karolinska University Hospital in Stockholm, Sweden, for
evaluation of patients with chest pain. After initial triage by a physician in the emergency department, patients are invited to answer questions
within CLEOS on a tablet computer. Data about pain in the context of the differential diagnoses for chest pain are contained within 29
decision graphs presenting questions that are a mixture of yes-or-no, multiple-choice, and image-based question types. The arrangement of
questions for these patients is based on principles of cardiovascular pathophysiology and includes ratings of symptom severity, nature, pain
location and radiation, associated cardiac or vagal symptoms, and precipitators of pain. The primary outcome measure is the successful
exclusion of acute coronary syndrome at 7 days (using physician diagnosis as the comparator). Secondary outcomes include the ability to
calculate risk scores for acute coronary syndrome; exclusion of acute coronary syndrome for 30 days and 1 year; direct costs and resource
use; and patient experience regarding feasibility, acceptance, comprehensibility, and technical aspects such as usability [30].

• Extent of use: in the clinical trial, CLEOS is being used at a single hospital: Danderyd University Hospital in Stockholm, Sweden.

• Mediktor

• General description: Mediktor is a symptom-checker tool developed in 2011 by Teckel Medical and StartUp Health, an IBM affiliate. The
developers describe Mediktor as “an interactive tool that can analyze users’ symptoms and evaluate their state of health” [31]. Mediktor is
available for consumers to use for free on its website as well as major smartphone and tablet systems in the form of a downloadable mobile
app [32,33].

• Design: the tool presents users with either multiple-choice questions or conversational-style prompts. After a series of questions and responses,
users are provided with an assessment of triage urgency, a summary sheet denoting inputted responses and possible diagnoses, and an
opportunity to pay for a telemedicine visit with a licensed clinician. Accessible to patients in >180 supported languages, the tool is powered
by artificial intelligence and natural language processing.

• Outcomes measured: according to an academic study conducted in Spain, Mediktor’s diagnostic accuracy was tested against the gold standard
of physician diagnosis, and its primary list of diagnoses matched in 91% of the cases [36].

• Extent of use: the tool has become available through Amazon’s Alexa as a skill that can be enabled for free [34] and through Telegram as
a chatbot messaging feature [35]. According to the developer, the tool is currently being used at 3 clinical sites in Europe and the United
States with 1.2 million user evaluations in 2019 (email communication with Fabiana Rojas, Mediktor, July 21, 2020).

• DocResponse

• General description: DocResponse is a clinical workflow, patient intake, and documentation tool launched in 2012 that engages users
electronically to schedule visits and enter previsit data about past medical history and acute complaints before their face-to-face encounter
with a clinician. The tool was developed by a team of technology experts and physicians from various specialties [37]. The tool’s stated
goal is to reduce data entry by front desk reception personnel, medical assistants, and clinicians.

• Design: patients are invited to enter data on any hospital-provided or personal smart device. The user can complete consent forms; enter
data describing past medical, family, surgical, and social histories; complete the review of systems; and use an assessment tool that populates
the history of present illness in the medical record before the patient’s arrival. Clinicians are then provided with clinical decision support,
including a preliminary differential diagnosis and treatment recommendation. At the end of the visit, the tool can also generate relevant
education materials for the patient to review [38].

• Outcomes measured: in a 2015 study, DocResponse was found to be the symptom checker most likely to arrive at the correct principal
diagnosis out of a sample of 23 similar tools (although its diagnostic accuracy was 18 out of 36 [50% CI 33%-67%]) [39,40].

• Extent of use: the tool is currently being used at >170 clinical sites in many care settings such as urgent care, primary care, orthopedics,
pediatrics, gastroenterology, multispecialty, and federally qualified health centers throughout the United States. Per vendor report, the tool
was used for >225,000 encounters in 2019 (email communication with Tarek Fahl, MD, DocResponse, July 16, 2020).

• Digivey

• General description: Digivey is a self-administered computer-assisted interview tool (delivered on Digivey survey software) that was designed
to improve diagnostic accuracy and patient safety.

• Design: A 2013 academic publication from Newman-Toker’s research group at Johns Hopkins University School of Medicine described
the design of this tool [41]. Digivey delivered adaptive questionnaires with approximately 40 items to emergency department patients to
elicit clinical history information about their individual symptom presentations. Participants used one of three electronic devices: mobile
kiosk, touch-screen monitor, or laptop computer.

• Outcomes measured: all 3 electronic device interfaces were deemed to be usable, there were low rates of user error, and administration
required approximately 6 minutes [41].

• Extent of use: Newman-Toker has continued to use the system extensively in research studies, including for data collection from patients
in an ongoing 5-site multicenter clinical trial that screened >3000 patient encounters using the tool. The Johns Hopkins department of
neurology is working to deploy the system in several clinical areas, including via mobile platforms where patients will be able to consistently
self-administer their medical data (email communication with David Newman-Toker, MD, July 7, 2020).
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• PatientTouch

• General description: PatientTouch is a tool created by PatientSafe Solutions Inc to elicit patients to use an electronic questionnaire to describe
their symptoms. In a pilot study published in 2014, investigators at Los Angeles County+USC Medical Center described the tool’s use
among adult medically stable patients presenting to the emergency department.

• Design: patients were asked to use a handheld touch-screen tablet and complete an electronic questionnaire in either English or Spanish
before contact with their physician. First, eligible patients were prompted to select one of six chief complaints: low back pain, upper extremity
injury, lower extremity injury, abdominal pain, headache, or motor vehicle collision. Next, they were guided through chief complaint–specific
algorithms based in questions provided in multiple-choice or point-and-click format.

• Outcomes measured: users were asked to rate their experience, usability, and satisfaction with the technology. Patients reported feeling that
the device would help them better communicate with their physician and improve their overall quality of care [42].

• Extent of use: the tool is not presently being used at any clinical sites, according to its developer.

• OurNotes

• General description: OurNotes is a tool developed in 2015 by the OpenNotes movement in which the patient is invited to contribute
information to their own ambulatory visit notes [43]. The developers’ stated goal is to enhance patient-clinician communication, support
patients’ engagement in their care, and save clinician time.

• Design: a pilot study publication described the enrollment of primary care clinicians and patients who were already registered to use an
institutional messaging portal. A few days before a scheduled visit, the patient was asked to submit answers to two open-ended free-text
questions: “How have you been since your last visit?” “What are the most important things you would like to discuss at your visit?” Before
the visit, the patient’s answers to these inquiries were routed to the clinician who could then incorporate them into the visit note. The patient
could view the note by logging in to the patient portal after the visit [44].

• Outcomes measured: patient experience and clinician workload were assessed in a qualitative study, with patients supporting the idea and
clinicians thinking it was possible that their workload could decrease if patients helped to produce their own visit notes [44].

• Extent of use: 4 academic medical centers participated in the pilot study, with 160 primary care clinicians and 2500 patients participating
between 2018 and 2020. Evaluation of the pilot is underway, and pilot sites are considering expansions of the program [45].

• FirstHx

• General description: FirstHx is a patient intake tool founded in 2016 and developed by physicians in Toronto, Ontario, Canada, that collects
information describing a patient’s symptoms and generates focused medical histories in advance of an acute care visit. The developer’s
stated goals include a dedication to improving physician-patient communication, reducing documentation time, mitigating medical error,
and improving the quality of care [46].

• Design: it is built specifically for use in emergency departments, urgent care, and telemedicine. The tool is designed to use a line of questioning
similar to that of physicians and generate a history of present illness report covering >240 presenting complaints in up to 10 supported patient
languages.

• Outcomes measured: the company’s website reports that patients can complete the 3- to 6-minute digital intake using either their personal
smartphone, provided tablet device, or through a dedicated kiosk [47].

• Extent of use: the developers state that it is available in the Epic App Store. It has undergone pilot testing at >10 sites, and its estimated use
will be 600,000 visits per year (email communication with Mark Benaroia, MD, FirstHx, January 27, 2022).

• Automated Evaluation of Gastrointestinal Symptoms

• General description: Automated Evaluation of Gastrointestinal Symptoms (AEGIS) is a tool developed in 2016 by researchers in Los Angeles,
California, United States, and Ann Arbor, Michigan, United States, to automatically obtain reports of symptoms from patients in the
gastroenterology clinic and transform them into a coherent history of present illness.

• Design: patients are invited to answer questions through a web-based portal to characterize symptoms as delineated by the Patient-Reported
Outcomes Measurement Information System framework. If a patient reports several symptoms, the AEGIS system prompts the user to select
the most bothersome symptom. An algorithm generates a physician-facing report that is designed to look like a physician-generated history
of present illness.

• Outcomes measured: in 1 peer-reviewed publication, patients underwent both computer-generated history taking and usual care, and blinded
ratings compared the quality of both sets of documentation. Computer-generated histories were found to be more complete, more useful,
better organized, more succinct, and more comprehensible [48]. Another peer-reviewed publication focused on the AEGIS system’s ability
to detect alarm features and found its performance to be superior to physician detection (alarm features detected in 53% vs 27%, respectively)
[49].

• Extent of use: AEGIS has not been used in routine patient care outside of the aforementioned studies (email communication with Christopher
Almario, MD, Cedars-Sinai Medical Center, July 19, 2020).

• DCAT
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• General description: DCAT, created in 2017 by German research and technology experts at aidminutes GmbH, is an anamnesis tool that
facilitates communication between patients and health care providers in primary care settings, with particular attention to refugee care sites
in Germany that experienced an influx of Syrian patients. Aidminutes, which is affiliated with the department of general practice at the
University Medical Center Göttingen in Göttingen, Germany, refers to the tool as a digital communication assistance tool that aims to
improve diagnostic accuracy by improving medical history taking [50].

• Design: once patients arrive at the outpatient clinic waiting room, they are given tablet devices that allow them to enter information describing
their symptoms. The tool also facilitates entry of data describing past medical history, current medications, allergies, and any psychological
comorbid conditions. To facilitate use by patients with limited literacy, the tool is designed to be visually intuitive, and it also includes audio
prompts. After patients enter their data, responses are translated into the clinician’s preferred native language and presented as a data synopsis,
including alerts regarding red flags in the history that have been discovered [51].

• Outcomes measured: use of the tool has been described in peer-reviewed publications, including a recent study demonstrating good usability
and acceptance by patients speaking Levantine Arabic, Modern Standard Arabic, Egyptian Arabic, Farsi, Sorani Kurdish, and Turkish [52].
In 1 study, patients successfully completed their assessments in an average time of 13 minutes [53].

• Extent of use: the tool was used in approximately 10,000 multilingual visits in urgent care and family medicine clinics during 2021 (email
communication with Frank Muller and Andreas Lippke, May 3, 2022).

• Quro

• General description: Quro is a chatbot health assistant created in 2017 by Medius Health (Sydney, New South Wales, Australia) that uses
machine learning artificial intelligence to deliver health assessments to users [54]. Patients can access the tool through a desktop web browser
or smartphone.

• Design: users are invited to answer a set of free-response and multiple-choice prompts generated by the back-end sequential question
prediction algorithm using a large-scale clinical knowledge graph to mimic the taking of a medical history. Each new question is predicted
based on previous user-chat context. After completion, the patient is provided a list of differential diagnoses with interpretations, nearby
health services, recommendations about the urgency of their condition, and a detailed report that displays the answers to their individual set
of questions. The tool’s website advertises a built-in medical dictionary of >7 million disease and illness presentation patterns, scored against
content sourced from “trusted sources like medical journals” to produce its personalized clinical assessments [55].

• Outcomes measured: in an article published by Quro’s developers, the tool’s triage accuracy was assessed using 30 case-based scenarios
(10 for emergency care, 10 for general practitioner care, and 10 for self-care) and found to be accurate in 83% (25/30) of the cases [56].

• Extent of use: Quro is marketed to, and used by, several health and wellness service providers to engage with, and onboard, patients remotely
(email communication with Shameek Ghosh, founder and chief technology officer, September 1, 2020).

• Mandy

• General description: Mandy is a primary care conversational-style dialogue system developed in 2017 by a public-private research partnership
of computer scientists at the University of Auckland in Auckland, New Zealand, funded by Precision Driven Health and Orion Health, aimed
at improving health outcomes through data science. The tool is designed to assist health care staff by automating the patient intake process.

• Design: patients interact with the tool by answering the conversational-style prompts with open-ended free-text responses. An analytic
engine uses natural language processing to interpret the patient’s text, queries a symptom-to-cause mapper for reasoning about potential
diagnostic causes, and then generates further interview questions. Once the system has obtained sufficient information from the patient, it
reports a differential diagnosis for the clinician to consider.

• Outcomes measured: in a proof-of-concept paper, the developers reported on the application’s question accuracy (ability to generate key
follow-up questions after an initial chief complaint) and diagnosis prediction accuracy (ability to generate relevant differential diagnoses
after obtaining responses to its questions) by using gold-standard cases from a medical textbook. Out of 6 cases, the tool generated appropriate
questions in 5 cases and had case-by-case prediction accuracy ranging from 14% to 100% [57].

• Diagnosis and Anamnesis Automated Medical History–Taking Device

• General description: Diagnosis and Anamnesis Automated Medical History–Taking Device (DIAANA AMHTD) was developed by
Logic-Based Medicine Sàrl in collaboration with Adrien Schwitzguebel of Lausanne University Hospital in Lausanne, Switzerland, to
improve diagnostic accuracy through helping physicians to generate more comprehensive differential diagnoses. To date, the tool exclusively
addresses musculoskeletal complaints.

• Design: in a pilot study published in 2019, the developer and coinvestigators tested DIAANA AMHTD at a teaching hospital in Geneva,
Switzerland. Patients were eligible if they were waiting to be seen at an ambulatory clinic for evaluation of musculoskeletal symptoms.
Patients in the experimental group were asked to complete a digital form on a touch pad before the resident physician’s evaluation, including
questions about specific symptoms and risk factors. Through the completion of an adaptive questionnaire that draws from a data set of 269
questions, DIAANA AMHTD then generated a comprehensive anamnesis summary and a list of top differential diagnoses. The list of
differential diagnoses (selected from 126 possibilities) was then presented to medical residents for consideration before the face-to-face
evaluation.

• Outcomes measured: residents who used the tool were found to be more likely to have included the final diagnosis from the list of initial
differential diagnoses than those residents who did not use the tool (75% vs 59%, respectively) [58].
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Extent of use: the tool is currently being used regularly by a single physician with 250 patient encounters in 2019 and has also been
implemented by a Swiss telemedicine system called Soignez-Moi in Biel, Switzerland (Email communication with Adrien Schwitzguebel,
MD, July 2020).

•

Descriptions of Tool Characteristics in the Taxonomy
As a result of our pile-sorting procedure, we developed an HPI
tool taxonomy that includes the following categories: interaction

modality, lingual support, patient versus caregiver data entry,
patient subpopulation (by age, chief complaint, or body system),
modality of result delivery, and decision support target (patient
or clinician). The resulting taxonomy is reported in Textbox 2.

Textbox 2. Taxonomy of characteristics describing the tools used for obtaining the history of present illness in the study sample.

Query style

• Open-ended free text

• Multiple choice

• Conversational style (chatbot)

Language capability

• Single language only

• Multiple languages

• Discordant language support

Tasked to perform data entry

• Patient

• Parent or caregiver

Patient subpopulation

• All patients

• Limited by patient age, care setting, or body system

Output format

• Text-based report

• Data imported to electronic health record

Decision support

• Patient facing

• Clinician facing

Interaction Modality
Among the 18 tools reviewed, 1 (6%) used exclusively
open-ended free-text interaction (OurNotes [43]), whereas 3
(17%) used a conversational style of interaction (ie, a chatbot
style) simulating a human text-message interaction (Mediktor
[31], Quro [55], and Mandy [57]). The remaining tools (14/18,
78%) used either an entirely multiple-choice format or used
primarily a multiple-choice format with some open-ended
free-text components.

Lingual Support
Of the 18 tools, 1 (6%) was developed specifically to address
language barriers in Germany, and it was deployed especially
to assist Syrian refugees with communication (DCAT [50]),
whereas 1 (6%) specifically reported the capability to facilitate
clinical communication between patients and clinicians in

language-discordant encounters (FirstHx [46]); 5 (28%) other
tools reported the ability to capture the HPI in English as well
as other languages (CIDI-Auto [25], Clinical Expert Operating
System (CLEOS) [30], Mediktor [31], PatientTouch [42], and
Quro [55]), 1 (6%) was Dutch only (AIDA [19]), and 1 (6%)
was German only (Diagnosis and Anamnesis Automated
Medical History–Taking Device [DIAANA AMHTD] [58]).
The remaining tools (9/18, 50%) were English only
[16,20,21,27,40,41,46,51,57].

Patient Subpopulation
Of the 18 tools, 10 (56%) were tailored to specific patient
populations by reason for visit or body system (HELP System:
pulmonary [20]; AIDA: multiple specific body systems [19];
ParentLink: pediatric emergency, allergy, and trauma [21,22];
CIDI-Auto: psychiatry [26]; CLEOS: cardiology [29]; Digivey:
emergency [41]; PatientTouch: emergency [42]; Automated
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Evaluation of Gastrointestinal Symptoms (AEGIS):
gastroenterology [51]; and DIAANA AMHTD: musculoskeletal
[58]). The remaining tools (8/18, 44%) did not specify a target
subpopulation of patients [14,27,31,40,46,49,53,56,57].

Modality of Delivery
Of the 18 tools, 12 (67%) reported the capacity to import patient
data directly into the clinician’s EHR system
[14,20,21,29,40-42,46,49,53,57,58], and the other 6 (33%)
provided users a text-based report of patients’ responses to
prompts or a list of top differential diagnoses
[19,26,27,34,51,56]. It is possible that some of the tools with
text-based reports have back-end functionality that allows for
transmission of information to partnering clinicians, although
we are unable to ascertain which tools can do this based on
review of tool web sites and articles in our sample.

Decision Support
Of the 18 tools, 5 (28%) offered patient-facing decision support
that came either in the form of a triage acuity level or a list of
differential diagnoses that was displayed for patients to read
[19,27,34,40,56], whereas 15 (83%) offered clinician-facing
decision support, which was displayed to clinicians as a list of
differential diagnoses with or without links to evidence-based
m a n a g e m e n t  r e c o m m e n d a t i o n s
[14,19-21,26,29,40-42,49,51,53,57,58].

Outcome Measures
There was a wide range of outcome measures reported among
the tools in the sample. Outcome measures were categorized as
being related to the domains of tool usability, efficiency of care,
and quality of care.

Tool Usability
Patient usability was studied for 33% (6/18) of the tools (Instant
Medical History [14], AIDA [19], Digivey [41], PatientTouch
[42], FirstHx [49], and DCAT [53]). Other related constructs
were measured for several (5/18, 28%) of the other tools,
including patient acceptability (CIDI-Auto [23-26]), patient
satisfaction (PatientTouch [42] and CLEOS [29]), and patient
experience (CLEOS [29] and OurNotes [46]). Completion rate
was studied for 11% (2/18) of the tools (Instant Medical History
[14] and AIDA [19]), and data entry error rate was studied for
6% (1/18) of the tools (Digivey [41]). Clinician usability was
only reported for 6% (1/18) of the tools (DCAT [50,51,53,59]),
although a concern about clinician workload was mentioned in
the qualitative study of OurNotes [44].

Efficiency of Care
Time to completion was the most commonly reported measure
of efficiency, used in studies of 33% (6/18) of the tools (Instant
Medical History [14], AIDA [19,20], ParentLink [21,22],
Digivey [41], FirstHx [46,47], and DCAT [50,51,53,59]). A
study of FirstHx compared the number of questions asked by
the tool and the clinician. There was no report of any research
related to the impact on length of the visit or time spent by
clinicians on direct or indirect care [46,47]. The protocol
describing a currently ongoing clinical trial of CLEOS reported
a plan to measure direct costs and resource use for patients in
the intervention group versus a control group (refer to the next

section [Quality of Care] for additional details) [30]. The
protocol of another clinical trial reported a plan to measure the
rate of repeat visits to a clinic as a proxy measure for improved
patient-clinician communication at a refugee clinic (DCAT)
[53].

