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Abstract

Background: Schizophreniaisadisease associated with high burden, and improvement in careis necessary. Artificial intelligence
(Al) has been used to diagnose several medical conditions as well as psychiatric disorders. However, this technology requires
large amounts of datato be efficient. Social media data could be used to improve diagnostic capabilities.

Objective: The objective of our study isto analyze the current capabilities of Al to use social media data as a diagnostic tool
for psychotic disorders.

Methods: A systematic review of the literature was conducted using several databases (PubMed, Embase, Cochrane, Psyclnfo,
and |EEE Xplore) using relevant keywords to search for articles published as of November 12, 2021. We used the PRISMA
(Preferred Reporting Itemsfor Systematic Reviews and Meta-Analyses) criteriato identify, select, and critically assessthe quality
of the relevant studies while minimizing bias. We critically analyzed the methodology of the studies to detect any bias and
presented the results.

Results:  Among the 93 studies identified, 7 studies were included for analyses. The included studies presented encouraging
results. Social media data could be used in several ways to care for patients with schizophrenia, including the monitoring of
patients after the first episode of psychosis. We identified several limitations in the included studies, mainly lack of access to
clinical diagnostic data, small sample size, and heterogeneity in study quality. We recommend using state-of-the-art natural
language processing neural networks, called language models, to model social media activity. Combined with the synthetic
minority oversampling technique, language models can tackle the imbalanced data set limitation, which is anecessary constraint
totrain unbiased classifiers. Furthermore, language models can be easily adapted to the classification task with a procedure called
“fine-tuning.”

Conclusions: The use of social media datafor the diagnosis of psychotic disordersis promising. However, most of the included
studies had significant biases; we therefore could not draw conclusions about accuracy in clinical situations. Future studies need
to use more accurate methodol ogies to obtain unbiased results.

(J Med Internet Res 2022;24(9):€36986) doi:10.2196/36986
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Introduction

Background

Schizophreniais a chronic mental disease affecting 20 million
people worldwide [1]. Although treatment with medicine and
psychosocial support is effective, people with schizophrenia
arelesslikely to seek treatment. According to the World Health
Organization, efforts to transfer care from mental health
institutions to the community need to be accelerated [2].
Currently, schizophreniais adisease associated with high burden
[3,4], and efforts should be taken to reduce this burden.

Artificial intelligence (Al) has emerged as a way to improve
several medical tasks[5,6]. Al algorithms can identify patterns
in a data set to generate diagnostic tools. In other medical
disciplines, Al hasaready shown good accuracy for diagnostic
purposes. It can match current diagnostic capabilities in some
specific fields. In psychiatry, Al could be used for diagnostic
purposesto support daily patient assessment or drug prescription
[7]. Al has dso been studied to improve diagnostic and
classification capabilities [8]. Additionally, it has been used in
suiciderisk detection [9] and mood disorder diagnoses[10,11].

Despite encouraging results, it is still unclear how Al should
be implemented in clinical practice. The potential of this
technology isnot yet fully understood. Al could be used to bring
completely new tools into health care. We believe that social
media might be used to create new diagnostic or monitoring
tools. Indeed, Al requires alarge database to extract a patient’s
profile [12], and social media platforms provide very broad
sources of information. People can disclose persona information
on social media, including health-related information. Studies
have used these data to identify broad human traits (such as
intelligence or personality traits) [13]. Subtle features of
everyday language could be analyzed to predict mental diseases
[14-16]. Prior works showed that social media data can be used
for risk classification associated with mental health diseases,
such as suicide risk [17]. Al can be used to detect posts
associated with mental illness[18]. Therefore, we choseto study
the use of Al applied to social mediabecause we believeit could
become a brand-new tool in the care of patients with psychotic
disorders.

Focuson Al Technologies

Al can be used to perform several different tasks. Machine
learning algorithms are generally classified as supervised or
unsupervised learning. The main type of machine learning
algorithms used in theincluded studies was supervised learning.
Supervised learning algorithms allow patterns correlated to a
result to be determined in a data set [12]. The supervised
algorithms are separated into two categories: regression and
classification. Classification algorithms allow data to be
classified into separate categories. Patterns can be used to
classify patientsin a given group. Decision tree, support vector
machine (SVM), and random forest can perform classification

https://www.jmir.org/2022/9/e36986

tasks. Regression algorithms are used to predict quantitative
data. Logistic regression and LASSO (least absolute shrinkage
and selection operator) regression are part of this class[6].