Quality of Care
There were a wide variety of measures that have implications
for quality of care. A study of 6% (1/18) of the tools reported
agreement of the patient’s chief complaint between the tool and
a physician (AIDA) [20]. Another study reported agreement in
the questions asked (FirstHx) [47], and articles describing 11%
(2/18) of the tools reported agreement in the symptoms reported
between the tool and those the physician documented (CLEOS
[30] and DCAT [53]). A study of AEGIS reported agreement
in alarm features reported via the tool or in physician
documentation [49], and a study of ParentLink reported
completion rate of critical history elements for histories acquired
via the tool and a physician [21]. Another study of AEGIS
compared the quality of documentation produced by the tool
with that produced by treating physicians by having blinded
physicians rate the quality of documentation produced by both
sources [48].

Diagnostic agreement was the most commonly reported measure
related to quality of care. Studies of 22% (4/18) of the tools
reported on agreement between tool-produced diagnoses and
vignettes with prespecified diagnoses (MEdoctor [28],
DocResponse [39,40], Quro [56], and Mandy [57]). Studies of
28% (5/18) of the tools reported agreement between
physician-generated diagnoses in health care environments and
diagnoses generated by the tools (HELP System [17], AIDA
[19], CIDI-Auto [25], Mediktor [36], and DIAANA-AMHTD
[58]). The research protocol for an ongoing study of CLEOS
was the only article describing measurement of patients’ health
outcomes. In the study, the primary outcome was reported to
be the tool’s ability to exclude acute coronary syndrome at 7
days for patients presenting to the emergency department for
chest pain, and secondary outcomes were the ability to exclude
acute coronary syndrome at 30 days and 1 year [30].

Discussion

Principal Findings
In this scoping review, we identified 18 digital tools that have
been used to collect HPI information about patients’ symptoms
and communicate it to clinicians. These tools varied widely in
their stated purposes (eg, to improve patient-clinician
communication, to enhance patient engagement, to save clinician
time, to improve diagnostic accuracy, and to exclude acute
coronary syndrome). They also varied widely in their interaction
modality (open-ended free text vs multiple choice vs
conversational style), modality of results delivery (text-based
report vs EHR integration), and decision support capability
(patient facing vs clinician facing). There did not seem to be
any consensus on how information should be collected or how
it should be presented to patients or clinicians.

For the tools identified in this review, peer-reviewed
publications describing empirical evaluation findings were
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somewhat limited. However, results from several studies provide
preliminary evidence that implementation of such tools is
acceptable to patients; for example, a well-designed usability
study demonstrated that patients found the precursor to Digivey
easy to use [41]; a multi-institutional survey revealed that 2 out
of 3 clinicians who had used OurNotes supported continued
coauthorship of visit notes with patients [45]; and studies of
ParentLink and AEGIS found that both tools improved
documentation of critical elements of patients’ histories
[21,22,49,60]. In the coming years, investigators in Europe will
determine, through a clinical trial of CLEOS, whether use of
the tool can predict adverse clinical outcomes more accurately
than clinicians among a sample of 2000 patients evaluated for
acute chest pain. As these tools are studied more intensively,
we recommend that academic evaluators should adopt one of
several recently published frameworks to design comparative
effectiveness studies of multiple tools [61-63]. However,
although the rigorous randomized controlled trial of CLEOS is
underway, other investigators and tool developers may not be
willing to spend the time and resources to follow patients
through the many steps in their journeys and measure health
outcomes in a controlled fashion. Instead, surrogate outcomes
may be considered so long as measures are in place to ensure
that patients are not being harmed by HPI-tool implementation.
In the emergency department work environment, for example,
reducing documentation time for clinicians and improving
satisfaction for patients could be adequate primary outcomes
so long as there is no evidence of health outcome inferiority,
such as increased length of stay for inpatients or increased return
emergency department visits for discharged patients. Future
investigators should consider prioritizing the following measures
for patients: usability, documentation time, accuracy of the
history, and satisfaction with the visit. For clinicians, we
recommend prioritizing usability, documentation time, accuracy
and completeness of the history (including elicitation of red
flags for certain chief complaints), and satisfaction with the
visit. For the visit overall, measures could include
patient-clinician interaction time and emergency department
length of stay (measured from the time the clinician signs up
for the patient until the disposition decision).

Although academic investigators are carrying out such studies
to test HPI tools, vendors of commercial products are already
implementing their products in clinical environments across the
world; for example, the vendor of Instant Medical History
reported that it would be used in an estimated 80 million visits
in 2020. To our knowledge, this tool has not been rigorously
studied in peer-reviewed literature; however, it has been in use
for decades, and its recent, rapid real-world implementation
may indeed lead to important advances in the field of
informatics.

On the basis of our review of the literature and our experience
in the field, there are several barriers to the adoption of digital
HPI tools by clinicians and patients. First, selecting 1 tool for
testing and implementation is nontrivial because there is a lack
of consensus on which features would make care more efficient
and higher quality. Second, clinicians may not be interested in
adopting new technology before a careful study of workflow is
undertaken. Third, integration of a tool into a clinician’s EHR

system may require substantial time and effort. Fourth, clinicians
may fear that storing patient-generated information may increase
the risk of malpractice litigation. Fifth, asking patients to use
technology may exacerbate already existing health disparities
for vulnerable patients. Sixth, and last, there is no clear evidence
that adopting digital HPI tools leads to improved health
outcomes—although evidence will likely be forthcoming in the
next few years.

After evaluating all the tools described in this review, our
opinion is that patients can successfully and safely be engaged
to compose their own HPI information. We believe that both
patients and clinicians would benefit from a tool with an
intuitive design that allows patients to create a history through
a combination of unstructured and structured prompts and then
transforms this history into a narrative that is cohesive and
communicates the key elements of the history to clinicians so
that the differential diagnosis can be narrowed appropriately.
We believe that the ideal tool would begin with a
patient-generated narrative and then ask patients to complete a
sequence of closed-ended questions to narrow the differential
diagnosis. This is the sequence that clinicians are trained to use
because patients can offer information that they believe is
relevant, and then clinicians can use closed-ended questions to
fill in gaps in knowledge and narrow the differential diagnosis
[64]. For blocks of text generated by patients, natural language
processing can be used to add structure [65] and feed analyses
that can determine which closed-ended questions should be
administered to obtain a complete history in a reasonable amount
of time. This approach is similar to the one used by Quro, and
it avoids the need for extremely long question chains that were
used in older rule-based tools such as AIDA. This text-based
approach could additionally be supplemented by touch-based
graphical items so that patients would be able to signal the
location of their symptoms [66]. Alternatively, it is possible
that rule-based decision trees could be adequate for certain
conditions in certain clinical settings. In the emergency
department setting in particular, patients can present with any
complaint, which makes flexibility essential for any HPI tool.

Limitations
There are several limitations to this study. First, although we
developed our search terms in consultation with a medical
librarian and among a multidisciplinary research team, it is
possible that the failure to include certain search terms or
databases could have led us to miss key publications. Second,
tools such as those we have reviewed tend to evolve over time,
which may have limited our ability to characterize them
accurately based on the published literature. Third, and last, our
review of tools included several sources of information such as
peer-reviewed literature, non–peer-reviewed articles, and
websites of for-profit entities. Although we have tried to verify
the accuracy of the information we obtained, it is possible that
information from some sources is biased.

Conclusions
Many HPI tools with various features are available to aid in
obtaining the HPI. Future research should examine which tools
improve patients’ health outcomes and which design features
are pivotal to improving communication, diagnosis, and,
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subsequently, patient health outcomes. We recommend that
future tools use a combination of narrative text, closed-ended
questions, and graphical items so that the histories obtained can

successfully communicate the patients’ symptoms to clinicians
and narrow the differential diagnosis.
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Abstract

Background: The number of young people in New Zealand (Aotearoa) who experience mental health challenges is increasing.
As those in Aotearoa went into the initial COVID-19 lockdown, an ongoing digital mental health project was adapted and
underwent rapid content authoring to create the Aroha chatbot. This dynamic digital support was designed with and for young
people to help manage pandemic-related worry.

Objective: Aroha was developed to provide practical evidence-based tools for anxiety management using cognitive behavioral
therapy and positive psychology. The chatbot included practical ideas to maintain social and cultural connection, and to stay
active and well.

Methods: Stay-at-home orders under Aotearoa’s lockdown commenced on March 20, 2020. By leveraging previously developed
chatbot technology and broader existing online trial infrastructure, the Aroha chatbot was launched promptly on April 7, 2020.
Dissemination of the chatbot for an open trial was via a URL, and feedback on the experience of the lockdown and the experience
of Aroha was gathered via online questionnaires and a focus group, and from community members.

Results: In the 2 weeks following the launch of the chatbot, there were 393 registrations, and 238 users logged into the chatbot,
of whom 127 were in the target age range (13-24 years). Feedback guided iterative and responsive content authoring to suit the
dynamic situation and motivated engineering to dynamically detect and react to a range of conversational intents.

Conclusions: The experience of the implementation of the Aroha chatbot highlights the feasibility of providing timely
event-specific digital mental health support and the technology requirements for a flexible and enabling chatbot architectural
framework.

(J Med Internet Res 2022;24(11):e38743)   doi:10.2196/38743
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Introduction

Background
Looking after young people’s mental health is a global public
health priority [1]. In New Zealand (Aotearoa), the rates of
mental health challenges are increasing among rangatahi (young
people) [2]. There are a range of supports being implemented
nationally at present to transform care for young people and
improve mental health. The Aroha chatbot is one such support
tool.

The COVID-19 global pandemic has created trying
circumstances at the population level around the globe because
of the unprecedented changes and ongoing uncertainty about
the future [3]. The COVID-19 pandemic has ongoing impacts
on young people in terms of the transition from education to
vocation [4-6], and in the context of developmental changes
and emergence to adulthood [1].

Before the onset of the pandemic, it was estimated that between
10% and 20% of children and young people experience mental
health challenges. This represents 60% to 70% of
disability-adjusted life years among young people [7]. Despite
many young people needing support and most not seeking or
receiving any mental health care, public mental health services
are organized in a way that can create significant barriers for
those who do seek care. This includes limited capacity, even
for those with more severe needs, lack of convenience or
visibility, and cost. Other barriers include services being
unacceptable to young people with fears such as lack of
confidentiality, lack of privacy, and stigma. There is also a lack
of equity of access to services [8].

There is now a large and growing body of research on the use
of digital mental health support for young people. Digital tools
have the benefits of being nonjudgemental, private, stigma free,
flexible, and accessible, and have far greater reach than
traditional forms of treatment. Digital mental health tools have
been shown to be acceptable and effective treatments for the
common mental health problems of anxiety and depression in
youth [9,10].

Conversational Agents
A dialog agent or “chatbot” style interaction for digital mental
health has attracted interest since Eliza in the 1960s [11], even
though its imitation of a psychotherapist through the simple
linguistic token manipulation that was possible at the time was
limited. A contemporary example of a conversational agent is
Woebot, which delivers cognitive behavioral therapy (CBT).
When tested with students with depression, those who used
Woebot significantly reduced their symptoms over the study
period. There was no reduction in symptoms for those in the
information control group, who were offered a self-help book
[12]. A systematic review of conversational agents in health
care found mental health to be the most common area of
application [13].

COVID-19 Pandemic in Aotearoa
On March 21, 2020, at the beginning of the COVID-19
pandemic in Aotearoa, a 4-level COVID-19 alert system was

announced [14]. Beginning at 11:59 PM on March 25, 2020,
alert level 4 was instituted, putting the country into a nationwide
lockdown with strict stay-at-home orders. This lockdown
remained in place until 11:59 PM on April 27, 2020, and then
was withdrawn in stages to the lowest alert level on June 8,
2020. With the perception that young people would benefit from
and enjoy tailored digital support, we saw an opportunity to
leverage existing digital infrastructure to guide rangatahi in
Aotearoa through the stringent requirements of lockdown.

This period represented an opportunity for the uptake and trial
of digital mental health technologies, and we used the Aroha
chatbot. There was an apparent requirement for support other
than face-to-face support, as community access was largely
suspended and demand for support increased during this time
[15].

Responsiveness to Tāngata Whenua
Our research is grounded in Te Tiriti O Waitangi (the Treaty
of Waitangi). Māori as Tāngata Whenua (the indigenous people
of Aotearoa) have their indigenous status supported through
government legislation in Te Tiriti O Waitangi, which
guarantees partnership, participation, and protection for Māori.
These principles are critical as we try to address the inequities
that exist for Māori in a range of health outcomes in Aotearoa
[16-18].

The HABITs (Health Advances through Behavioural
Intervention Technologies) project has been developing an
ecosystem of screening and e-therapy tools designed to meet
the needs of young people in Aotearoa since 2016. The Aroha
chatbot was developed out of the HABITs project, and the
project was greatly inspired by the effectiveness and approach
of SPARX (Smart, Positive, Active, Realistic, X-factor
thoughts), which is an online game [19]. It helps young people
who are feeling down (depressed, stressed, anxious, and low).
The SPARX program’s development included a Māori
cocreator, input from Māori CBT experts, cultural guidance
from kaumātua (respected elder), and a Māori game
development company [20]. The Māori and Pākehā (New
Zealander of European descent) co-leadership in the HABITs
project is crucial. It has ensured that as a design team, we are
transformational and support the indigenization of mental health
services for Māori [21].

Working biculturally (Māori and Pākehā) guaranteed not only
relevant content, but also a respectful process in the co-creation
of the Aroha chatbot. For this chatbot to connect with rangatahi
Māori, we took guidance from our Māori advisors and chose
Aroha as a name. Aroha means caring and kind; this allowed
for Aro (meaning focus) and Hā (essence) to be included in the
intent of the application, which was to provide a “caring and
kind” e-therapy support tool that “focuses” on a person’s
“essence.” In addition, strategies and activities were designed
for and targeted rangatahi Māori and their whānau (family).

Objectives
The objective of this study was to support young people in
Aotearoa in managing challenges during the COVID-19
lockdown. We sought to develop chatbot architecture by
leveraging existing technology, determine the process and
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experience of developing the Aroha chatbot, and evaluate the
real-world rollout of an open trial.

Methods

Initial Architecture
Existing chatbot technology and broader online trial
infrastructure already developed for the HABITs project were
leveraged to develop the Aroha chatbot. The base chatbot
technology for content management and delivery in the HABITs
project was developed in partnership with a contractor, RUSH
Digital [22]. This technology had already been used for chatbot

deployments called “Headstrong” and “Stress-Detox.” Each of
these were designed to promote resilience with methods
grounded in CBT and positive psychology, and field trials have
been conducted for each [22,23].

A high-level overview of the chatbot architecture is depicted in
Figure 1. The main components are the messaging channel,
chatbot engine, natural language understanding module, and
dialog content authoring system (content management system
[CMS]). The web application framework Django was used for
the application technology, in combination with Facebook
Messenger as a client.

Figure 1. Simplified hybrid component architecture diagram of the system used for Aroha. CMS: content management system; HABITs: Health
Advances through Behavioural Intervention Technologies; NLU: natural language understanding.

The messaging channel selected for Aroha was Facebook
Messenger, the sole channel initially supported by the base
technology. Facebook Messenger (now Messenger by Meta
Platforms) supports sending text with or without quick reply
options; a variety of attachment types including simple and
carousel images, GIFs, audio, and video; and buttons and
webviews (web pages that display within Messenger). For
instance, webviews were used in Aroha for a set of games called
“Swipe Sports.”

The chatbot engine handled the user input/chatbot response
conversational exchange. User input in the messaging channel
invokes a request to the chatbot server, where chat requests are
handled by the chatbot engine, dispatching one or more
responses back to the user. In this fashion, the user has the
experience of chatting with a persona (in this case Aroha) on
Messenger. Aroha appears alongside contacts the user has
already chatted with.

The chatbot dialog has a directed graph representation wherein
vertices (or “nodes”) of various types hold the dialog content
and other aspects of the chat logic, while edges (arcs between
nodes) specify the available transitions. When a request is
handled by the chatbot engine, this directed graph is traversed
from the user’s current vertex until a vertex is reached that
requires user input again. This procedure corresponds to a dialog

turn. There is a range of vertex types in the dialog graph. Some
vertices when visited invoke sending a message (text,
attachment, etc) to the user, while others update a variable or
assess a condition (and select an out-edge to traverse) based on
user input or the value of a variable. It is common for the chatbot
to return 2 or 3 responses to the user, which is an important way
to break up longer pieces of dialog. A conversational humanness
is conferred by a short thread sleep between dispatched
responses as well as a “typing on” response to the user, which
shows the chatbot is creating another message and appears as
a dialog bubble with 3 moving dots.

The natural language understanding component of the system
includes functionality for free-text intent classification.
However, there are few locations within the dialog graph in
which the chatbot encourages input of free text, with the dialog
principally mediated by the provision of quick options for the
user to choose from. When input is made by the user, free text
is classified to 1 member of a predefined intent set through an
application programming interface (API) request to DialogFlow
[24]. Forty distinct intents were defined at a level sufficiently
granular to discern expressions representing main mood/emotion
states in a meaningful way. For example, intents were defined
for anger, sadness, loneliness, stress, fear, anxiety, happiness,
and excitement. At any vertex within the dialog graph where
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free text is handled, there are outgoing edges corresponding to
specified intents and 1 fallback edge for free text that is
unmapped. Multiple intents with similar characteristics will
sometimes converge on the same child node when that node is
sufficiently general to handle a group of intents (eg, fear, stress,
and anxiety). For example, if a user typed “I’m sad” or “I’m
down,” the chatbot responded with “Hey, I am sorry to hear
you are feeling that way,” and then offered other resources.

Dialog authoring is undertaken using a web browser–based
graphical user interface (GUI). The overall dialog has 1 entry
point and is organized into dialog modules, such that a user
moves through a sequence of modules, some of which are
conditionally served. Given that the dialog is large, this
modularization is particularly important to support nontechnical
authors.

Figure 2 illustrates a portion of the user interface for dialog
module authoring. Each dialog module has 1 entry point and 1

or more exit points (yellow “Exit Module” nodes). Authoring
the dialog in each module involves defining both the sequence
and content of dialog nodes. To define the sequence, the GUI
canvas allows nodes to be dragged from the top toolbar into the
canvas, and each out-edge must then connect (using a responsive
snaplock) to a child node. Certain node types naturally allow
for multiple out-edges. For example, a purple “Question” node
receives free-text user input, and thus, the out-edges of this node
type are associated with specific intents that free text is expected
to be classified to (configured via a dropdown option available
to this node type when clicked). The green “Quick Replies”
node type also has multiple out-edges corresponding to a set of
quick options a user may select from (beige colored labels to
out-edges). There are also condition checking nodes (pink,
“Branch”) that are transparent to the user but control the flow
of the dialog using variables that can be set throughout the dialog
(lime “Update Value” nodes).

Figure 2. The dialog module authoring canvas of the chatbot architecture used for Aroha.

The content of each node depends on the node type. Figure 2
illustrates editing of the content of a “Quick Replies” node. The
content of this node type includes both the question presented
to the user and a set of 1 or more quick reply options that the
user may select from. “Rich Media” (light blue) nodes define
an attachment response with an image or audio file, and thus,
configuring content for this node type involves uploading the
associated file type.

This authoring interface affords the opportunity for users without
technical expertise to configure the dialog, and this helps to
address the problem of the knowledge engineering bottleneck.
Our experience with both Headstrong and Stress-Detox was
that users without technical expertise can author the majority
of dialogs for chatbots using this authoring system. For Aroha,
clinical psychologists authored dialog modules directly.

The chatbot architecture was designed to interoperate with the
HABITs information technology platform. To facilitate rapid
and concurrent field trials within the HABITs project, a
configurable web portal and suite of web services have been
developed [25,26]. The portal supports online self-registration
of users to trials with tailored project information and informed
consent, as well as administration of online assessments at
specified times. The web services allow applications to log
event data (eg, sessions of use and activities completed) and
link these with assessments for subsequent analysis. These
features were used to set up the online trial of Aroha.

Aroha Chatbot Development for Initial Rollout
In the context of a strict lockdown (all schools and nonessential
workplaces closed, and the public instructed to stay at home
and have contact only with those in their “bubble”), the
expectation was that young people would be using Aroha at
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home, generally on their phones. The target age range for the
chatbot users was 13 to 24 years.

Aroha was designed to have a more user-controlled flow than
our previous chatbots that had a programmed set of day-by-day
activities. After initial rapport building, including brief

assessment and empathetic feedback, as well as psychoeducation
around managing pandemic-related anxiety, the user was offered
the option to select a module to suit them. Table 1 lists the
modules in the initial release of Aroha and those added shortly
after launch.

Table 1. Aroha chatbot modules.

ModulesVariable

First session/onboarding • Intro
• Onboarding
• Brief assessment
• Introductory information (modified at re-entry to just a greeting

and repeat of the brief assessment)

Activity modules • Stay connected
• Calming activities
• Practice gratitude
• Spirituality
• Distract yourself
• Get active
• Get expert help
• General tips

1. Self-care
2. Have a routine
3. Protect your sleep

• Alcohol and drugs

Activity modules added within 3 months after launch • Money worries
• Anger management
• Violence
• Prime Minister’s message

Outro • Recheck of the brief assessment
• Give feedback
• Check your hauora (health and well-being)
• Other resources
• Outro

Activity modules within Aroha were short. These modules teach
evidence-based mental health strategies for good well-being
that are based on best practice. Activities were designed to
support young people to maintain general well-being within the
context of the COVID-19 pandemic. The flow through the
modules is largely driven by the user, and modules can be
repeated, although users are encouraged to try another skill they
might not have tried previously.

For example, the “practice gratitude” module promotes a grateful
mindset and orients thinking toward positive things in life. The
users are offered examples of things to be grateful for, such as
whānau and technology, and then encouraged to make their
own entry. Clinical trials show that practicing gratitude promotes
happiness and well-being, and reduces symptoms of depression
and anxiety [27]. Users could easily choose to start another

module; otherwise, they were offered other resources upon
module completion, as well as the option to finish the chat/exit.

Figure 3 illustrates some content from Aroha. All users had
Aroha as a guide (unlike our previous chatbot deployments
where there was a choice of 4 personas). Aroha offered an
introduction and a “faux selfie” (Figure 3A) and reminded the
user that the Aroha character is not a real person. The chat
consisted of text and images in the message stream. “Poster”
style content was frequently used to provide sets of related tips,
such as “Aroha’s tips to reduce stress” (Figure 3B). Tips on a
single image were able to be structurally linked, unlike a series
of consecutive text bubbles. Posters were richly styled to
reinforce the tone of the message, and users were offered the
option to save posters to review later.
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Figure 3. Example Aroha content. (A) Chatbot introduction with faux selfie. (B) “Poster” style advice.

Recruitment Procedure and Feedback
A tiny URL (tiny.cc/aroha) was created that redirected to the
HABITs portal for Aroha trial enrollment and was used as the
basis for disseminating the chatbot. The URL was used in
communications released by the authors’ institution and
interviews given by the authors, and was sent to contacts in the
community inviting feedback and encouraging promotion of
the service to young people. While these channels were unlikely
to reach many young people directly, the intention was to reach
professionals who would endorse the tool to young people,
including guidance counsellors, mental health workers, teachers,
and school senior management.

Early content generation was based on user testing (held online)
with school guidance counsellors, clinicians, and rangatahi. We
connected to our network of youth advisory groups and
community organizations to recruit participants to a focus group
that a clinical psychologist (SH) conducted in June 2020. The
focus group was held online with 7 participants and had the
specific objective of learning about the issues rangatahi faced
with respect to the COVID-19 pandemic and lockdowns. The
focus group consisted of introductions and karakia (Māori
incantation and blessing), and an explanation of the Aroha
chatbot, as well as the following guide questions: (1) What have
your experiences and challenges been during COVID-19? (2)
What do you expect the next 3 months to be like for you? (3)
What are some of the challenges you or your friends might face

going forward? (4) What do you expect the next week to be
like? (5) What would the next 3 months ideally look like for
you? (6) Do you think the challenges you’ve experienced over
the last few months (referring back) will continue? The session
was closed with karakia, and the youth voice from this focus
group was used to inform the ongoing content iteration to the
Aroha chatbot.

We conducted early user testing of Aroha using our existing
networks and contacts. As we were working under lockdown
conditions, feedback was collected from users remotely (using
videoconferencing where possible) and in writing. We
approached a small number of adolescents to try Aroha and
asked them for their initial impressions, what they liked, and
what improvements we could make. We also made Aroha
available to an undergraduate class and invited students to send
their feedback about the chatbot’s usability, style of
communication, and features.

Given that the primary motivation for the development of Aroha
was to ensure relevant and accessible support to young people,
only a brief research assessment was incorporated via a single
item assessing anxiety about COVID-19 on a scale with scores
ranging from 0 to 10 (“no worries” to “totally freaking out”),
collected at onboarding and the introduction of subsequent
sessions. Users were invited but not required to record the single
item at session outro. Those who used Aroha were also invited
by automated email to give feedback about the experience of
using Aroha 5 days after onboarding with the chatbot.
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Ethics Approval
This study was supported by an amendment to the University
of Auckland Human Participants Ethics Committee protocol
023234 (a protocol initially used for Stress-Detox, amended to
a lower target age, to provide COVID-19 focused content, and
to remove the original study’s pre-post surveys). All participants
provided informed consent.

Results

Initial Uptake
In the 2 weeks following the launch of the chatbot and the open
trial, there were 393 registrations, and 238 users logged into the
chatbot, of whom 127 were in the target age range (13-24 years).

Moreover, 70.9% (90/127) were female and 47.2% (60/127)
identified as New Zealand European. On average, target users
engaged with Aroha for 11 minutes, and of the 127 users in the
target age range, 31 returned for repeat sessions. There were 30
users (out of 81, 37%) who completed the pre-post measure of
COVID-19 anxiety, both in the initial session and the outro,
and these showed a reduction in self-reported anxiety from a
mean of 5.1 (range 0-10; SD 2.6) to 4.3 (SD 2.5). Further uptake
and evaluation data collected following the initial launch of the
Aroha chatbot will be shared in a subsequent paper.

Feedback
Feedback from users of Aroha who responded to the invitation
sent by automated email has been provided in Textbox 1.

Textbox 1. Feedback quotes from young people in the target age range (13-24 years) who used Aroha.

Question 1: “Did you find me useful?”

Responses:

1. “Yup I did, you gave a lot of good tips forma range of topics and it was rlly useful and good”

2. “Yes”

3. “Yes”

4. “Yeah, can I ask something personal lol”

5. “Yes, I did”

6. “Yes. Very good. Thank you”

7. “Yes, I did”

Question 2: “What was the most useful part?”

Responses:

1. “The range of tips from all the different topics”

2. “Ideas”

3. “The easy feeling of it being a conversation”

4. “Getting calm”

5. “Meditation”

6. “Breathing”

7. “Activities to reduce stress”

Question 3: “What could I do better?”

Responses:

1. “Ummm nothing really”

2. “Not sure”

3. “Some symbols don’t display on my phone, can make it hard to know what response I’m giving”

4. “Maybe ask what’s wrong first”

5. “I don’t know how to save favorites and I can’t see my progress”

6. “Nothing”

7. “Help with anxiety”

Feedback highlighted that Aroha was accessible and acceptable.
Young people gave positive feedback about the aspects of
engagement that were specifically used to encourage uptake.

User comments were generally encouraging and highlighted
the need for this intervention at the time of global uncertainty
and high stress in the community (Textbox 2).
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Textbox 2. Feedback (illustrative quotes) from young people and community members on the COVID-19 pandemic lockdown and experience of Aroha.

COVID-19 pandemic and lockdown feedback

“The struggle is real”

“Thought I’d miss my friends but I didn’t”

“Hard not to take them home and have a tangi [mourning ceremony]”

“Not being able to grieve in a traditional way affected my mental health”

“I love them to death but they were really annoying and especially with my uni work…having to home school my 4 year old sister….”

“All my 8 siblings being at home”

“Guilt of not using my time in lockdown in the most productive way”

“Will New Zealand get attacked too by the corona virus”

Aroha chatbot feedback

“I found it cool to see messenger used”

“It felt like you were actually having a casual conversation with someone else rather than being lectured to”

“the use of emojis and GIFs helped to increase my engagement”

“I really liked how Aroha used language that I use to communicate; she used words like heaps and whānau which made it feel like she was down-to-earth
and easy to engage with and talk to”

“Having it set within messenger makes it feel natural as if you were talking to one of your friends and it normalizes the idea of talking/reaching out
to somebody”

“I liked that you could respond with a pre-determined emoji as it took the pressure off trying to think of a response. She was very clear and easy to
understand and the replies were also made very easy”

Community feedback

“This chatbot is neat! Aroha breathed positivity; I can imagine this helping many going through a tough time during this pandemic”

“Having the chatbot sit within Messenger (and existing app that users already had on their phones) made it easy to access and made getting help easier”

“Young people liked the language, use of humor, emojis, GIFs and felt that all those features humanized Aroha”

“The dialogue was praised for being realistic and the avatar was well liked, and many people felt a sense of connection to it”

“There were concerns about a limited range of responses, and some wished there was more opportunity for the user to express their emotions through
free text”

“I’m not sure how you would develop such a software, but it would also be great to engage with a more empathetic figure, someone that can understand
emotive language coming through text language”

Feedback also highlighted important improvements that were
needed to increase accessibility and engagement. The themes
were consistent across respondents (n=20) and were thematically
grouped and included the following: (1) emergent needs as the
COVID-19 situation evolved (in Aotearoa, the initial fear of
contracting COVID-19 quickly subsided due to strict social
restriction measures instituted by the government, and more
salient concerns evolved, such as unemployment and resulting
poverty, as well as experiencing violence and abuse while in
lockdown); (2) improved conversationality; and (3) improved
personalization of content. It was further deemed important to
adapt the dialog content to reflect the changing nature of the
pandemic.

The development effort in response to initial feedback included
expanding the set of dialog modules to include content for
emergent needs. Modules were developed to address financial
stress and domestic violence. Having a large amount of
informational content requires presenting this content in diverse
ways to foster user engagement. In the months following the
initial launch, we expanded on the use of posters (image files)
within the messenger channel by developing more dynamic

webviews (single webpages using JavaScript for dynamics) to
deliver content. This included a public health message from the
Prime Minister’s Office, and there was iteration through each
statement of the message (describing personal top tips for
managing stress) in sequence on a touch event.

The need for improved conversationality and personalization
was addressed by (1) enlarging the set of defined intents, (2)
making some intent areas more fine-grained, (3) enlarging the
set of out-edges (locally recognized intents) at free-text question
nodes, and (4) implementing “priority intents” (intents that are
detected by the dialog agent independent of a user’s location
within the overall dialog). Prior to implementing priority intents,
except for risk phrase detection for statements representing
potential self-harm expressions, free-text user input that did not
match any intent-labeled out-edge at a free-text or quick reply
question node would invoke only a general response to the
default fallback out-edge. For example, if a user expressed that
they were feeling nervous at a dialog node with labeled
out-edges for sadness, happiness, or default, then the chatbot
would respond only with a statement that was generally
applicable such as an emoji “shrug” or “ponder.” This impairs
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the chatbot’s pretense of intelligence and conversationality and
thus user experience. “Priority intents” have since been defined
that allow the chatbot to detect a set of expressions even if they
are not locally configured and thus allow the user to digress
elsewhere in the dialog. These priority intents include
expressions related to self-harm, risk of abuse, low mood, fear,
boredom, and quit/exit. This change shifts the system toward
being more responsive to the user’s agenda as compared to its
preprogrammed agenda. User-driven digressions made possible
by priority intents are logged as usage data on the HABITs
platform to elucidate the frequency of priority intent activation.

Events following the initial launch have underscored the need
for easy content modification that can quickly be rolled through
to the production chatbot service. For instance, in August 2020,
there was a rapid reintroduction of COVID-19 restrictions in
Aotearoa, but this time, there was strong regional variation (with
the outbreak being focused in Auckland). Similarly, there were
many regional changes during 2021, with varying restriction
levels of stay-at-home orders from August 17, 2021, to
December 2021 [28]. This required adjustment of both the tone
of content and asking about user lockdown conditions, such
that advice was relevant to local conditions.

Discussion

Principal Findings
Our experience of developing the Aroha chatbot indicates the
feasibility of implementing chatbot-based digital mental health
support in response to emerging events. The straightforward
authoring that is possible through the content management
system and the chatbot architecture means that mental health
and well-being support can be tailored to any event, not only
that of a global pandemic.

Initial user feedback provided guidance to update content and
features as the COVID-19 situation in Aotearoa evolved. In the
case of Aroha, we initially used techniques drawn from CBT
and positive psychology, and integrated in a bicultural context,
which have been shown to be efficacious across many groups
and via conversational agents [12,29]. Based on user feedback,
we identified the need for additional content, particularly in the
areas of distress related to problems of living. Feedback also
gave a clear signal that users wanted more dynamic
conversationality. Initial efforts had been focused on imparting
a large amount of dialog content into Aroha to cover the variety
of different stressors that users were facing given the pandemic
context. A strength of our chatbot architecture is the ability to
easily author large amounts of dialog content, including directly
by domain experts. Yet, user feedback established that Aroha
required better ability for a user to drive the conversation rather
than always follow the chatbot-guided dialog.

In a viewpoint article, McGreevey et al identified a range of
considerations for implementing conversational agents in health
care [30]. Among the leading considerations were patient safety
and trust, and transparency. A key element of Aroha is the use
of evidence-based approaches with expert authorship of content.
A further element is that the agent persona, although drawn as
a relatable human, clearly identifies itself as a computer

program. Further, detection of self-harm phrases in user input
at any time triggers escalation to confirmation, expression of
empathy, direction to a help hotline, and shut down of the
computer-based dialog.

Another important consideration is health equity. In Aotearoa,
it is crucial for the chatbot to at least be bicultural and show
positive effects for Māori. To highlight this and to ensure a
culturally responsive product, we developed a chatbot with a
Māori persona that had a background story about how it was
designed. We also ensured bicultural clinician input and
authorship, which ensured that there was relevant Māori content
available in the chatbot. While anecdotally it appears that these
values were reflected in good reach for rangatahi Māori, further
analyses and discussions will be presented in a subsequent paper.

In terms of cybersecurity, extensive user input is not encouraged
(which, at any rate, we would not be able to use therapeutically
in a safe and trustworthy manner with current technology).
Further, specific user input is not logged to our research platform
database (only the series of activities and intents to understand
usage). However, the conversation log is held with Facebook,
and while the project information presented in the user consent
process says that the interaction with the chatbot is visible to
Facebook and is subject to Facebook’s privacy policy, most
young people would not read the information in full or entirely
appreciate such a notice. In terms of research, development,
and innovation considerations, we have framed Aroha as a trial
with informed consent, and we believe this is appropriate until
the effectiveness of the intervention is better understood.

Limitations
This study has some limitations. We have not yet conducted a
randomized controlled trial of Aroha [31]. In fact, the initial
rollout has emphasized ease of user experience over data
collection. However, the intervention is based on evidence-based
therapies, and indeed the context of COVID-19–induced stress
is sufficiently dynamic that any trial will have limitations in
terms of transferability.

We included a research assessment via a single-item anxiety
question (0-10 scale, “no worries” to “totally freaking out”). A
single-item measure of anxiety limited our ability to assess
severity, although single-item measures have shown reasonable
sensitivity and specificity in screening for anxiety in the hospital
setting [32]. The advantage is that they are quick and simple to
implement in a chatbot application, but further validation of
this is necessary.

In the months following launch, we received funding for further
structured user engagement (youth focus groups) and
implementation of a Te Reo Māori version. The natural language
functionality is being enhanced by including free-text named
entity recognition. As a longer-term direction, we are exploring
how deep learning could be used to create a more dynamic and
engaging user experience. The ability to create empathetic dialog
and achieve large numbers of conversational turns per session
as demonstrated with Xiaoice [33] would be beneficial to our
system if only to lead users to a larger “dose” of chatbot-based
therapy. However, we would not want to use deep learning in
a way that compromises the quality of expert-authored content.
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In the first instance, our expanding use of intent recognition
provides a compromise that preserves the use of expert-authored
content in the chatbot response. A further extension of deep
learning that is consistent with our approach would be deep
learning of dialog policy (eg, machine learning of what module
to choose or recommend next, but where the module content is
still expert authored [34]). An additional option is to allow
machine-learnt dialog for rapport-building chit-chat and possibly
to learn more about the users and their needs, but then fall back
to more reliable content for therapeutic advice.

Future Directions
One area of further work that we have pursued is the
development of a custom chat app as an alternative to
Messenger. There are benefits of using Messenger, such as
capitalizing on the fact that young people habitually use social
media and many already use Messenger [35,36], and that there
is no requirement to download an app to use the chatbot.
However, development of a standalone app means that a superior
experience can be delivered without limitations on user
notifications or logging of conversation details with a third
party.

Since its initial launch, the Aroha chatbot has evolved from the
initial main objective of supporting young people through
COVID-19 lockdown and strict stay-at-home orders. Aroha has
developed to include general mental health and well-being
support. For example, content for Matariki (Māori new year)
and Kohinga Māori activities (a collection) were added to the

chatbot, and modules for current events like daylight savings
and examinations were included. Supporting mental well-being
is a notion in line with Te Kāwanatanga o Aotearoa (the New
Zealand government’s) Kia Kaha, Kia Māia, Kia Ora Aotearoa,
and COVID-19 psychosocial and mental well-being plan. This
initiative aims to support individuals, whānau, and communities
to respond, recover, adapt, and thrive in the context of the
COVID-19 pandemic [16]. Following the Kia Kaha plan
(released in 2020), a long-term plan, Kia Manawanui: Long-term
pathway to mental well-being, was published in 2021 [17]. Kia
Manawanui outlines the transformation of the approach to
mental well-being. The Aroha chatbot has and continues to be
an imperative component of psychosocial recovery for rangatahi.

Conclusions
We have identified elements of a chatbot architecture sufficient
for responsiveness to emerging situations, such as a pandemic
lockdown, with easy authoring by domain experts and a rapid
deployment channel as cornerstones. In our case, the deployment
channel included a configurable portal for web-based trial
recruitment linked to chatbot interaction through Facebook
Messenger. Further, we found user demand for increased
responsiveness to a range of inputs from boredom to fear, as
well as a need for additional content. This emphasized the need
for a flexible and extensible output, and the ability to easily
update the service. Our experience is that an architecture with
these elements for creating supportive chatbots has wide
application for flexible and rapid responsiveness to other events
and situations.
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Abstract

Background: Depression has a high prevalence among young adults, especially during the COVID-19 pandemic. However,
mental health services remain scarce and underutilized worldwide. Mental health chatbots are a novel digital technology to provide
fully automated interventions for depressive symptoms.

Objective: The purpose of this study was to test the clinical effectiveness and nonclinical performance of a cognitive behavioral
therapy (CBT)–based mental health chatbot (XiaoE) for young adults with depressive symptoms during the COVID-19 pandemic.

Methods: In a single-blind, 3-arm randomized controlled trial, participants manifesting depressive symptoms recruited from a
Chinese university were randomly assigned to a mental health chatbot (XiaoE; n=49), an e-book (n=49), or a general chatbot
(Xiaoai; n=50) group in a ratio of 1:1:1. Participants received a 1-week intervention. The primary outcome was the reduction of
depressive symptoms according to the 9-item Patient Health Questionnaire (PHQ-9) at 1 week later (T1) and 1 month later (T2).
Both intention-to-treat and per-protocol analyses were conducted under analysis of covariance models adjusting for baseline data.
Controlled multiple imputation and δ-based sensitivity analysis were performed for missing data. The secondary outcomes were
the level of working alliance measured using the Working Alliance Questionnaire (WAQ), usability measured using the Usability
Metric for User Experience-LITE (UMUX-LITE), and acceptability measured using the Acceptability Scale (AS).

Results: Participants were on average 18.78 years old, and 37.2% (55/148) were female. The mean baseline PHQ-9 score was
10.02 (SD 3.18; range 2-19). Intention-to-treat analysis revealed lower PHQ-9 scores among participants in the XiaoE group
compared with participants in the e-book group and Xiaoai group at both T1 (F2,136=17.011; P<.001; d=0.51) and T2 (F2,136=5.477;
P=.005; d=0.31). Better working alliance (WAQ; F2,145=3.407; P=.04) and acceptability (AS; F2,145=4.322; P=.02) were discovered
with XiaoE, while no significant difference among arms was found for usability (UMUX-LITE; F2,145=0.968; P=.38).