Artificial neural networks (NNs) are powerful Al tools built in
reference to the cortical neural structure. They can perform
supervised or unsupervised tasks. NNs are organized in a
succession of layers, with each layer having its input on the
output of the previous one. Information travels from the input
neuronsto the hidden layers before arriving at the outcome layer
where the final decision is made [5]. In an NN, each layer
functions differently. This type of Al requires significant
computing power and large databases [19].

The most used machine learning algorithm in our study isthe
SVM [20]. The idea of this agorithm is to learn a linear
separation (a hyperplane) of the data points to classify them.
As there are infinite hyperplanes satisfying this condition, the
SVM algorithm|earns ahyperplane with the maximum margin,
the maximum distance between the classes. However, as most
real-life data sets cannot be linearly separated, the SVM uses
what is called the “kernel trick.” This transformation projects
the initial data points in a higher dimensional feature space
where the new is linearly separable. However, there are many
limitationsto consider when using the SVM: (1) finding agood
kernel function is difficult in practice, (2) training is
time-consuming on large data sets, and (3) the model is very
sensitive to the hyperparameters.

Overfitting means fitting an Al model on data noise or error
instead of the actual relationship. It represents one of the
limitations of Al. Overfitting is either due to having a small
data sample or too many parameters compared to the data[12].
Cross-validation is one of the techniques used to reduce
overfitting. With thistechnique, the data set is split into several
groups that are themselves divided into training data and
validation data. Therefore, for each group, the statistical model
is trained and then validated by a different data set. This
technique reducestherisk of having an overoptimistic estimate
[21]. Other techniques such as the dropout rate are also used to
reduce overfitting. Dropout is a regularization technique for
NNsto reduce overfitting and improve generalization [22]. The
ideaisto randomly ignore neurons (and their connections) from
the NN during training. Thus, asthe NN architectureis changing
at every inference, the same input data can produce a different
output. The intuition is that it forces the units to be less
codependent and more robust. The main difference between
cross-validation and dropout lies in the source of randomness;
in cross-validation, the dataare randomly split into training and
validation setswhereasin dropout, the neural unitsarerandomly
discarded.

We have explained the machine learning parameters used in
this paper in Multimedia Appendix 1 [23-25].
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Prior Work and Goal of This Study

Currently, the diagnosis of psychotic disorders can be subjected
to delay. These delays can vary depending on where the patient
lives. When the patient remains untreated with psychotic
symptoms, there can be important social consequences,
including arisk of violence in some cases [26]. The duration
of untreated psychosis could have a significant impact on the
patient’s psychosocial condition. Early detection and treatment
could help improvethe care of patientswith psychotic disorders
[27]. Later, during the evolution of the disease, being able to
diagnose arelapse sooner could have significant impact on the
patient’s quality of life and reduce caregiver burden.

Al has been studied for the diagnosis of severa psychiatric
conditions, including schizophrenia. A Korean team used
machine learning to identify patterns on CT (computed
tomography) scans and classify patients [28]. One of the most
robust studies on the classification of psychotic disordersusing
machine learning comes from an American team [8] that used
a clustering algorithm to build 3 biotypes using clinical data
and laboratory measures. Neuroimaging and socia functioning
measureswere used for validation. Beyond themaininitial goal,
this study showed that several new sources of data can be used
to improve diagnostic capabilities. In our study, we examined
social media data as a new source of data. The symptoms of
schizophrenia are very broad, and some of these symptoms
could impact patients’ social mediaactivities. For example, we
can hypothesize that delusion and disorganized speech or
behavior could be seen on social media posts. Alterations in
language are being increasingly studied in schizophrenia[15,29]
and could be used for the detection of psychotic disorders on
socia media

Several studies have shown the capabilities of Al inidentifying
mental health diseases on socia media, with most of them
published in the last few years. One brief report [30] reviewed
the literature available until December 2020. We hypothesize
that social media data could be used to follow patients with
schizophreniaor patientsat risk of psychosistoidentify thefirst
psychotic episode or a relapse of psychotic disorders sooner.
Patients could have access to care before psychotic symptoms
overtake their social functioning capabilities. Thus, we could
reduce the burden of schizophrenia.