Conclusions: A CBT-based chatbot is a feasible and engaging digital therapeutic approach that allows easy accessibility and
self-guided mental health assistance for young adults with depressive symptoms. A systematic evaluation of nonclinical metrics
for a mental health chatbot has been established in this study. In the future, focus on both clinical outcomes and nonclinical
metrics is necessary to explore the mechanism by which mental health chatbots work on patients. Further evidence is required
to confirm the long-term effectiveness of the mental health chatbot via trails replicated with a longer dose, as well as exploration
of its stronger efficacy in comparison with other active controls.
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Introduction

The COVID-19 pandemic has had a huge impact on people’s
mental health, increasing the rates of depression and anxiety by
more than 25% globally in the first year, with people aged 20-24
years being more affected than older people [1]. However, there
are still many limitations in traditional face-to-face
psychotherapy and mental health services, including expensive
treatment, geographical limitations, few experienced therapists,
and delayed treatment [2], and stigma is considered as the most
significant barrier to providing mental health services [3,4].
Limited accessibility and acceptability were more obvious with
the rising risk of mental health problems [5,6] led by quarantine
and social isolation during the COVID-19 pandemic [7],
especially among adolescents [8]. Mobile health and digital
medicine have rapidly become an important area of study [9]
in response to the conundrum posed by the escalating demand
for mental health assistance [10] and the severe shortage of
traditional health care facilities [11].

Driven by digital technologies, such as computers, the internet,
mobile devices, mobile software apps, and virtual reality (VR),
treatment for mental health problems has undergone an
unprecedented transformation [12].

A chatbot, as a novel digital technology for mental health
service, is a software program that simulates conversations with
users through text or voice depending on artificial intelligence
(AI) [13]. The first chatbot, ELIZA, was applied in the field of
psychology, and users could input text to simulate a conversation
with a Rogerian psychotherapist [14]. A mental health chatbot
provides more accessibility than traditional face-to-face
counseling and psychotherapy [15,16], through which users can
feel accompanied and understood [17,18]. In addition, chatbots
were designed to focus on interactive capabilities instead of
single psychological education for facilitating the process of
psychotherapy [19]. Most mental health chatbots can
independently provide service to users, without requiring the
participation and guidance of human therapists [20]. However,
studies have shown that mental health chatbots have some risks
as well, such as “misunderstanding,” which may lead to
ineffective or even harmful interventions, lack of crisis warning
mechanisms, and lack of privacy protection [21]. Chatbots in
mental health are nascent [22], and although chatbots have
demonstrated feasibility to provide mental health treatment,
more high-quality evidence regarding the effectiveness and
acceptability of mental health chatbots is needed [23],
particularly during the COVID-19 pandemic [24].

According to the latest data of the World Health Organization,
there were 3.22 million depressed people worldwide in 2015
[25]. In China, the figure has been reported to be 95 million

[26], and the prevalence among college students was 28.4%
[27], reaching 34% during the COVID-19 pandemic [28].
However, the use of health services for depressive disorders in
China has been rather limited, with the access rate of adequate
treatment being less than 0.5% [29]. Cognitive behavioral
therapy (CBT) has been continuously developed and is currently
recognized as a widespread and effective evidence-based
psychotherapy for depression [30,31], serving as one of the
crucial theoretical frameworks for chatbot interventions. In
recent years, a number of mental health chatbots have emerged,
and their effectiveness has been tested through randomized
controlled trials, providing interventions for different mental
health problems, with Woebot [32], Tess [33,34], Wysa [35],
Vivibot [36], and XiaoNan [37] directly targeting depression
and anxiety symptoms; Shim [38], SABORI [39], and Bella
[40] directly targeting stress, well-being, or quality of life; and
MYLO [41-43] and Help4Mood [44] directly targeting general
psychological distress such as problem solving and negative
cognition.

The technology and format of chatbots for mental health
problems have evolved from script bots with only text
communication to embodied conversational agents [45] with
image and voice, and digital humans [40] and virtual humans
[46], which discern and control emotional and facial expressions
during interactions with individuals in real time, have also been
reported.

However, previous studies focused more on the role of a chatbot
as a technical carrier in the intervention, neglecting the
verification and innovation of the psychological process and
content itself. As a result, there is a gap between the progress
of psychology and AI in the field of digital mental health.
Chatbots are intended to foster collaboration, integration, and
co-development between psychological science and other fields
[47]. Thus, a direct comparison between mental health chatbots
and general chatbots is essential in a trial. Methodological
limitations that existed in previous trials involved an insufficient
sample size, a lack of follow-up assessment, failure to
comprehensively investigate the long-term effectiveness of the
intervention, and ignorance of the sensitivity analysis to ensure
robustness of the conclusion.

As an alternative and useful precursor to clinical effectiveness,
nonclinical metrics are just as important as clinical outcomes
and may contribute to further exploring the mechanism by which
the mental health chatbots work [48]. Fitzpatrick et al [32] also
noted that therapeutic process factors of mental health chatbots
may facilitate or undermine the treatment. From the technical
perspective, there is currently no standard method in use to
evaluate mental health chatbots. As a result, we attempted to
establish a systematic evaluation of nonclinical metrics for
mental health chatbots covering adherence, engagement,
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working alliance, usability, acceptability, and thematic analysis
of users’ feedback. Working alliance (also known as “therapeutic
alliance”) represents the cooperative and emotionally connected
relationship between the client and the therapist, and is
considered a common factor in psychotherapy outcomes [49]
and a metric to assess the computer-patient relationship as well
[50,51]. Three recent studies [52-55] by Dosovitsky et al, Beatty
et al, and Darcy et al had emphasized the viability and
significance of the relationship and working alliance in digital
treatment, and several randomized controlled trials of mental
health chatbots had employed the Working Alliance Inventory
(WAI) as a measurement method of working alliance, with all
of these demonstrating good measure effects [37,56,57].
Important issues to be addressed for chatbots in the future could
be extracted from the perceptions and opinions of patients [58],
and thematic analysis with a topic model is a qualitative research
method to accurately capture and concisely present key
information in texts [59].

A randomized controlled trial including 148 Chinese college
students was conducted in this study to evaluate the performance
and efficacy of a mental health chatbot (XiaoE) for depression.
We expected that, compared with an e-book and a general
chatbot, the mental health chatbot would be more effective in
reducing depressive symptoms after 1-week treatment and that
this effect would persist for 1 month after the intervention
(primary hypothesis). Additionally, we hypothesized that the
mental health chatbot would make it easier to build relationships
with users, enhance engagement, and improve user experience
during the therapeutic process (secondary hypothesis).

Methods

Study Design and Participants
The study was a single-blind, 3-arm randomized controlled trial
performed at a university in Tianjin, China. College students
were recruited from social media outlets, online platforms, and
university communities or were referred here by their counselor
in the counseling center. All potential participants were screened
by counseling psychologists for eligibility against the following
inclusion criteria: (1) age 17-34 years; (2) average score of the
depression subscale in the College Students Mental Health
Screening Scale (CSMHSS) [60] within 2 to 3; and (3) ability
to read Chinese. Participants were excluded if they (1) reported
a score of ≥3 for any item in the suicide subscale in the
CSMHSS; (2) reported a standard score of >3 in the suicide
subscale or hallucination/delusion subscale in the CSMHSS; or
(3) were taking a psychiatric medication. The CSMHSS is the
mainstream tool for mental health screening of college students
in China. The screening scale includes 22 dimensions that
involve the main mental health problems of college students
and is divided into 3 levels of screening that indicate 3 levels
of mental health risk. The CSMHSS is a relevant tool for the
inclusion criteria because it can not only measure the degree of
depressive symptoms but also screen out individuals with high
mental health risk for exclusion. Moreover, the CSMHSS is
easier to implement in a university with the help of
corresponding assessment platforms, given the large number
of recruits. Before the enrollment, the participants were required

to carefully read and sign the written informed consent form to
confirm their acceptance of the study. Participants were provided
with access to artificial psychological counseling services if
they had any risk of suicide, self-injury, or severe psychological
distress during or after the trial, to avoid further damage. At the
end of the trial, participants in control conditions were offered
access to XiaoE. The trial was prospectively registered with the
ChiCTR registry on October 30, 2021 (number:
ChiCTR2100052532). Final data were collected on December
16, 2021. Participants received a compensation of RMB 70
(approximately US $10) for their participation in this trial.

Randomization and Masking
Randomization with stratification by gender was performed via
computer programs independently developed by the technical
development team of XiaoE. Participants who were randomly
assigned (1:1:1) to receive the mental health chatbot
intervention, e-book intervention, or general chatbot intervention
would automatically enter the corresponding intervention
process when they checked into XiaoE for the first time.
Treatment allocation was masked from participants,
investigators, and those involved in analyzing trial data, as it
was saved in an encrypted electronic file form by multiple
parties (the study designer, trial implementer, data processor,
and technical development representative) and unblinded after
the completion of data analysis. The intervention as well as the
outcome measure were completed online, and none of the
investigators had access to the participants’ systems during the
intervention period (single blind).

Procedure
The intervention lasted for 1 week. On the day of enrollment
(T0), baseline data were collected, including a pretest of the
primary outcome measure (9-item Patient Health Questionnaire
[PHQ-9]) and demographic information. A posttest of the
primary outcome was performed 1 week later (T1), accompanied
by the secondary outcomes working alliance, usability, and
acceptability. A final follow-up assessment of the primary
outcome was carried out 30 days after enrollment (T2).

XiaoE
XiaoE is an unguided CBT-based chatbot developed for
depression, which can be used in screening, prevention, and
self-assistance for depressive symptoms through a fully
automatic intelligent interaction with users (text, image, and
voice). The technology of XiaoE is rooted in natural language
processing (NLP) and deep learning [61]. The whole chatbot
dialogue system has been constructed through the open-source
framework RASA [62], with content about mental health
produced, discussed, and supervised by a psychologist panel
led by several experienced clinical and counseling experts from
schools and hospitals. XiaoE provides self-assistance service
via the WeChat Official Accounts Platform. The objective of
the development of XiaoE is not to replace human therapists,
but to provide a convenient self-help intervention to users failing
to receive immediate mental health services. It can also serve
as an auxiliary tool to cooperate with traditional psychological
counseling and treatment, covering functions including campus
and epidemic-related counseling, adolescent mental health
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screening and diagnostics, automated CBT-based chatbot
interventions, intelligent multiturn conversations, artificial
psychological counseling, and “tree hole” (a place to share
thoughts and secrets). Participants in this condition were exposed
to only the automated CBT-based chatbot intervention. Based
on the principles of CBT, multiturn dialogue [63] and
personalized customization were taken as the main intervention
forms by referring to the content and process of several mature
CBT-based chatbots [20] and internet-delivered cognitive
behavioral therapy (ICBT) apps [64]. The following 7 modules
were designed: “Cognition Challenge,” “Improve Self-esteem,”
“Learn to Relax,” “Energy List,” “Wonderful World,” “Are
You OK,” and “Escape from Loneliness,” and they correspond
to the 7 concepts of psychology, cognitive distortions,
self-esteem, mindfulness meditation, mental energy, natural
connection, self-help, and loneliness, respectively. Participants
were asked to complete a module per day in sequence during
the 1-week intervention period, as well as a separate module
called “Gratitude Journal” for recording positive events and
mood every day.

XiaoE is equipped with complete process guidance and daily
task reminders. During the implementation of the trial, the
participants were only required to follow the guidance of XiaoE
every day, where the staff only provided answers to technical
or operational questions. In addition, the interaction data of
engagement and use of XiaoE can be obtained in the background
of the system. The data could not be obtained from the control
groups because the interactions occurred outside the XiaoE
system. As a result, the interaction frequency in the control
groups was measured in the form of a self-rating questionnaire
at the end of the trial.

e-Book
Participants in control group 1 were arranged to read an e-book
about depression, I Had a Black Dog [65], which is a classic
book that introduces depression knowledge to the public and
guides to help depressed patients serve themselves from the
first-person perspective of depressed patients and their
companions. The World Health Organization adopted the
animated version as its official promotional video [66] on the
theme of depression. In addition, participants in the group were
presented with a high-quality depression-related article daily,
with the theme of each article corresponding to the daily theme
of the functional modules of the intervention group.

Xiaoai
Participants in control group 2 were asked to communicate with
Xiaoai at least once a day. Xiaoai is a chatbot in China designed
to cater to the demands of a wider audience for small talk and
not particularly for mental health services such as depression.
The chat content between participants and Xiaoai was
unrestricted. However, we limited the daily conversation topics
(corresponding to the daily functional modules of the
intervention group) and proposed specific chat tasks to the
participants. For example, the topic on day 2 was self-esteem,
and we endorsed that participants share their perspectives and
feelings on self-esteem with Xiaoai, discuss “how self-esteem
affects our emotional state and what is the relationship between

it and depression,” assess their current level of self-esteem with
Xiaoai, and ask for advice on “how to improve it.”

Outcomes

Primary Outcome
The primary outcome was the score of the PHQ-9 [67], which
is one of the most widely used, reliable, and validated measures
of depressive symptoms. It is a 9-item self-report questionnaire
that assesses the frequency and severity of depressive symptoms
within the previous 2 weeks based on the Diagnostic and
Statistical Manual of Mental Disorders, 4th edition (DSM-IV)
criteria for major depressive disorder on a 4-point scale from 0
(not at all) to 3 (nearly every day). Scores ranging from 0 to 5
indicate no symptoms of depression, and scores of 5-9, 10-14,
15-20, and 20 represent mild, moderate, moderately severe, and
severe depression, respectively.

Secondary Outcomes
The secondary outcomes were the scores of the Working
Alliance Questionnaire (WAQ) [68], the Usability Metric for
User Experience-LITE (UMUX-LITE) [69], and the
Acceptability Scale (AS). The WAQ is based on the Helping
Alliance Questionnaire (HAq-II), WAI, and California
Psychotherapy Alliance Scales (CAL-PAS), with three 4-item
subscales assessing the development of an affective bond in
treatment and the level of agreement with treatment goals and
treatment tasks. The scores of all 12 items range from 0 (rarely)
to 5 (always). Usability, as “the extent to which a product can
be used by specified users to achieve specific goals with
effectiveness, efficiency, and satisfaction in a specified context
of use” [70], was assessed by the UMUX-LITE, with 2 items
to assess usefulness and ease of use, respectively, ranging from
0 (rarely) to 5 (always). Acceptability, referring to psychological
acceptability for the therapeutic process and content, was
assessed using a 5-point Likert scale (AS), referring to items
used in previous studies on mental health chatbots [33,71]
covering overall satisfaction, content satisfaction, emotional
awareness, learning new knowledge, relevance to daily life, and
promotion of the self-help process.

Statistical Analyses
Sample size calculation was conducted with G* Power (version
3) [72]. Latest research showed a large effect (d=0.83) of a
chatbot intervention for depression in college students [37]. On
the assumption that a replication study might be expected to
achieve broadly similar results, we calculated that a sample size
of 32 in each group would have 90% power to detect a net effect
size of 0.83, using analysis of covariance (ANCOVA) with a
2-sided significance level of .05, while also allowing for a 20%
loss to follow-up.

Difference tests were conducted with SPSS (version 26; IBM
Corp). In order to determine whether any significant differences
between groups existed at baseline, F tests with one-way
analysis of variance (ANOVA) were performed on continuous
baseline variables (PHQ-9 and age), and chi-square analyses
were performed on categorical or nominal variables (gender,
ethnicity, only child, single parent, religion, home location, and
parental marriage). The same comparisons of baseline
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characteristics were conducted between dropouts and
participants who completed the study. Adjusted mean changes
in the PHQ-9 score from baseline to T1 and T2 were analyzed
as the primary efficacy endpoint using an ANCOVA model
with the treatment group as the fixed effect and the
corresponding baseline value as the covariate. A covariate was
removed from the statistical model in case of significant
interaction effects being found between this covariate and the
group. A post-hoc test with Bonferroni correction was employed

for multiple group comparisons. η2 was calculated and converted
to Cohen d to examine the effect size of the group difference
[73]. A Cohen d of 0.2 represents a small effect; 0.5, a moderate
effect; and 0.8, a large effect [74]. F tests with ANOVA were
performed for the results of secondary outcomes.

The results of both the intention-to-treat (ITT) analysis [75] on
the full analysis set (all enrolled participants) and the
per-protocol (PP) analysis on the PP set (participants in the full
analysis set without important protocol violations leading to
exclusion) were reported by including all available observations
in the analysis [76]. Using mi impute within Stata (version 15;
StataCorp), we processed missing data via multiple imputation
(MI) methods and performed further sensitivity analysis via
δ-based methods [77].

There are 3 broad classes of missing data mechanism
assumptions [78]: missing completely at random (MCAR),
missing at random (MAR), and missing not at random (MNAR).
MI is based on MAR, where the probability of a datum being
missing does not depend on the unobserved value of the datum,
but only depends on the observed values of other recorded
variables. Nevertheless, missing data may not necessarily
conform to MAR. Instead, they may follow MNAR, where the
probability of a datum being missing does depend on the
unobserved value of the datum, even given the observed data.
We cannot distinguish between MNAR and both MAR and
MCAR since the true values of missing data are never known,
which means the results of MI may be biased. The publication
of ICH E9 (R1) [79], addendum on estimands and sensitivity
analysis in clinical trials, states that sensitivity analysis of
missing data should be performed to ensure the robustness of
the results. As a result, we performed a sensitivity analysis with
δ-based methods to see if the effect remained significant when
missing data followed MNAR. δ-based MI entails modifying
the MAR imputation distribution using a specified numerical
delta parameter to make predicted responses better or worse
than predicted under MAR. For a continuous outcome, δ, the
offset parameter can represent the difference in the mean
response between the observed and unobserved cases [80].
Usually, the sensitivity analysis will repeat for a range of δ
values corresponding to 25%, 50%, 75%, and 100% of the
absolute change from baseline of outcomes in all participants.

Adherence is revealed by chi-square analysis of the attrition of
participants, and engagement is revealed by the frequency and
duration of the interaction with the chatbot. An interaction was
considered a session if there was engagement with the chatbot
lasting at least 2 user inputs within 2 minutes and a break no

longer than 1 minute. Mean interaction frequency was defined
as the average number of sessions each participant had with the
chatbot per day during the 1-week intervention period. Mean
interaction duration was defined as the average response time
of each session calculated in milliseconds between the first time
the user inputs content and the last time the chatbot outputs
content per day. The 1-week intervention period was divided
into days 1 through 7, and each day’s 24 hours were divided
into 12 two-hour time periods. We recorded and calculated the
mean interaction frequency and mean interaction duration for
the 7 days and the 12 time periods. We recontacted all the
enrolled participants after all the follow-up measurements were
finished and opened access to XiaoE. They were asked 3
open-ended questions at the end of the trial: “What was your
best experience using XiaoE?” “What was your worst experience
using XiaoE?” and “Please make some personal comments or
suggestions on XiaoE.” We ran a thematic analysis on
participants’ feedback using Latent Dirichlet Allocation (LDA)
[81], an unsupervised learning algorithm, with Pycharm (version
2020.2.2). In order to confirm the optimal number of themes
for participants’ feedback on each question, the perplexity under
different numbers of themes should be calculated, and the topic
model with the minimum perplexity should be selected. Five
keywords were extracted from each theme, and each theme was
named by combining keywords and original feedback text
labeled as corresponding themes.

Ethics Approval
The study protocol was approved by the Medical Ethics
Committee of Tianjin Anding Hospital (Tianjin Mental Health
Center; number: 2021-21). All participants provided informed
consent.

Results

Participant Characteristics
Figure 1 shows the participant flow (CONSORT flow diagram)
[82]. A total of 379 college students were assessed for eligibility
and enrolled between September 1, 2021, and November 15,
2021, of whom 143 did not meet the study criteria, 48 could
not be contacted again, 19 declined to participate, 15 did not
sign the written informed consent form, and 6 failed to complete
the baseline measure. Ultimately, 148 participants were enrolled
and randomized, of whom 49 were allocated to use the mental
health chatbot (XiaoE), 49 were allocated to read the e-book,
and 50 were allocated to use the general chatbot (Xiaoai).
Participants were on average 18.78 years old (SD 0.89; range
17-21 years), and 37.2% (55/148) were female. The mean
PHQ-9 score was 10.02 (SD 3.18; range 2-19) at baseline, just
reaching the level of moderate depression. There were no
significant differences in baseline characteristics among the 3
arms, as well as between dropouts and participants who
completed the study (Table 1). Five participants (1 from the
XiaoE group and 4 from the Xiaoai group) were identified by
counseling psychologists as high risk during and after the course
of the trial and underwent artificial psychological counseling.
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Figure 1. Flow of participants (CONSORT). CSMHSS, College Students Mental Health Screening Scale.
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Table 1. Baseline characteristics by randomization arm.

P valueF/χ2 (df)bTotal (N=148)Xiaoai (N=50)e-book (N=49)XiaoE (N=49)Characteristic

.112.294 (2,145)10.02 (3.71)10.76 (3.86)9.18 (3.94)10.10 (3.18)PHQ-9a score, mean (SD)

.291.258 (2,145)18.78 (0.88)18.64 (0.90)18.92 (0.84)18.80 (0.89)Age, mean (SD)

.990.023 (2)Gender, n (%)

93 (62.8)31 (62.0)31 (63.3)31 (63.3)Male

55 (37.2)19 (38.0)18 (36.7)18 (36.7)Female

.203.239 (2)Ethnicity, n (%)

137 (92.6)49 (98.0)44 (89.8)44 (89.8)Han

11 (7.4)1 (2.0)5 (10.2)5 (10.2)Non-Han

.362.043 (2)Only child, n (%)

39 (26.3)10 (20.0)13 (26.5)16 (32.7)Yes

109 (73.7)40 (80.0)36 (73.5)33 (67.3)No

.800.450 (2)Single parent, n (%)

15 (10.1)5 (10.0)4 (8.2)6 (12.2)Yes

133 (89.9)45 (90.0)45 (91.8)43 (87.8)No

.381.912 (2)Religion, n (%)

8 (5.4)1 (2.0)4 (8.2)3 (6.1)Yes

140 (94.6)49 (98.0)45 (91.8)46 (93.9)No

.285.057 (4)Home location , n (%)

37 (25.0)12 (24.0)14 (28.6)11 (22.5)Urban

31 (20.9)15 (30.0)6 (12.2)10 (20.4)Suburban

80 (54.1)23 (46.0)29 (59.2)28 (57.1)Rural

.196.089 (4)Parental marriage, n (%)

123 (83.1)45 (90.0)42 (85.7)36 (73.5)Harmony

14 (9.5)2 (4.0)5 (10.2)7 (14.3)Disharmony

11 (7.4)3 (6.0)2 (4.1)6 (14.2)Divorced

aPHQ-9: 9-item Patient Health Questionnaire.
bF value for PHQ-9 and age, and 2 for gender, ethnicity, only child, single parent, religion, home location, and parental marriage.

Adherence and Attrition
Of the 49 participants allocated to the XiaoE group, 4 dropped
out over the 1-week period and 1 dropped out over the 1-month
period. Of the 49 participants allocated to the e-book group, 10
dropped out over the 1-week period and 7 dropped out over the
1-month period. Of the 50 participants allocated to the Xiaoai
group, 9 dropped out over the 1-week period and 11 dropped
out over the 1-month period (Figure 1). There was a lower
attrition in the intervention condition compared with the control

conditions (37% vs 10%; 21=11.904; P<.001).

Effectiveness

ITT Analysis
At T1, no significant interaction effects were found between
group and baseline PHQ-9 score (P=.86), age (P=.91), gender
(P=.32), ethnicity (P=.20), only child (P=.33), single parent
(P=.99), religion (P=.54), home location (P=.62), and parental
marriage (P=.59) with the ANCOVA model. Similarly, at T2,

no significant interaction effects were found between group and
baseline PHQ-9 score (P=.16), age (P=.14), gender (P=.43),
ethnicity (P=.96), only child (P=.27), single parent (P=.59),
religion (P=.87), home location (P=.90), and parental marriage
(P=.66) with the ANCOVA model.

Depressive symptoms significantly reduced more among
participants in the XiaoE group in comparison with controls,
and a moderate between-group effect size was reported at T1
(F2,136=17.011; P<.001; d=0.51), while a small effect size was
reported at T2 (F2,136=5.477; P=.005; d=0.31) (Table 2). The
post-hoc test with Bonferroni correction revealed significant
treatment differences with XiaoE versus e-book and Xiaoai in
the reduction of depression at T1 (P=.04 and P<.001,
respectively) and T2 (P=.049 and P=.006, respectively) (Figure
2).

All results were robust under sensitivity analysis, except for the
comparison with e-book at T2, which changed from significant
to not significant (Table 3).
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Table 2. Primary outcome measures and between-group differences in the full analysis set and per-protocol set.

Cohen’s
d

η2P valueF (df)Xiaoaie-bookXiaoEAnalysis and timepoint

nAdjusteda

PHQ-9b,
mean (SE)

nAdjusteda

PHQ-9b,
mean (SE)

nAdjusteda

PHQ-9b, mean
(SE)

ITTc analysis

0.510.060<.00117.011
(2,136)

4110.10 (0.30)398.62 (0.30)457.58 (0.30)Postintervention

0.08 (0.30)−1.40 (0.30)−2.44 (0.30)Change from baseline

0.310.024.0055.477
(2,136)

309.39 (0.35)329.01 (0.35)447.82 (0.34)Follow-up

−0.63 (0.35)−1.01 (0.35)−2.20 (0.34)Change from baseline

PPd analysis

0.620.088<.00126.168
(2,113)

4110.51 (0.30)399.29 (0.30)457.51 (0.28)Postintervention

0.16 (0.30)−1.06 (0.30)−2.84 (0.28)Change from baseline

0.430.044.0026.408
(2,94)

3010.04 (0.46)329.23 (0.43)447.92 (0.37)Follow-up

−0.29 (0.46)−1.10 (0.43)−2.41 (0.37)Change from baseline

aAdjusted for baseline PHQ-9 score, age, gender, ethnicity, only child, single parent, religion, home location, and parental marriage.
bPHQ-9: 9-item Patient Health Questionnaire.
cITT: intention-to-treat.
dPP: per-protocol.
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Figure 2. Efficacy for the reduction of depression symptoms in participants. The image presents the mean change from baseline in the primary outcome
measure (9-item Patient Health Questionnaire [PHQ-9]) and the between-group differences in participants with XiaoE versus those with e-book and
Xiaoai at postintervention and at follow-up. Means and standard errors are displayed. (A) Intention-to-treat analysis. (B) Per-protocol analysis. *P<.05;
**P<.01; ***P<.001.
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Table 3. δ-based sensitivity analysis.

Compared to XiaoaiCompared to e-bookTime and analysisa

P value95% CIGroup difference,
value (SE)

P value95% CIGroup difference,
value (SE)

T1 (after 1 week)

<.001−3.45 to −1.78−2.62 (0.42).001−2.38 to −0.66−1.52 (0.43)MIb, MARc

<.001−3.36 to −1.69−2.52 (0.42).001−2.31 to −0.59−1.45 (0.43)δ=−0.31

<.001−3.27 to −1.58−2.43 (0.43).002−2.25 to −0.51−1.38 (0.44)δ=−0.62

<.001−3.18 to −1.48−2.33 (0.43).004−2.19 to −0.43−1.31 (0.44)δ=−0.93

<.001−3.10 to −1.37−2.24 (0.44).007−2.13 to −0.35−1.24 (0.45)δ=−1.24

T2 (after 1 month)

.003−2.74 to −0.56−1.65 (0.55).043−2.18 to −0.03−1.11 (0.54)MI, MAR

.006−2.64 to −0.46−1.55 (0.55).06−2.11 to 0.04−1.03 (0.54)δ=−0.32

.01−2.55 to −0.35−1.45 (0.55).08−2.05 to 0.12−0.96 (0.55)δ=−0.64

.02−2.46 to −0.24−1.35 (0.56).11−1.98 to 0.20−0.89 (0.55)δ=−0.96

.03−2.37 to −0.13−1.25 (0.56).15−1.92 to 0.29−0.81 (0.56)δ=−1.28

aThe absolute mean change from baseline to postintervention in the PHQ-9 score of all participants was −1.24, and the absolute mean change from
baseline to follow-up in the PHQ-9 score of all participants was −1.28.
bMI: multiple imputation.
cMAR: missing at random.

PP Analysis
At T1, no significant interaction effects existed between group
and baseline PHQ-9 score (P=.59), age (P=.88), gender (P=.47),
ethnicity (P=.44), only child (P=.39), single parent (P=.86),
religion (P=.69), home location (P=.21), and parental marriage
(P=.57) with the ANCOVA model. Similarly, at T2, no
significant interaction effects existed between group and baseline
PHQ-9 score (P=.34), age (P=.30), gender (P=.98), ethnicity
(P=.95), only child (P=.11), single parent (P=.37), religion
(P=.68), home location (P=.53), and parental marriage (P=.52)
with the ANCOVA model.

Depressive symptoms significantly reduced more among
participants in the XiaoE group in comparison with controls,
and a moderate between-group effect size was reported at T1
(F2,113=26.168; P<.001; d=0.62), while a small effect size was
reported at T2 (F2,94=6.408; P=.002; d=0.43) (Table 2). The
post-hoc test revealed significant treatment differences with
XiaoE versus e-book and Xiaoai in the reduction of depression

at T1 (P<.001 and P<.001, respectively) and a significant
difference between XiaoE and Xiaoai (P=.003) but no significant
difference between XiaoE and e-book (P=.08) at T2 (Figure 2).

Use and Engagement
As shown in Figure 3, participants in the XiaoE group interacted
with the chatbot for 25.54 sessions (SD 26.45; range 0-172) on
average per day, and each session lasted an average of 22.46
seconds (SD 79.88; range 0-758 seconds) over the 1-week
period. The daily frequency and duration of the interaction were
high on day 1, day 2, and day 7, while they were relatively low
on day 3, day 5, and day 6, and rebounded to some extent on
day 4. The frequency of the interaction reached peaks in the 3
time periods of 8-10 AM, 12-2 PM, and 4-6 PM per day.
According to the answers of participants in the e-book group,
2% (1/49) had not read it once, 51% (25/49) had read it once,
and 47% (23/49) had read it twice or more. In the Xiaoai group,
29% (14/48) said they interacted with Xiaoai once a day, 27%
(13/48) said twice a day, and 44% (21/48) said 3 or more times
a day.
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Figure 3. Use and engagement with XiaoE. The image shows the frequency and duration of interaction with the chatbot and the trend of daily interactions
and interactions for 12 time periods per day in the XiaoE group during the intervention. (A) Daily engagement. The x-axis represents each day of the
1-week intervention. (B) Engagement for 12 time periods. The x-axis represents each time period in 1 day.

Working Alliance, Usability, and Acceptability
Table 4 summarizes the results of the secondary outcomes.
Participants in the XiaoE condition scored higher on the total
WAQ (F2,145=3.407; P=.04), as well as the subscales Bond
(F2,145=3.890; P=.02) and Engagement (F2,145=3.925; P=.02)
compared with the e-book group and the Xiaoai group. No

significant difference among arms was found on the
UMUX-LITE (F2,145=0.968; P=.38). Better acceptability was
discovered in the XiaoE group for total AS (F2,145=4.322;
P=.02), content satisfaction (F2,145=5.093; P=.007), emotional
awareness (F2,145=3.636; P=.03), learning new knowledge
(F2,145=4.330; P=.02), and relevance to daily life (F2,145=4.834;
P=.009).
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Table 4. Secondary outcome measures and differences between conditions.

P valueF (df)Xiaoai (n=50), mean
(SD)

e-book (n=49), mean
(SD)

XiaoE (n=49), mean
(SD)

Variable

WAQa score

.043.407 (2,145)50.68 (6.87)50.35 (9.38)53.94 (5.96)Total

.311.188 (2,145)16.54 (2.48)16.43 (3.10)17.22 (2.71)Goal task

.023.890 (2,145)17.32 (2.64)17.06 (3.26)18.47 (1.92)Bond

.023.925 (2,145)16.82 (2.69)16.86 (3.54)18.24 (2.25)Engagement

UMUX-LITEb score

.380.968 (2,145)8.24 (1.30)8.31 (1.52)8.61 (1.43)Total

.870.135 (2,145)4.08 (0.78)4.14 (0.76)4.16 (0.94)Usefulness

.122.192 (2,145)4.16 (0.77)4.16 (0.87)4.45 (0.71)Ease of use

ASc score

.024.322 (2,145)25.48 (4.53)25.82 (5.04)27.86 (3.25)Total

.112.264 (2,145)4.32 (0.89)4.43 (0.89)4.67 (0.75)Overall satisfaction

.0075.093 (2,145)4.30 (0.81)4.45 (0.79)4.76 (0.52)Content satisfaction

.033.636 (2,145)4.12 (0.90)4.20 (1.00)4.57 (0.74)Emotional awareness

.024.330 (2,145)4.16 (0.89)4.27 (0.95)4.63 (0.64)Learning new knowledge

.0094.834 (2,145)4.30 (0.81)4.14 (1.10)4.67 (0.63)Relevance to daily life

.241.429 (2,145)4.28 (0.83)4.33 (0.94)4.55 (0.77)Promotion of self-help process

aWAQ: Working Alliance Questionnaire.
bUMUX-LITE: Usability Metric for User Experience-LITE.
cAS: Acceptability Scale.

Thematic Analysis
According to the chart of themes-perplexity of LDA (Figure 4),
the number of themes reported in the question “What was your
best experience using XiaoE?” was set to 4 and the number of
themes reported in the question “What was your worst
experience using XiaoE?” was set to 2. Table 5 lists all the
themes and keywords for participants’ feedback. The last
question “comments or suggestions” was analyzed with a
qualitative method because the result of LDA was not ideal.

The following 4 themes emerged in respect to the feedback to
the question regarding the best experience: “relationship”
(n=25), “emotion” (n=12), “personalization” (n=31), and
“practicability” (n=80). The keywords extracted from the
relationship theme were “company,” “care,” “loneliness,”
“favor,” and “attending,” and the corresponding labeled example
text was “XiaoE is very sweet, I like to talk to XiaoE, he will
accompany and accept me, so I don't feel lonely.” The keywords
for the emotion theme were “happy,” “relax,” “stress,”
“catharsis,” and “company,” and the example text was “always
makes me laugh! Ha ha ha ha, the pressure suddenly
disappeared, and I am so happy.” The keywords for the
personalization theme were “thinking,” “learning,” “depression,”

“mood,” and “intelligence,” and the example was “The best
experience is that sometimes XiaoE’s answers are indeed
valuable and can really target some of my questions, which is
very intelligent and promotes thinking.” The keywords for the
practicability theme were “convenience,” “help,” “reality,”
“method,” and “usability,” and the example was “practical, real
and convenient, can help me.”

The following 2 themes emerged in respect to the feedback to
the question regarding the worst experience: “content” (n=120)
and “technology” (n=28). The keywords extracted from the
content theme were “inflexible,” “response,” “tedious,”
“repetitive,” and “mechanical,” and the corresponding labeled
example text was “The content is too rigid. It will make people
feel bored and irritable if used for a long time.” The keywords
extracted from the technology theme were “glitches,” “lag,”
“system,” “crash,” and “inflexible,” and the example text was
“crashed when I just entered the interface, and some glitches
need to be optimized.”

The participants’ feedback on the question “comments or
suggestions” can be mainly extracted into the following 3
themes: hope for a more fluent process of dialogue, more
emotional response and interaction, and server upgrade.
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Figure 4. Chart of themes and perplexity. The image shows the perplexity under different number of themes for participant feedback of the 2 questions,
"What was your best experience using XiaoE?" and "What was your worst experience using XiaoE?." (A) Themes-perplexity chart of “best experience.”
(B) Themes-perplexity chart of “worst experience”.

Table 5. Themes and keywords for participants’ feedback.

KeywordsQuestion and theme

Best experience

Company, care, loneliness, favor, and attendingRelationship

Happy, relax, stress, catharsis, and companyEmotion

Thinking, learning, depression, mood, and intelligencePersonalization

Convenience, help, reality, method, and usabilityPracticability

Worst experience

Inflexible, response, tedious, repetitive, and mechanicalContent

Glitches, lag, system, crash, and inflexibleTechnology
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Discussion

Principal Findings
To our knowledge, this is the first study to directly compare the
clinical efficacy of a mental health chatbot with a general
chatbot performing automated teletreatment for depressive
symptoms. We tested both the short- and long-term effectiveness
of XiaoE via a single-blind, 3-arm randomized controlled trial
and established a systematic evaluation of nonclinical metrics
for mental health chatbots so as to offer references for future
research.

Participants in this trial were on average 18.78 years old, and
they were younger than samples of typical studies with adults
or college students, indicating that research on mental health
chatbots is translating to samples of adolescents. In addition,
more men took part in this study than in previous studies, where
the majority of participants were women. Given that there are
currently no well-done studies on adolescents, we hope to see
more of them in the future.

In terms of attrition, participants in the XiaoE group dropped
out at a lower rate than those in the e-book and Xiaoai groups.
XiaoE was associated with a high level of engagement, which
rose to the highest level particularly at the beginning and toward
the end of the trial, demonstrating that XiaoE was attractive to
participants and could quickly establish relationships when
participants came into contact with this novel AI. The
participants using XiaoE were most active from 12 to 2 PM
every day, which may be related to the automatic task reminder
set after 12 PM once a day by XiaoE. However, a large
fluctuation in engagement could be observed regarding the trend
of weekly activation and daily activation, which indicated that
the relationships between participants and XiaoE were not steady
and firm enough.

ITT analysis showed a significantly better effectiveness of
XiaoE for depression in comparison with that of the 2 controls
for 1 week, achieving a moderate effect size (d=0.51), which
was between the effect sizes of 2 previous studies [32,33]
(Woebot: d=0.44; Tess: d=0.68) and remained robust in
sensitivity analysis. The results of the long-term reduction of
depressive symptoms 1 month later were statistically significant
as well, while achieving a small effect size (d=0.31). PP analysis
also showed significant short- and long-term effectiveness (T1,
d=0.62; T2, d=0.43). As in previous studies [76], the results of
the ITT analysis were lower than those of the PP analysis.
However, opposite results were found in separate comparisons
of the XiaoE and e-book groups. The difference between XiaoE
and e-book was significant in the ITT analysis (despite failing
to pass the test of the sensitivity analysis), but not in the PP
analysis. Protocol deviations and the interaction between
compliance and the intervention, which can lead to better
outcomes for compliers in the active group but just the opposite
(better for noncompliers) in the control group, are commonly
thought to be the causes of the bias in the PP analysis. In this
study, nevertheless, the effectiveness for compliers of the e-book
group may also be overestimated due to the favorable impact
of compliance, which may be more significant than that in the
XiaoE group. Therefore, the difference between the 2 groups

was not significant in the PP analysis. This shows that mental
health chatbots should fortify the therapeutic alliance even more
to increase the intervention compliance of participants.

It is necessary to note that while there was a significant
improvement in symptoms via the mental health chatbot
intervention, the magnitude of the improvement was small. As
a result, the mental health chatbot is better suited as an auxiliary
tool to work in conjunction with traditional psychological
counseling and treatment or as the primary care approach for
the treatment of mental illness. Although it is challenging to
swiftly implement the intervention in real clinical practice, at
least for the time being, the intervention is effective and
convenient for individuals who desire to access self-help mental
health services. This makes sense, since those represent a much
larger group of people, and the spread of this unguided tool will
greatly reduce the cost of human and financial resources.

XiaoE exhibited a significant high level of acceptability and
work alliance with participants but a nonsignificant high level
of usability. This shows that XiaoE has preliminarily reached
the standard of capacity in relationship establishment, but some
aspects, such as the user interface and the operating system, still
need to be further simplified for users. Participants reported
having received the best experience with XiaoE in the 4 themes
of “relationship,” “emotion,” “personalization,” and
“practicality.” The theme of “relationship” reflected the
establishment, development, and function of the relationship
between XiaoE and participants, as Dosovitsky et al [52] found
that individuals can form a positive bond with an AI chatbot
owing to its personality traits, such as being caring, open to
listening, and nonjudgmental. The theme of “emotion” reflected
that communication with XiaoE was helpful for emotional
expression and catharsis, and made users feel accompanied and
understood. The same themes were also observed in previous
studies [32,33]. The theme of “personalization” reflected that
XiaoE can make different suggestions for different emotional
distresses put forward by the participants, which can trigger
more thinking and learning of the participants. At the beginning
of the content design of XiaoE, in order to avoid an overly
sermonizing feeling, we added many simple and specific tips.
This could be the reason why participants considered XiaoE to
be practical (“practicality”). The worst experiences reported
mainly focused on “content” and “technology.”