Objective of This Review

The objective of our study isto analyze prior works on the use
of social media data with machine learning to diagnose a
psychotic episode. The diagnostic capabilities would be studied
in abroad sense, including the diagnosis of relapse. Therefore,
we performed a systematic review of theliterature and critically
evaluated the included articles and their methodol ogy.

Methods

Search Strategy

We used the PRISMA (Preferred Reporting Itemsfor Systematic
Reviews and Meta-Analyses) criteria to identify, select, and

https://www.jmir.org/2022/9/e36986
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critically assess relevant studies while minimizing bias. We
searched the bibliographic databases PubMed, Embase,
Cochrane, Psycinfo, and IEEE Xplore for studies published
until November 12, 2021. We based the keywords list on 3
fields: schizophrenia, Al, and socia networks. The search
strategy is described in Multimedia Appendix 2. To limit the
selection bias, we did not apply any restriction in terms of
population. Papers found by any other means were included if
they met the inclusion criteria. Studies that were not published
in English were excluded.

Study Selection

We included clinical trials and observational studies. The
primary objective was to include studies using Al to identify
users with a psychoatic disorder on social media. Given the low
number of published studies on this subject, studies related to
any psychotic disorder wereincluded. Studieswere selected by
2 independent authors. We excluded studies using social media
posts as control data to study language dterations in
schizophrenia.

Data Collection Process

Data were extracted from each paper independently using a
standard form by 1 reviewer. The following information was
collected: the main author’s name and country of origin, year
of publication, population, social media and technology used,
features, inclusion and exclusion criteria, main objective,
method, main endpoint, results, and main limitations.

Synthesis M ethod

The results of the selected studies will be presented as graphs
and tables. Machine learning studies often use different
parameters. The graphs will group studies using similar
parameters. No secondary analysis of statistical data will be
performed. The results presented will comprise only those
presented by the authors of the included studies. The results
will be presented with the parameters used in the articles. The
machine learning parameters used in this paper are explained
in Multimedia Appendix 1.

Risk of Biasand Quality Assessment

The quality of the included studies will be assessed using the
PRISMA certainty tool. This research will be conducted using
the PRISMA checklist (Multimedia Appendix 3). The machine
learning methodology of the articles will be evaluated by an
author experienced in Al. Risk of biaswill becritically assessed
by all the authors.

Results

Flowchart

We developed a PRISMA flowchart summarizing the steps of
the review (Figure 1). The initial search yielded 93 studies.
Based on the titles and abstracts, we excluded 78 studies. We
downloaded the remaining studies for full-text review and
included the 7 studies that matched the inclusion criteria.
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Figurel. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart outlining the study selection process.
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Screening
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93 studies identified from 5
databases: PubMed (n=14),
EMBASE (n=77), Cochrane (n=1),
PsycINFO (n=0), IEEE Xplore
(n=1)
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Records removed before scresning:
Duplicate records removed
(n=9)
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(n=83)

Y
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(n=73)

Reports analyzed based on the
abstracts
(n=12)

Reports not retrieved
(n=5)

h 4

h

Reports assessed for eligibility
(n=T7)

Y

Reports excluded (n=0)

Studies included in review

(N=T7)

Authors, Year of Publication, and Country of Origin

Theincluded studies were conducted in the United States (5/7)
and Korea (2/7) and were published between 2015 and 2021.
Birnbaum and colleagues conducted 3 of the 7 included studies.