As mentioned earlier, the use of psychology in chatbots is still
superficial. Despite the fact that our content was based on CBT,
we discovered through our thematic analysis that participant
comments barely made any mention of it. XiaoE’s conversations
do not always emphasize CBT itself to participants, similar to
how patients receiving therapy from a human therapist may feel
like they are improving but not know what kind of therapy they
are actually receiving. On the other hand, it is evident that CBT
has its limitations. Even though CBT is a highly structured
therapy, translating a typical CBT-based psychotherapy into a
chatbot setting is difficult.

Comparison With Prior Work
We added a general chatbot (Xiaoai) intervention as a control
condition to demonstrate the significance of psychological
design and content for mental health chatbots. Interestingly,
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participants who interacted with Xiaoai showed a small
worsening of depressive symptoms after receiving the 1-week
intervention. This indicates that using a general chatbot to treat
mental health problems may be harmful, and a specifically
designed chatbot for mental health may be required to alleviate
depressive symptoms. In this study, follow-up was added to
investigate the long-term effectiveness, and δ-based sensitivity
analysis was performed to ensure the robustness of the
conclusion. We established an innovative systematic evaluation
of nonclinical metrics for mental health chatbots, and LDA was
applied for the first time in the thematic analysis of users’
feedback as the sample size increased.

Limitations and Future Directions
There were some limitations in this study: First, due to the
particularity of the tool and the consideration of actual
recruitment, it was below capacity to double-blind both the
investigators and the participants. For the convenience of
management, an online group was set up for the 148 enrolled
participants to provide important information and technical
solutions during the implementation process of the trial, which,
as a potential risk, may have resulted in an attempt to reveal
different contents of their own interventions, thus imposing
subjective influence on the effectiveness for other participants.
Special attention should be paid to this in future online research.
Second, the 1-week intervention period in this study was
relatively short, and the results might have shown some
difference if the intervention was prolonged. It can be concluded
from the trend of weekly activation that engagement with XiaoE
had a wide fluctuation range and XiaoE showed strong
attractiveness, but it rapidly faded in the middle of the trial. It
may have resulted from repeated interactions with the inflexible
and tedious content, as well as technical problems such as
glitches and lag. It can be speculated that the chatbot may be
more suitable for a short-term intervention rather than a
long-term intervention, which needs to be explored in further
studies with a longer treatment period. Third, for the control
condition, the strength of evidence for the intervention itself
was still limited, and the e-book intervention, as a self-help
approach, only involved the concept of psychological education,
and it was not equipped with a complete set of programs for
psychological therapy [83] or designed for multiple or recurring
sessions. Therefore, it is better to choose other active control
approaches whose efficacy has been clearly proven, including
traditional face-to-face therapy, online psychological counseling,
ICBT, and VR. Fourth, as we could only gather self-reported
involvement in the control groups as opposed to comprehensive
objective data in the treatment group, it was not possible to
directly compare the engagement of the XiaoE group with that
of the control groups. Future research should also collect
behavioral data in control groups corresponding to the data in
the treatment group as the basis for comparison. Finally, this
study involved students from a single university in Tianjin,

China, and it was not determined whether the conclusion can
be extended to a larger group. This can be addressed by
attempting to perform multicenter randomized controlled trials
in the future.

In the postepidemic era, people’s lifestyles have undergone
profound transformations, and digital technology and internet
informatization have drawn more attention than ever. It is
reasonable to predict that in the future, chatbot-based digital
psychotherapy will play a significant role in the field of mental
health care [84]. This will provide new clinical guidelines and
technical viewpoints to relevant psychologists, psychiatrists,
and AI researchers and practitioners.

At present, there are many digital therapeutic approaches with
excellent psychological content, with little attention to the
effective factors in the psychological therapeutic process, such
as emotional response, therapeutic alliance, empathy, and
personalization. Despite people’s doubt regarding whether
machines can provide emotional experiences, they typically
respond better to agents that express emotions than those that
do not [85], illustrating the importance of a positive therapeutic
alliance in the internet environment in the absence of therapist
support [86]. Chatbots with sophisticated empathic capabilities
can enrich user experience and affinity. The concept of empathic
chatbots has been proposed [87], accompanied with system
design and development [88], but there is no mature product
present and effectiveness has not been tested yet. The utilization
of user profiles or user models to support personalized and
adaptive features, and assessments for personalization are still
limited in mental health chatbots [89]. Thus, the technologies
of chatbots, particularly NLP [61] and multiturn dialogue [60],
require to be constantly upgraded, and the user interface and
operating system should be modified to improve user experience.
Future chatbots can be targeted at more mental health problems,
such as anxiety, insomnia, well-being, stress, and addiction.
Meanwhile, ethical issues with AI, such as privacy, security,
information disclosure, and harm avoidance need to be carefully
considered [90].

Conclusions
The mental health chatbot XiaoE can be used as a feasible,
engaging, and effective digital intervention for college students
with depressive symptoms. Compared with a general chatbot,
XiaoE exhibited significant short-term and long-term
effectiveness that remained robust after sensitivity analysis,
illustrating the unique role of psychological design and process
in the field of digital mental health. XiaoE showed special
capacity for building relationships with users, enhancing
engagement, and improving user experience during the
therapeutic process. Further evidence is required to confirm the
long-term effectiveness via trails replicated with a longer dose,
as well as exploration of its greater efficacy in comparison with
other active controls.
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Introduction

Volumetric imaging with modalities like magnetic resonance
imaging (MRI) or x-ray computed tomography (CT) has been
a valuable tool in many areas of clinical, preclinical, and basic
research. Image files are data rich, often with metadata
containing (or linked to) both personal and sensitive data like
the name of the participant or diagnoses. When it comes to
sharing these data for research, current ethics consensus and
legislation require all data that can be used to link the shared
data set directly or indirectly to the participant to be carefully
removed [1]. This is of high importance as the deidentified data
sets ensure the protection of participant confidentiality.
However, in some cases, the information that can link the
participant to the data is not simply accompanying the data as
metadata. It is (part of) the data as, for example, in the case of
head imaging where the data set can be used to reconstruct an
image of participants’ faces at a sufficient quality that can be
then used for the reidentification of the participants [2].

However, the head is not the only site from where unique
biometric information can be extracted. Perhaps the most widely
used biometric information for human individualization is the
friction ridge pattern on the fingertips, often referred to as
fingerprints [3]. As with the face in head imaging, friction ridges

are also recorded as part of the imaging data when a participant’s
hand is imaged. High-resolution x-ray CT imaging modalities
such as high-resolution peripheral quantitative CT and
microfocus CT (μCT) are used to image human hands for
accessing the trabecular structure or various pathological
changes (eg, osteoarthritis) with a voxel size <100 μm [4]. Here
we show for the first time that the spatial resolution provided
by these technologies enables retrieval of the friction ridge
pattern.

Methods

A fixed cadaveric human right hand from a human body donor
was imaged using a μCT system designed for 3D x-ray histology
[5] at the 3D x-ray histology laboratory [6] at the University of
Southampton, United Kingdom. Imaging was conducted using
an isotropic voxel (edge) size of 72 μm at 160 kVp, maintaining
an electron beam spot size <15 μm (Table 1). Image processing
was conducted using Fiji/ImageJ [7] and volumetric renderings
using VG Studio Max (v2.1.4 64-bit, Volume Graphics GmbH).
Extraction of the 2D net of the ridge pattern was performed in
Fiji/ImageJ, and it involved a workflow to isolate the ridge
pattern–containing voxels of the outer surface of the finger, that
is, the epidermis, the dermis, and part of the subcutis layer, and
a method to project the pattern onto a 2D plane, which is
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outlined in Figure 1 (see Multimedia Appendix 1 for more details).

Table 1. Microfocus computed tomography imaging parameters.

X-ray histology scanner (Custom Nikon XT H 225 ST)Scanner used

0:23:37Approximate total scan time (h:min:s)

1 × (2850 × 3850 dexels)Detector binning

Tungsten (W)Target material

160Acceleration voltage (kVp)

112Current (µA)

17.92Power (W)

2001Angular projections

4Frames per projection

177Exposure per frame (ms)

24Analog gain (dB)

NoneFilter material

72.00 (isotropic)Voxel size (µm)
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Figure 1. Fiji/ImageJ processing workflow for extracting the friction ridge information from the processed volume resulting from the workflow described
in Multimedia Appendix 1. (A) Maximum intensity projection of the skin layer (left) and SD projection (right), (B) blurred image of the SD projection,
(C) edge image resulting from the subtraction of the blurred and SD image, (D) skeletonized image of (C), (E) frequency domain Fourier image (bottom)
of the selected friction ridge area shown in the insert image (inner area of outlined region) (Multimedia Appendix 2).

Ethical Considerations
The study was performed in accordance with the University of
Southampton’s ethics policies and ethical guidelines
(ERGO/FEPS/67396). The sample was obtained by cadaveric
donors who have given consent for their bodies to be used for
scientific research and imaging.

Results

Following the workflow described above and in Multimedia
Appendix 1, one is left with a single volume per finger that
contains only the volumetric gray-level information of the
friction ridges, which can now be projected onto a single 2D
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plane so that the net of the friction ridge pattern can be recorded
and further processed (Figures 1 and 2). Two examples of further
processing are shown in Figure 1D and E, where a skeleton

(1D) of the Fourier (frequency domain) image (1E) of the edge
image is presented.

Figure 2. Cadaveric human right hand imaged for the needs of the Anatomically Precise Revolutionary Implant for Bone Conserving Osteoarthritis
Treatment (APRICOT) project using a high-resolution x-ray microfocus computed tomography system at the x-ray histology laboratory, University of
Southampton. Left pane (A-C): volume renderings of the hand depicting the positioning and the segmentation of the index and thumb fingers for further
analysis. Right pane: (D,I) top and (E,J) bottom view of volumetric rendering of the segmented finger volumes. (F,K) SD projection across the segmented
volume after the removal of all information deeper than 10 voxels from the surface (skin). (G,L) Edge image of (F,K) and (H,M) skeleton of the binarized
(G,L) images (Multimedia Appendix 3).
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Discussion

μCT imaging was sufficient to resolve the friction ridges of the
fingertips. In silico reconstructed fingerprints of the thumb and
the index fingers using the whole hand μCT data set are shown
in Figure 2. With fingerprint-based identification being widely
used outside forensics in a range of applications such as
accessing personal accounts and devices, the risk of
reidentification, impersonation, and password compromisation
should be considered and discussed in an ethics application.
Regarding the latter point, imaging scientists should be made
aware that processing of such data might potentially have
implications on data protection obligations; since biometric data
are used for identification (eg, authentication), they become
special category personal data (General Data Protection

Regulation, article 9-1) [8]. Our study complements previous
imaging studies that assessed the ethical implication associated
with the risk of reidentification of the participants using MRI
data [2] and highlights the risks of modern high-resolution
imaging modalities, such as x-ray μCT, accidentally producing
identifiable information. We argue that data sets containing
high-resolution CT images of the human hands should be
considered “sensitive” and thus handled and shared with
appropriate care, as data subjects and imaging scientists may
not be able to identify a priori all implications of further
processing [9]. Relevant bodies (eg, institutional ethics
committees or data protection committees) should consider this
aspect of high-resolution CTs when reviewing research or
clinical imaging protocols and make their recommendations
according to the currently applicable law and local code of
practice.
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Abstract

Background: Until COVID-19, implementation and uptake of video consultations in health care was slow. However, the
pandemic created a “burning platform” for scaling up such services. As health care organizations look to expand and maintain
the use of video in the “new normal,” it is important to understand infrastructural influences and changes that emerged during
the pandemic and that may influence sustainability going forward.

Objective: This study aims to draw lessons from 4 National Health Service (NHS) organizations on how information infrastructures
shaped, and were shaped by, the rapid scale-up of video consultations during COVID-19.

Methods: A mixed methods case study of 4 NHS trusts in England was conducted before and during the pandemic. Data
comprised 90 interviews with 49 participants (eg, clinicians, managers, administrators, and IT support), ethnographic field notes,
and video consultation activity data. We sought examples of infrastructural features and challenges related to the rapid scale-up
of video. Analysis was guided by Gkeredakis et al’s 3 perspectives on crisis and digital change: as opportunity (for accelerated
innovation and removal of barriers to experimentation), disruption (to organizational practices, generating new dependencies and
risks), and exposure (of vulnerabilities in both people and infrastructure).

Results: Before COVID-19, there was a strong policy push for video consultations as a way of delivering health care efficiently.
However, the spread of video was slow, and adopting clinicians described their use as ad hoc rather than business as usual. When
the pandemic hit, video was rapidly scaled up. The most rapid increase in use was during the first month of the pandemic
(March-April 2020), from an average of 8 video consultations per week to 171 per week at each site. Uptake continued to increase
during the pandemic, averaging approximately 800 video consultations per week by March 2021. From an opportunity perspective,
participants talked about changes to institutional elements of infrastructure, which had historically restricted the introduction and
use of video. This was supported by an “organizing vision” for video, bringing legitimacy and support. Perspectives on disruption
centered on changes to social, technical, and material work environments and the emergence of new patterns of action. Retaining
positive elements of such change required a judicious balance between managerial (top-down) and emergent (bottom-up)
approaches. Perspectives on exposure foregrounded social and technical impediments to video consulting. This highlighted the
need to attend to the materiality and dependability of the installed base, as well as the social and cultural context of use.

Conclusions: For sustained adoption at scale, health care organizations need to enable incremental systemic change and flexibility
through agile governance and knowledge transfer pathways, support process multiplicity within virtual clinic workflows, attend
to the materiality and dependability of the IT infrastructure within and beyond organizational boundaries, and maintain an overall
narrative within which the continued use of video can be framed.

(J Med Internet Res 2022;24(11):e42431)   doi:10.2196/42431
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Introduction

Video Consulting Before, During, and Beyond the
Pandemic
There has been growing interest in the use of video as a method
of consultation between clinician and patient over the past 10
years, and numerous studies have shown such consultations to
be acceptable, safe, and effective in selected patients [1-6].
However, until the pandemic, the uptake of video in the National
Health Service (NHS), as in health care organizations in many
countries, was slow. Sustained adoption at scale requires new
ways of organizing clinical and administrative roles, new
organizational routines, new approaches to privacy and
information governance, and new clinical and communication
skills. However, in published research trials of video
consultations, the services were usually available only as part
of the trial and discontinued thereafter, so the challenges of
embedding video in business as usual were never addressed [7].

COVID-19 created a “burning platform” for the mainstreamed
use of such services, as health care organizations worldwide
halted face-to-face appointments for nonurgent care. The global
emergency prompted strategic (policy decisions and legal
changes), operational (increasing capacity and delivery by
building skills and resources at pace and scale), and regulatory
(eg, pandemic-related unofficial workarounds with unregulated
products) changes with regard to the delivery of telehealth across
different national contexts [8-10]. We initially flagged the
pandemic as an “opportunity in a crisis” for giving video
consulting the push it needed [11].

During the first wave of the pandemic in 2020, most countries
saw a rapid reduction in face-to-face consultations and an
increase in remote ones in both primary and secondary care
[12-15]. Guidance for conducting video consultations were
initially produced based on early examples of implementation
[16-22]. More definitive guidance was later developed, based
on learning during the pandemic, with the view of informing
best practices beyond COVID-19 [23-26].

As health care organizations are looking to expand and maintain
the use of video in the postpandemic “new normal,” it is
important to acknowledge and harness wider system changes
that have emerged. In this paper, we focus on the infrastructural
aspects of the rapid scale-up of video and draw lessons for
ongoing developments and sustainability. To this end, we
explore the impact of the pandemic in 4 NHS organizations,
where we had previously identified ways in which infrastructural
features influenced the limited use of video in the years
preceding the pandemic [27].

Attending to the Health IT Infrastructure
Star [28] defines infrastructure as the stuff other things run on.
It consists of hardware and software, the buildings, wires,
connections, clinical records, organizational routines, standards,
and other aspects that make an information system work. A

defining characteristic of infrastructure is its transparency
(invisible, taken for granted, and ready to hand), and so often,
it is not considered within health technology projects until it
breaks down or gets in the way. Health IT systems are also
patch-worked and path-dependent, in which components emerge
incrementally and so cannot be replaced wholescale. Star’s [28]
conceptualization of infrastructure challenged the common view
of technology as stand-alone artifacts, emphasizing the situated
and practical work of implementation. Technology cannot be
merely designed and installed, but instead, it must emerge from,
and build on, the installed base (ie, on systems and practices
already in place).

In the years before COVID-19, we conducted ethnographic
research in 4 NHS organizations in England, all of which were
seeking to introduce or scale up video consultations [7,27,29].
The case studies varied in size, geography, patient population,
and the use of digital technology. Common across all was the
way in which the “boring things” of infrastructure (eg, internal
procedures; locally endorsed standards; aspects of software
functionality; mundane administrative issues, such as room
bookings; general pressures on the system; and interoperability
and compatibility issues across new and legacy systems) greatly
influenced the fortunes of this initiative.

In our application and retheorization of Star’s [28] notion of
infrastructure, we identified several infrastructural features
related to the limited uptake and use of video: (1) intricacy and
lack of dependability of the installed base; (2) interdependencies
of technologies, processes, and routines; (3) the inertia of
established routines; (4) the constraining (and, occasionally,
enabling) effect of legacy systems; and (5) delays and conflicts
relating to clinical quality and safety standards [27].

A crisis is a low-probability, high-impact event that threatens
social and life-sustaining systems, creates deep uncertainty, and
requires international and government intervention [30].
Gkeredakis et al [31] applied 3 different perspectives to shed
light on the varied uses of digital technology, and associated
tensions, during the COVID-19 crisis: opportunity for
accelerated innovation and removal of barriers to
experimentation; disruption to organizational and occupational
practices, generating new dependencies and risks; and exposure
of vulnerabilities in both people and infrastructures that have
previously gone unnoticed. Gkeredakis et al [31] observed that
although the pandemic accelerated and expanded the use of
digital technology, these shifts were “fast-paced, dramatic and
not well understood.”

In this paper, we provide longitudinal qualitative and
quantitative data (spanning before and during the pandemic) on
4 NHS organizations to understand infrastructural changes
during the rapid scale-up of video consultations and how this
may influence sustainability going forward. All 4 sites saw a
significant reduction in face-to-face appointments, and
immediate and substantial increase in remote ones (overall a
245-fold increase in video consultations), as part of a
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systemwide response to the pandemic in 2020. Against this
background, we sought to study how health information
infrastructures shaped, and were shaped by, the rapid scale-up.
In the remainder of this paper, we first describe the national
context and aims of the study. In the Methods section, we
describe the study setup and our analytical approach to
understanding infrastructural features and challenges. We then
describe our findings on crisis-engendered change as a time of
opportunity, disruption, and exposure. Finally, we discuss the
findings in the context of the wider literature, highlighting
learning points for scaling up and sustaining the use of video
beyond the pandemic.

National Context
Since 2010, there had been a growing policy emphasis on digital
innovation and remote care in England [32-34]. Prepandemic,
this provided impetus for innovation-driven change. However,
the adoption of video consulting was slow, time-consuming,
and resource intensive, with activity confined to specific clinical
services and settings (typically with a local clinical enthusiast
leading) [7,35,36].

In 2019, the year before COVID-19, NHS England and NHS
Improvement (NHSEI, the national implementation arm of the
NHS in England) set up several pilot video consulting services
in secondary care using a video platform called Attend
Anywhere (building on the learning of a similar program in
Scotland) [37]. Attend Anywhere is an internet browser–based
video technology that can be accessed by a staff member on a
work computer or a member of the public using their own
device. One defining feature is its inbound workflow, which
seeks to emulate how patients attend in-person appointments.
For example, a single button on a website (or a consistent
weblink address on an appointment letter) offers a one-stop
virtual front door for patients. On clicking that link, the patient
enters a virtual waiting area, before being invited into the
clinician’s virtual consulting room.

When the pandemic hit in March 2020, the use of remote
consultations (phone and video) formed a key element of the
national response [38]. Building on the national pilot of Attend
Anywhere, central procurement of the software was extended
to provide all NHS trusts unlimited use of the software for 12
months. Staff training and materials to support swift deployment
were made available through the NHS England website [39].
National, regional, and interorganizational materials were also
shared through the FutureNHS platform (a virtual networking
platform for health and social care staff). Within 3 weeks of the
pandemic, the NHSEI established 7 regional implementation
teams (to provide temporary setup support, webinars, and peer
learning) and a national helpdesk (leveraging NHS England’s
existing IT call center). Alongside training and operational
resources, every NHS trust in England was provided £20,000
(US $ 23120.40) capital funding to purchase video call
equipment, and 5000 iPads (Apple Inc) were rapidly sourced
and distributed for frontline staff.

NHSX (a cross-department unit within the NHS with
responsibility for setting the national policy on digital and data
management) advised on governance reviews of video platforms
to facilitate organizational approvals, as well as the negotiation

of zero-rated 4G with major mobile network providers (so
patients could use Attend Anywhere without incurring mobile
broadband charges).

The provision of Attend Anywhere across England was further
supported by recent insights from prepandemic scale-up of
Attend Anywhere in Scotland. In addition, the temporary use
of the Scottish platform servers during the initial response
allowed for immediate setup of the trust’s Attend Anywhere
accounts before they were transferred to a dedicated server.

Across England, the proportion of remote consultations (phone
and video) surged from just 3.9% of all outpatient activity in
January-February 2020 to 36.6% by the end of April 2020. Over
the course of 1 year (April 2020-March 2021), remote consulting
accounted for, on average, 28% of outpatient activity (with a
proportionate drop largely due to a gradual increase in the
number of in person appointments) [40]. Despite this increase
in remote consultations, video constituted a relatively small
proportion of the appointment activity, in which it made up
approximately 2.4% of overall secondary care consultations,
although with much variation in uptake across settings and
specialties [41]. However, this presented an unprecedented shift
in the scale of video consultations, which is considered to have
a long-lasting role going forward [42]. For further details on
the varied UK context, see Shaw et al [43].

The aim of this study was to draw lessons from 4 NHS
organizations on how information infrastructures shaped, and
were shaped by, the rapid scale-up of video consultations during
COVID-19. Our research question was, “How did information
infrastructures shape, and become shaped by, the rapid
implementation and scaling-up of video consultations during
the pandemic, and what does this mean for scale-up and
sustainability going forward?”

Methods

Study Design
A naturalistic case study with an action research component
was conducted in 4 NHS trusts in England, which we refer to
by their pseudonyms: Petroc, Eastern, Southern, and Northern
Trusts. All were seeking to introduce and scale up video
consultations before and during the pandemic as part of a service
improvement program, in which members of the Petroc team
supported clinicians and managers in the 3 other trusts. Data
sources included ethnographic field notes, interviews,
consultation activity data, service evaluation reports, documents,
and material artifacts.

Ethical Considerations
Research ethics approval was obtained from London –
Camberwell St. Giles Research Ethics Committee (ref.
19/LO/0550). An advisory group was established from the start
to oversee both phases of the project, with wide stakeholder
representation (eg, policy makers, organizational stakeholders,
and patient groups) and a lay chair. The group provided input
on study progress during 6-monthly meetings, as well as
comments on project outputs by phone and email.
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Data Collection and Management
Data were collected in 2 phases, before and during the pandemic
(the periods and data sources are presented in Table 1). The
prepandemic phase extended data previously reported up until
when COVID-19 was confirmed in the United Kingdom
(January 2018-February 2020), providing context to the impact
of the pandemic. The in-pandemic data were collected during
March 2020-July 2021.

In total, 90 interviews were conducted with 49 participants,
including doctors, nurses, allied health professionals (AHPs),
service managers, and admin and IT support. This included 43
(48%) interviews with 29 (59%) participants prepandemic and
47 (52%) interviews with 37 (41%) participants during the
pandemic. In addition, 17 (35%) participants were interviewed
in both phases, and 6 (12%) key informants were interviewed
on multiple occasions within each phase.

Fieldwork was conducted in person before the pandemic but
was, of necessity, conducted remotely during the pandemic.

Interviews lasted between 30 and 60 minutes. Participants were
asked to talk about their experience of supporting or using video
consultations (or why they had chosen not to support/use this
medium), including the progress of and the challenge in using
(or supporting the use of) video and the impact of the pandemic.
When interviewees talked in the abstract about problems and
challenges, we asked them to describe specific examples of
these.

Our data set of qualitative interviews was supplemented by
evaluation data captured by local teams (eg, aggregated data on
patient experience surveys and demographics), internal audits
(staff engagement reports), policy documents (eg, digital strategy
documents, information governance, service recovery plans),
and standard operating procedures and training resources (eg,
implementation procedures, guidance materials).

Video consultation activity was captured during March
2020-March 2021 as part of a national NHS England pilot using
Attend Anywhere, which was the main video platform used
within the sites.

Table 1. Data sources for the 2 phases of the evaluation.

TotalPhase 2 (during the pandemic)Phase 1 (prepandemic)

3 years, 7 monthsMarch 2020-July 2021January 2018-February 2020Period of data collection

180 hoursNo ethnography possible due to the
pandemic

180 hoursEthnographic observation (hours)

Interviews by site

41n=19 (46%)n=22 (54%)Petroc

13n=8 (62%)n=5 (38%)Eastern

23n=11 (48%)n=12 (52%)Southern

13n=9 (69%)n=4 (31%)Northern

Interview participants ••• 12 doctors10 doctors7 doctors
• ••5 nurses 6 nurses3 nurses

••• 8 AHPs7 AHPs3 AHPsa

•• 10 managers8 managers• 8 managers
•• 13 admin/IT staff9 admin/IT staff• 6 admin/IT staff

21 monthsMarch 2020-March 2021July 2019-February 2020Uptake statistics for video consulta-

tions, by NHSb trust

5 patient surveys (N=4050)Postconsultations, user experience
survey (all 4 sites)

Postconsultations, user experience
survey (Petroc Health)

Online patient survey reports

aAHP: allied health professional.
bNHS: National Health Service.

Analytical Approach
Interviews, field notes, and supporting materials collected during
the pandemic phase were first used to gain familiarity with each
case site and produce an organizational narrative on the impact
of COVID-19. Following this familiarization phase, interview
transcripts were then organized into a Microsoft Excel
spreadsheet to identify emerging themes within Gkeredakis et
al's [31] 3 perspectives on the use of digital technology in a
crisis: as an opportunity (for the implementation, uptake, and
use of video), as a disruption (to the existing working practice
and the need to adapt), and as exposure (issues that had
previously gone unnoticed or underplayed).

Analysis of emerging subthemes was guided by Star’s [44]
ethnographic approach to the study of information infrastructure
to surface master narratives (the overarching discourses that
shape decisions), infrastructural inversion (eg, foreground things
that are usually kept in the background), surface invisible work
(eg, work done by low-grade staff, such as secretaries and
administrators), and study paradoxes (eg, why a simple change
makes the whole system unworkable, perhaps because it
generates additional hidden work) [44].

Analysis was further guided by the literature on crisis
management [45] and routine dynamics [46]. Christianson et
al [45] highlighted how the novel demands of rare interruptions
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trigger organizational learning and reveal underlying weaknesses
and potential strengths as events unfold. This includes
organizational actors engaging in the process of interpreting
(which initiates the conditions that guide responsive action),
relating (when members of the organization understand their
contribution to the overall outcome), and restructuring
(reconfiguring social and materials structures to maintain core
organizational functions). In relation to the latter, we also drew
on the notion of organizational routines, defined as
“recognisable, repetitive patterns of interdependent action
carried out by multiple actors” [46]. Organizational routines
coordinate work, reduce uncertainty, and are situated within a
sociomaterial context, structured around time, physical spaces,
and material and technological artifacts [47].

Pentland and Feldman [46] distinguish between ostensive
routines (abstract understanding about how it is enacted) and
performative routines (the range of ways in which it is carried
out in practice). They propose the use of narrative networks to
represent the generative tension between these 2 aspects of
organizational routines and how this is mediated by technology
in use [48]. Unlike other graphical representations of work, such
as process mapping, narrative networks summarize the relations
between actions as a networked graph of nodes (categories of
actions) and linked edges (indicating sequential relations
between the actions), providing a network of potential
performances or “stories” within a process. We applied this
approach to help us understand how video was used and
embedded within routine practice.

Results

Case Site Overview of Rapid Scale-Up
Petroc Health is a multisite acute hospital trust located in a
predominantly deprived and multiethnic part of London. It is 1
of the largest trusts in England, serving a population of 2.5
million. Since 2013, Skype had been used within a diabetes
clinic to reduce did-not-attend rates. Building on the success of
this pilot, the digital strategy team commenced a trustwide
program in 2018 to spread use across outpatient services.
However, progress was hampered by technical problems with
Skype, including incompatibility with the new virtual desktop
infrastructure (VDI, a virtualization technology that hosts a
desktop operating system on a centralized server). Petroc joined
the NHSEI Attend Anywhere pilot in October 2019, and 7
clinical services started using the platform by the time
COVID-19 hit in March 2020. As part of the pandemic response,
other members of the digital strategy team were drafted in to
support scale-up (eg, training, deployment), with oversight from
a cross-departmental covid executive group.

Southern Trust is a large multisite provider in a university city
that had won awards as a digital innovator. It includes 4
hospitals serving a population of 655,000, with a relatively high
proportion of young people aged 20-24 years (including
university students). As part of the prepandemic scale-up

program, 2 services (diabetes and orthopedics) started using
Skype for Business. Although this software was supported by
the trust network, licensing permissions and firewall restrictions
created problems conducting video calls with people outside of
the organization (eg, patients). A small group of clinicians
sought to engage the information and communication technology
(ICT) department into resolving these issues, but little progress
was made due to other IT priorities. In July 2019, Southern
Trust joined the NHSEI Attend Anywhere pilot, in which 4
services started using the platform. When the pandemic hit, the
chief digital officer coordinated a trustwide deployment, with
the support of 5 divisional digital leads to manage technical
setup (eg, the provision of iPads to run video via secure Wi-Fi).

Eastern Trust runs 2 hospitals in a largely rural county. The
catchment population of 1 million is predominantly White
British, with a relatively high proportion of patients over 65
years. There was a prepandemic strategy to digitize patient
records. However, the electronic patient record system had not
yet been rolled out, and so the large majority of services still
relied on paper-based records. A diabetes consultant’s initial
attempts to pilot the use of Skype, as part of the prepandemic
scale-up, were halted by the ICT department due to governance
concerns. The trust joined the NHSEI Attend Anywhere pilot
in November 2019, but none of the services started using the
software until COVID-19. This meant extensive work was
needed to prepare clinicians and administrative teams using the
software, with training from the regional support team set up
by the NHSEI.

Northern Trust provides hospital and community services across
a built-up metropolitan borough, as well as small towns and
rural areas. Although geographically the largest catchment area,
it has the smallest patient population of approximately 500,000.
The population is predominantly White British, with
socioeconomically diverse regions, including areas of high
deprivation, unemployment, chronic illness, substance misuse,
and mental health problems. As an early participating site for
the NHSEI Attend Anywhere pilot, prepandemic use of the
video software began in July 2019, with a focus on reducing
patient travel and strong senior management buy-in. By the time
the pandemic hit, Attend Anywhere was being used in 6 clinical
services. The implementation team continued to lead the
deployment, with additional operational and training support
brought in from the IT and business units.

Figure 1 shows the number of video consultations for the 4 sites
during the period of March 2020-March 2021. The most rapid
increase in the use of video was seen during the first month of
the pandemic (March-April 2020), from an average of 8 video
consultations per week to 171 per week. Uptake continued to
increase over the course of the pandemic, averaging
approximately 800 video consultations per week by March 2021.
As was observed nationally, video still constituted a relatively
low proportion of overall outpatient activity, in which most
remote appointments were conducted by phone.
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Figure 1. Monthly video consultations across the 4 trusts during March 2020-March 2021.

In sum, the case studies present contextually different
circumstances in relation to the geography and technical and
organizational contingencies but show similar trends in the rapid
scale-up of video consultations. The following sections highlight
common themes in relation to how the information
infrastructures shaped, and became shaped by, the rapid
scale-up.

Opportunity
Viewing the pandemic as an opportunity for positive change
highlights how the crisis helped accelerate processes that were
stalling, questioned institutional norms and processes, and
allowed for experimentation.

Before COVID-19, efforts to implement video were restricted
by (to a varying degree across sites) pressures on human and
financial resources, competing operational and strategic
priorities, differing institutional logics (beliefs, assumptions,
and practices that shape actions [49]), problems interfacing the
new technology with local legacy systems and standards, and
training and support requirements for staff and patients. As the
project manager within Petroc expressed shortly before the
pandemic:

It’s difficult to make a financial case for video
consultations, because we’re not reducing any activity
in the system, but we are requesting new
technology…And it is difficult timing for the trust to
take on something that doesn’t even pay for
itself…You need the senior leadership to see it as the
next priority, but of course, there are hundreds of
priorities. It is really challenging. It doesn’t happen

overnight… [Bridget, program manager, Petroc
Health, January 2020]

The prepandemic focus on the economic case echoed the
dominant policy discourse that viewed digital solutions primarily
in terms of enhancing efficiency [33]. Other confounding logics
included frontline duty of care (professional standards of what
excellent care looks like and any potential risks of harms the
digital medium might bring), IT regulatory concerns on data
security and service quality, and managerial focus on capacity
and resource to support the change. In this context, the
translational efforts were typically driven by local clinical
champions’ ability to define and frame the problem for which
video was to be a solution, engage interest, and mobilize other
key organizational actors to support the initiative [27]. Broadly
speaking, such efforts were rarely successful and even more
rarely sustained long term. Video consultations could be
established as small-scale demonstration projects but almost
never gained momentum as business as usual.

However, in the wake of the pandemic, a national mandate to
avoid direct clinician-patient contact on the grounds of safety
(infection control) engendered collective action toward the rapid
rollout, as the same project manager described:

All of a sudden, we have a level of support we never
had before. Like from a very senior level. As soon as
this [pandemic] happened, they put in temporary
governance structures—the Pandemic Covid
Outpatient Group—headed up by one of the most
senior doctors in the trust. I’ve moved full-time on
this and report to them. So, if I have any problems, I
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have someone to escalate to, who can do something
about it…Also, the clinical system team [responsible
for building electronic clinic schedules] usually
take[s] weeks to implement changes. But I’ve been
given permission to, basically, get in touch with them
to say, “This is a priority.” [Bridget, program
manager, Petroc Health, April 2020]

These new relations illustrate how a shared organizing vision
(clear and consistent vision among stakeholders as to what will
be achieved) [50] brought legitimacy and support for the change,
in which staff and resources were mobilized to address
infrastructural constraints. As illustrated in the extract earlier,
provisional management and communicative structures helped
hold groups together around this narrative and increase
awareness of their role within the context of the collective
outcome.

An opportunity was also seen within the temporary suspension
of regulative structures, allowing staff to bypass administrative
burden and governance processes, which had previously
thwarted attempts to introduce video:

Things kind of became, to an extent, easier to do.
Previously, you would have a lot of bureaucratic
hurdles and hoops to jump through. But we have come
to a point where things just had to be done. [Nathan,
operational support, Northern Trust, March 2021]

This brought a welcome cultural shift, providing greater
autonomy and openness to change. In accordance with Scott’s
[51] 3 interacting institutional forces that operate in health care,
an easing of risk management protocols (regulative) enabled
more agile, unformalized (cultural-cognitive) governance,
underpinned by professional (normative) values:

Before [COVID-19], we had hearing aids where you
could remotely program them, and I looked into
setting up a remote programming clinic…I went to
information governance, and they gave me this list,
and I was like, “Oh it’s not worth it—not for a few
patients.” So, I didn’t bother. And that’s terrible—I
should have bothered. But it was too much work. But
now, when we asked them, it went straight through
to the medical director, and she just said, “Go ahead
with it…” So, things progressed—which is what the
NHS would struggle with sometimes. [Karen,
consultant, Southern Trust, November 2020]

As described before, regulatory constraints were also reduced
through national measures by NHS England, including the
central procurement of Attend Anywhere (enabling unrestricted
use with no cost to trusts), endorsement of video platforms by
national information governance bodies (enabling
experimentation), and temporary tariffs for remote consultations
(avoiding local commissioning requirements and associated
system configurations).

However, although these were intended as temporary
arrangements to deal with the pandemic, they set organizations
on a particular infrastructural path, upon which they were now
destined to build:

One challenge is, few of us want to change what we’ve
got now [Attend Anywhere]. We will have to go
through this procurement—because the region will
be doing it on our behalf—and there is a slim chance
another provider will be chosen, and that would be
a real challenge for us. [Teresa, program manager,
Eastern Trust, February 2021]

Finally, the pandemic created an opportunity for clinician
engagement. Before the pandemic, there was a striking
difference between those who embraced the use of video with
enthusiasm and other clinicians on the same teams who were
reluctant or could not see the benefits of the change. Hurdles
to adoption were less to do with needing to learn to use the
technology and more related to professional concerns about
patient safety, quality of care, and identity. However, during
the pandemic, the perceived relative advantage [52] of video
compared to existing alternatives meant that it was no longer
seen as a suboptimal option:

There was quite a lot of resistance previously by
medical colleagues. They felt it would affect the
relationship. [COVID-19] has turned that on its head
quite quickly. [Eleanor, diabetes nurse, Southern
Trust, June 2020]

Clinicians using video talked about the advantages over phone
for basic visual assessments (“eyeballing” the patient) and
nonverbal interaction. This was reflected in the video activity
data across sites, in which a large proportion of consultations
were conducted within psychiatry/psychology and mental health
services (13,952/109,401, 12.75%, of overall video activity),
pediatric services (12,964/109,401, 11.85%), musculoskeletal
and orthopedic services (11,953/109,401, 10.93%), and
physiotherapy (11,636/109,401, 10.64%).

Crucially, many clinicians described reflection in action [53]
through the pandemic, in which the use of video reshaped prior
assumptions on the role of such technology within their clinical
practice:

You have to be very pragmatic [over video] about
how you do your assessments. And all those special
tests we used to do in the consultation room, we’re
suddenly finding that we were not getting any value
out of them. And we are now coming to realize, it is
what the patients tell us, it is how they got out their
chair to get their medication or how they turn around
to tell their partner to turn the telly down—all these
little functional cues that we are seeing. I’m finding
video a lot more helpful than these clever tests we
used to do. [Larry, physiotherapist, Northern Trust,
August 2020]

Christianson et al [45] describe how the uncertainties generated
by rare events provide such opportunities to question previously
held assumptions about core organizational functions and roles
and provide a strategic opening for supporters of the initiative.
Other opportunities and extended uses of video included remote
multidisciplinary and group consultations, which would have
previously been difficult to establish as physical encounters.
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However, although the pandemic provided a context to try out
and reflect on the use of video, as predicted by Gkeredakis et
al [31], an opportunity through a crisis also comes with inherent
tensions going forward. A key challenge raised related to
subsequent shifts in the social and political forces as the risk of
COVID-19 decreased:

The big question for me is whether this change is
permanent or just temporary…Are we going to see
clinicians just not wanting to go back to the way they
were working before, or are we going to see a slip in
the use? [Beth, program manager, Northern Trust,
April 2021]

The absence of prepandemic groundwork within Eastern Trust
also brought uncertainties about the extent to which the new
service model can be socially and technically stabilized within
the organization:

We built a bridge—and it was a pretty good bridge
to jump over the river—but we didn’t build the
foundations. We suddenly had the technology,
instantly threw ourselves into it, and got over that
river. But the bridge is a little insecure…As a major
change project, you would never do that—implement
a new technology, try to get hundreds on board, and
then build the system to support it. [Teresa, program
manager, Eastern Trust, December 2020]

Disruption
Viewing the pandemic as disruption highlights how staff had
to adapt to widespread displacement of social and material
environments, including the need to work from home.
Technology shortages also demanded improvised use of
computing equipment (an advantage of Attend Anywhere was
that it could run on a personal device, as nothing needed to be
downloaded). Staff needed to reorganize work routines to
accommodate and support remote consultations in the face of
prolonged uncertainty and disruption. Adaptive capabilities
allowed some service provision to continue but also distorted
work practices and created new demands and unintended
consequences.

Clinic workflows are complex and structured around various
interacting routines (eg, booking appointments, arranging prior
tests, processing patients through the clinic) and associated
spatial and material structuring devices [54], which have largely
evolved around the physical copresence of patients and staff.
Indeed, the inertia of established routines was a major constraint
on the use of video before the pandemic, in which apparent
embedding resulted from elaborate workarounds. Hence, the
sudden and extensive transition to virtual created significant
disruption, in which a fix for one problem generated problems
elsewhere in the system.

Particularly during the early stages of the pandemic, clinicians
relied on the telephone to consult with patients:

We turned all into blanket telephone—and in a sense
that has been the legacy—and we haven’t moved
forward with video clinics, because the telephone
clinics have been kind of working…There is a

logistical problem. If you see people at clinic, it is
really easy because they turn up, there is a slip [of
paper] with their name on the trolley, and you just
come out, pick up the slip…And when you’ve seen
them, they will leave—you can’t double-see them.
With the phone, we don’t have that. You may get
someone who does not answer, so you call the next
person, and come back to them—but then of course,
that next person wasn’t expecting a call at that time,
so then doesn’t pick up…So at the moment, I’ll start
the [in clinic] appointments, and the registrar starts
on the phone list. And then, when there are some less
complicated patients in clinic, the registrar sees them,
and I start at the bottom of the phone list and work
up. [Frank, neuro-oncology surgeon, Petroc Health,
October 2020]

This extract highlights how the “installed base” both enabled
and constrained the rapid reorganization of clinic routines,
which, in turn, became locally embedded. Feldman [55]
describes how such “patterning” (the process of reinforcing old
and creating new patterns simply by taking action) initially
emerges through the stringing together of anticipated-orientated
actions (situated and highly influenced by the fit between
available opportunities and their current abilities) under
prolonged disruptive conditions. Although these “provisional
adjustments” are enacted to make a situation work, over time,
they form new patterns, roles, and ways of doing things.

Similarly, the rapid expansion of video demanded a high degree
of adaptation and emergence in accordance with local needs
and contingencies. One of the main areas of focus was the
management of patient “entry” into their video appointment.
The main video platform (Attend Anywhere) uses a consistent
URL for each clinic virtual waiting area. In the initial phase,
most patients were sent the relevant waiting area URL on an
appointment letter, which they would be required to write into
their internet browser. Although quick to implement, this
arrangement was prone to problems with typing errors and
incomplete knowledge of the new process:

They send them a sheet. I guess it must say what they
have to do, but it’s very limited. In fact, I don’t think
they always even send that. Sometimes, they just send
a letter saying log onto this [URL] address. And 9
times out of 10, the first time they use it, they’ll go
onto Google Search…which just comes up with
[Attend Anywhere] websites. And then, we say ‘No,
you put it into the address bar at the top…” [Betty,
audiology therapist, Eastern Trust, February 2021]

In this extract, the clinician, patient, and administrative staff
lack the mutual awareness [56] and embodied knowledge needed
to coordinate actions within this new digital space—aspects
that are deeply embedded and taken for granted in traditional
outpatient waiting areas.

However, over the course of the pandemic, various changes
were made to help orientate patients, depending on local human
and technical resources in place. Within Petroc, for example,
existing (outsourced) text reminding services adapted the text
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message sent to patients so they could click directly onto the
URL, although this relied on the patient having a smart phone.

Another route of entry, eventually established within Petroc,
Northern, and Southern Trusts, was the trust website, in which
patients could click a button for the relevant virtual waiting
area, although this relied on the patient being able to navigate
the website and locate the correct button. The following extract
describes a common problem in which patients would turn up
in the wrong virtual waiting area due to difficulties
distinguishing between overlapping specialties. This created a
high degree of “invisible routine articulation work” (work
necessary for dealing with anticipated contingencies but that is
not formalized or documented [57]) for the clinician to locate
and orientate them accordingly:

Patients select a waiting room to go into. But often,
they would be waiting in orthopedics because they
had seen that department previously…But we don’t
have access to that waiting room. So, we would need
to contact them and tell them to come out and go into
the MSK [musculoskeletal] waiting area. [Nick,
physiotherapist, Petroc Health, March 2021]

Organizational capability to endure, and even harness, locally
driven adaptations depended on the people and connections in
place to monitor and embed new practices. For example, the
Northern Trust implementation team continued to engage with
clinicians shortly after the rapid deployment of Attend
Anywhere, during which they discovered some practitioners
using an alternative platform (accuRx). This platform’s texting
and video call functions aligned better with their particular
workflows and systems, and so it became supported at the
system level.

It was kind of by chance and through discussions that
we found some people had started using
[accuRx]...We realized it was building a bit of
momentum amongst some clinicians. So, we officially
approved it, did a bit of comms, and developed some
training on how to use that platform. [Nathan,
operational support , Northern Trust, March 2021]

Similarly, over the course of the pandemic, the developers of
Attend Anywhere incorporated new design features based on
user feedback, including the “consult now” function, allowing
clinicians to send the URL link directly to patients via text or
email.

The various sociotechnical arrangements to support patient entry
reflect the generative tension between ostensive (generalized
understanding) and performative (specific actions taken) aspects
of routines [46], driven by clinicians’ efforts to balance
efficiency (managing their time and capacity) with flexibility

(to enhance patient access) in this new virtual space. Pentland
et al [58] highlight the paradoxical tension of process
multiplicity (a single process incorporates many possible
“paths”), in which ICT greatly expands the “space of possible
paths”; different ICTs may be used at various points within the
same process. Even a simple change (eg, adding a new button
to enter a virtual waiting area) creates a host of new actions and
pathways.

Figure 2 presents a narrative network of known possible actions
involved in the process of patient entry into a video appointment,
based on participants’accounts of using Attend Anyway. Seeing
the process as a network of related actions highlights the extent
of performative variation within this component of the
workflow. Each step leads to various alternative actions that
could happen next, enabled by the video software and associated
technology. For example, some clinicians talked about a
tendency to phone the patient if they were not in the virtual
waiting area. From there, they might explain to the patient how
to access it, or send login details electronically. Sometimes,
patients would not answer the phone, so the clinician might
leave a voice message (if the technology allows); some would
also leave their direct contact number (as caller IDs were often
withheld). Upon hearing the voice message, several actions
could occur next; the patient may attempt to (re)connect to the
virtual waiting area, they could phone the clinician back, they
might call the clinic reception, or they might do nothing.

Another example of process extension was clinicians’ use of
the instant messaging feature to communicate with patients in
the virtual waiting area (eg, to tell them whether the clinic is
running late), in which patients may decide to wait or exit and
re-enter at a later point. In some cases, the clinician and patient
would jointly decide to abandon the video option and consult
by phone instead (when clinically appropriate).

Although some service teams brought admin support into this
process (eg, to monitor the virtual waiting area), it usually relied
on the clinicians to manage. Participants talked about the need
for a conceptual shift in the departmental management of these
new digital spaces, if they are to be sustained:

If the patient has a face-to-face appointment, it isn’t
just them instantly in with a clinician and instantly
out with a clinician…Outpatient departments manage
the physical outpatient space, but now we’ve got all
of this virtual outpatient space…which
actually…other than the patient and the clinician
linking up together, nobody is managing that space
to make sure that link-up happens correctly…We need
to be taking responsibility, full responsibility—like
we do for the physical space—of that virtual space.
[Simon, ICT manager, Northern Trust, March 2021]
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Figure 2. Narrative network analysis of patient entry into video consultations.

Exposure
Perspectives on exposure revealed infrastructural challenges
and tensions to video consulting that have gone largely
unnoticed. As Star [44] points out, infrastructure tends to exist
in the background, invisible and taken for granted until it breaks
down or gets in the way. Before the pandemic, clinicians using
video described their use as being ad hoc, on a small scale, and
with selected patients, rather than business as usual. The
unprecedented demands of the rapid scale-up effort exposed
important social, technical, and ethical issues to mainstreamed
use—what Christianson et al [45] refer to as the “brutal audit
of weakness” brought about by the novel demand of rare events.

Networks and servers came under significant strain during the
first few months of the pandemic, resulting in periods of poor
service reliability. Although these problems were dealt with
promptly in collaboration with technology providers, local IT
issues were poorly understood and more difficult to resolve:

It is difficult to test the consultation capacity, because
it is very dependent on the volume of calls, how the
platform is doing on that day…It is really difficult to
test the actual performance because it can vary so
much. [Tanvi, operational support, Petroc Health,
January 2021]

Additionally, access and dependability issues extended beyond
the boundaries of the organization’s IT infrastructure, including
“digital poverty” (eg, no smartphone, no webcam, limited data
package). It was reported that video tended to be lower among
groups with a greater health care need and already facing health
inequalities, such as older people, low health literacy, weak
social networks, limited mobility, limited transport, and
psychological and mental health problems:

Some people don’t have [smartphones], they don’t
have laptops, iPads. You have to be kind of fairly well
off to be able to access video consultation. We’ve
definitely seen a difference in what type of patients
can and can’t access. [Nick, physiotherapist, Petroc
Health, March 2021]

Clinicians talked about limited privacy in family households,
as well as differences in network connectivity. Particularly for
patients living in rural areas, audio-video quality was unreliable,
impacting the quality of the consultation and sometimes
resulting in the use of the telephone as a backup:

Because if you’re talking to someone and you’re
trying to explain something or you ask them a
question and then you have to wait 10 seconds for
them to answer, then you think, “Are they not
answering, or is it they’ve not heard me or, you know,
is it the delay?” [Betty, audiology therapist, Eastern
Trust, February 2021]

It was often difficult to anticipate the needs and wishes of
patients in advance, requiring flexible use, alongside nondigital
alternatives. Digital exclusion was not merely down to whether
a person could use technology, but cut across multiple technical
and social elements, as described next:

I had to say to her, “I can see your background [on
video].” And I don’t think she was comfortable with
that…We have a large Asian population, where there
is an element of larger families and smaller living
spaces. If I access their space, I will not only be
seeing them, I would be seeing their family. And they
may not be comfortable with that…You have to be
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careful. [Tanisha, hepatologist, Petroc Health, October
2020]

Mitigating digital exclusion was an effortful accomplishment
between clinicians, patients, and their support networks.
However, some early strategic work had begun within Northern
Trust to establish local hubs for video appointments in
partnership with community centers:

So now, if they need help accessing technology, they
can get in touch with the community center—and we
trained people in these community hubs to help people
access the remote consultation. But also, in the
community hub, they will get access to a full package
of support, such as food packages…It has taken a
while just engaging with these groups, making sure
they are happy. [Tessa, PPI engagement lead,
Northern Trust, April 2021]

This extract reveals the role of collegial partnerships in order
to coordinate and interface between the digital and material
aspects of health care and community-based infrastructures.
Perspectives on exposure, therefore, reveal not only weakness
within the system but also strengths to be leveraged and built
upon. In a similar vein, Sanner et al [59] draw on the
horticultural notion of grafting to describe how infrastructural
mergence between existing systems (from separate
organizational boundaries) can be supported through the mutual
adjustment and careful alignment of available resources and
interests. Such perspective draws attention to how health IT
organizations may need to interface with other organizational
and professional boundaries and associated infrastructure in
order to enhance the accessibility of remote digital care.

Discussion

Principal Findings
Gkeredakis et al's [31] 3 perspectives on crisis and digital change
provide different vantage points to foreground how health IT
infrastructures shaped, and were shaped by, the rapid scale-up
of video consultations. Considering COVID-19 as an
opportunity highlighted the institutional elements of
infrastructure, in which conventional assumptions, norms, and
governance structures were challenged. The pandemic brought
about a collective understanding or organizing vision [50] for
video, in which the organizational application shifted from a
focus on efficiency and access to an issue of safety (infection
control). This played a key role in legitimizing the technology
and mobilizing resources to support adoption at scale. Beyond
the pandemic, the organizing vision remains uncertain. Although
many perceive a long-term role for video, the balance between
the benefits and harms of such a service model will change, as
the context moves from one dominated by risk of infection to
concerns about the impact of remote consulting on patient safety
and quality of care.

The focus on disruption drew attention to the structures and
practices involved in the urgent response to the pandemic. With
the displacement of deeply embedded routines, new
performative patterns of action emerged, in which the virtual
environment greatly expanded the “space of possible paths”

within consultation workflows. A large space of possible paths
makes routines more resilient to disruption (by minimizing the
single points of failure), but it also makes the processes more
difficult to replicate and manage [58]. The capacity to retain
and mainstream positive elements of the change beyond the
pandemic will require a judicious balance between the
managerial top-down (clear processes and milestones) and the
emergent bottom-up (responsive and contingent) approaches.

Accounts related to exposure reflected inherent properties of
information infrastructures, as backgrounded and taken for
granted. The accelerated scale-up of video revealed social and
technical impediments to video consulting and the potential to
accentuate unresolved health inequalities. This raises practical
and ethical challenges to scaling up such a service model and
conflicts with the policy talk of such technology as state of the
art, efficient, and accessible [33]. Improving access will be an
extensive and ongoing accomplishment, requiring close attention
to the materiality and dependability of the installed base, as well
as the social and cultural context of use.

Enabling Infrastructure Growth in the New Normal
Research on information infrastructures highlights how
technology-supported change needs to be cultivated in a way
that acknowledges challenging organizational needs and the
inertia of the installed base [60-62]. The extreme and stochastic
nature of the pandemic has provided a unique insight into the
processes and mechanisms that surround infrastructural change,
including the path-dependent way in which the system is built
and added to, and, in turn, set organizations on a particular
infrastructural path for remote consulting.

Despite the policy focus on digital [63], the reality is that most
remote consultations were conducted using the telephone. The
pandemic nevertheless brought about a significant shift in the
use of video, which shows promise for particular clinical
contexts. Building on our previous research on the challenges
in introducing video consultations in health care settings, this
study provides further insights for development and
sustainability going forward.

First is the need to balance stability (and integration, security,
and centralized control) on the one hand and openness to change
(and emergence and local adaptability) on the other. Although
regulatory changes during the pandemic may have brought a
new-found agility to experiment and innovate, health care
organizations must still ensure a high level of safety, security,
and dependability [8]. Bygstad and Iden’s [64] notion of bimodal
governance offers a potential approach, in which “heavyweight”
IT systems (traditional and sequential, emphasizing safety and
accuracy) and “lightweight” IT applications (exploratory and
nonlinear, emphasizing agility and speed) are managed
separately under differing organizational structures, cultures,
and regulatory mechanisms. Such a model has been shown to
work well in hospital settings, in which a partitioning of IT
departments—one part dealing with the traditional core IT
system and the other with new applications—allowed for a
“two-speed” approach to the co-evolution of these loosely
couple subsystems [65].
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Second, the extended use of remote consultations highlights a
need to conceptualize information infrastructures beyond the
boundaries of the health care organization. The ubiquitous use
of extra-organizational ICT within professional work settings
has prompted calls for more theoretical and empirical research
into the intersection between institutional infrastructures and
individual digital assemblages [66]. Video consulting during
the pandemic has been found to occur across multiple settings
outside of the usual organizational rules and sociomaterial
arrangements [67]. Accordingly, our study suggests that more
accessible, inclusive, and dependable approaches to remote care
require a focus on how health IT infrastructures can merge with
other systems across professional, technological, and
organizational boundaries. This occurred at multiple levels
within our study, including individual configurations (eg,
improvised use of personal computing devices),
interorganizational partnerships (eg, establishing community
hub video facilities), and national strategies (eg, temporary use
of Scottish platform servers, negotiations with mobile network
providers). Such infrastructural “grafting” [59] involves the
ability to identify opportune moments and parts of the installed
base to leverage, and work effectively with stakeholders who
retained some control over those parts of the infrastructure. This
aligns with other studies that have focused on equity and virtual
care during COVID-19, drawing attention to the need for a
multilevel approach to improving access, including policy level
strategies (eg, investment in internet and device access),
organizational system design (eg, training and capacity building
programs to support users), and community engagement (eg,
digital literacy education and supporting resources) [68,69].

Third, close attention needs to be paid to routines and patterns
of actions underpinning virtual appointments. Our findings on
the disruptive forces of the pandemic resonate with other studies
focusing on the redesign of care pathways using
process-mapping methods [70,71]. Traditional workflow-style
process maps can be useful in many respects. However, our
analysis highlights that virtual consultations vastly expand the
set of possible paths within an appointment process, and
therefore, it is important to visualize and understand the multiple
performances that could be generated in a process (as opposed
to a single version of how the process should occur). Narrative
networks may provide a useful methodological device to see
the terrain of possible paths and purposefully increase variation
in performance (for flexibility) or try to reduce it (for
standardization and control). This could help identify areas to
increase resilience and choice (eg, choosing between different
remote consulting modalities or platforms), while also ensuring
associated roles and processes are consistent and coordinated.

Finally, it is important to bridge competing institutional logics
with an overall narrative or organizing vision [50] for video,
through ongoing cross-stakeholder dialogue, involving policy,
organizational, and patient engagement. The pandemic saw the
emergence of intra- and interorganizational “communities of
practice” [72] to share experiences and validate knowledge on
the use of video. However, by their very nature, communities
of practice tend to be informal and unstructured and so difficult
to establish and sustain. As we have observed elsewhere [37],
quality improvement collaboratives (structured approaches to

meeting, sharing resources, and evaluating and informing
strategic change) can help promote such learning, leverage
national resources, and inform institutional elements of the
infrastructure (eg, policies, regulation, funding, training). The
varied use of video across clinical specialties highlights a need
for further work in this regard to support shared learning as to
how, and in what circumstances, this modality works well for
patients. In addition, from a managerial standpoint, it will be
important to help various organizational actors envisage how
their actions interrelate and contribute to the overall narrative
or collective outcome. Osmundsen and Bygstad [73] highlight
the importance of sense making (process by which
organizational actors engage in retrospective and prospective
thinking to interpret reality [74]) and sense giving (process
whereby organizational actors attempt to influence the meaning
construction of other organizational actors [75]) to support a
collective understanding of ongoing infrastructural changes. To
guide the growth and expansion of remote consultations, it will
be important to understand and foster communicative dynamics
that promote “collective minding” [76] across various aspects
of the supporting infrastructure.

Strengths and Limitations
The strength of this study is that we undertook research at 4
sites before the pandemic, through which we had already
identified the importance of information infrastructures on the
implementation and use of video. This provided a unique
opportunity to study crisis-engendered changes from the early
stages. In addition, the case studies were conducted within a
wider program of research on remote consultations across the
United Kingdom, providing a wider national context to the
organizational settings.

Pandemic restrictions meant that we could not undertake
ethnographic work during this phase, and our data collection
during this time was affected by the unprecedented pressures
on NHS staff, raising potential sample biases toward those
individuals with time available to speak with us. However, our
positive and longstanding relationship with these sites helped
mitigate such issues; the researcher had previously visited all
sites on numerous occasions before the pandemic, adapted
interview schedules, and was able to draw on multiple sources
of data.

A further limitation of this study includes the question of how
far we can generalize from our 4 case studies on the rapid
scale-up of video consultations. Our theoretical analysis helped
explain the empirical data on information infrastructures in our
case sites but may not explain all aspects of such infrastructure
in all contexts. We chose to focus on video consultations as a
topic of academic interest because it exemplifies a promising
innovation that has taken decades to scale up. We encourage
others to apply the same theoretical lens to explore crisis
engendered changes in other digital health contexts.

Conclusion
Gkeredakis et al’s [31] 3 perspectives on crisis and digital
change (as opportunity, disruption, and exposure) provided a
useful lens to understanding the role of information
infrastructures during the rapid scale-up for video consultations,
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as well as the challenges and tensions going forward.
Foregrounding crisis-engendered change helps explain how the
infrastructures constrained and enabled the rapid scale-up and
highlights how health care organizations can build on the gains
going forward. To extend and sustain the use of video in the
long term, it will be important to enable incremental systemic

change through agile governance and knowledge transfer
pathways, allow greater flexibility and process multiplicity
within virtual clinic workflows, attend to the materiality and
dependability of the installed base both within and beyond
organizational boundaries, and maintain an overall narrative
within which the continued use of video can be framed.
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