Study Design, PRISM A Quality Assessment, and

Sample Size

Theincluded studies had aretrospective design. The quality of
the studies was assessed using the PRISMA criteria (Table 1

Table 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) quality scores of the included studies.

and Multimedia Appendix 4). The quality of the 7 studies was
heterogeneous, with a mean PRISMA score of 32.3. Risk of
biasvaried acrossthe studies. The main biaswas aclassification
bias in 5 of the 7 studies not using a clinical diagnosis. The
sample sizes were mostly small, with 6 of the 7 studies having
asample size smaller than 5392 participants. The sasmplessize
varied between 51 and 265,396 participants.

Study

PRISMA quality score?

Birnbaum et a [31], 2017, United States
Kim et a [32], 2020, Korea

Birnbaum et a [33], 2019, United States
Birnbaum et al [34], 2020, United States

McManus et al [35], 2015, United States
Baeet al [36], 2021, Korea

Mitchell et al [37], 2015, United States

31

31

37
36

29

36

29

#The higher the score, the better the overall quality.

Social Media and Technologies Used

Several Al technologies have been used (Table 2). The2most  study used a dropout rate of 0.25 to prevent overfitting. The
commonly used agorithmswere SVM and random forest. None

https://www.jmir.org/2022/9/e36986

of theincluded studies used data augmentation. Cross-validation
techniques to prevent overfitting were used in 5 studies. One
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socia mediaplatformsthe studies used were Facebook, Twitter,  as some activity-related features (Table 3).
and Reddit. The studies used mainly linguistic features, aswell
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Table 2. Information extracted from the included studies.
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Authors, year, Overview andinclu-  Objective Method Social mediaand Outcome Main limitations
and country sion criteria Al2technology
Birnbaum et a Userswith asdf-diss Toexplorethe  Twitter profilesfrom  Twitter. Several dgo- RF yielded an area The research
[31], 2017, Unit-  closed diagnosis of utility of social  thetraining dataset rithmsincluding the under the curve team only had ac-
ed States schizophreniaon mediaasavi- werereviewedby 2 Gaussian naive (AUC) of 0.88. cessto publicly
Twitter between 2012 ablediagnostic  physiciansto deter-  Bayes(NB), random available Twitter
and 2016. Authors tool inidentify- minethe probability forest (RF), logistic profiles. Theclin-
randomly selected671 ingindividuals of belongingtoapa- regression (LR), and ical diagnosis of
usersdiagnosed with  with tient with support vector ma- the included
schizophrenia from schizophrenia  schizophrenia. The  chine (SVM) were users was un-
the primary data set. userswerethenclas-  trained. The best known.
The control group sified into 3 groups:  performing algo-
comprised arandom “yes” “maybe” or  rithm on cross-vali-
sample of Twitter “no.” Themachine  dation was selected
users collected from learning model was  (RF) using 10-fold-
individuals without then tested on un- cross-validation.
any mentions of seen data of 100
“schizophrenia’ or users and its results
“psychosis’ in their were compared to
timeline. those of the 2 physi-
cians.
Kimet a [32], Data from 228,060 Aimed to an- Collection of post Reddit. Extreme In the schizophrenia  Theclinical diag-
2020, Korea users with 488,472 swer thefollow- data on mental gradient boosting subreddit nosis of included
posts from January ing question: health—related sub-  (XGBoost) and con-  (r/schizophrenia), ac-  subjects was un-
2017 to December Canweidentify reddit groups. The  volutiona neura curacies of XGBoost  known.
2018 wereemployed  whether auser's  study collectedinfor-  network (CNN) and CNN were
for the analysis. social media mation from wereemployed. A 86.75% and 94.33%,
postcanbeasso- 248,537 users, who  dropout rate of 0.25  respectively.
ciated with a wrote 633,385 posts  was used to prevent
mental illness? inthe 7 subreddits.  overfitting issues.
After removal of
deleted users and
posts, 488,472 posts
were analyzed. Au-
thors created 6 mod-
elsfor each mental
disorder. Each mod-
el was created with
the posts of the asso-
ciated subreddit
group.
Birnbaum et a Participantsaged 15  Toidentify and Theauthorscollect- Facebook. Threel- Theensemblemodel  Monthly periods
[33], 2019, Unit- to 35yearsdiagnosed predictearlyre- ed 52,815 Facebook class SVM models  had the highest speci-  of relative health
ed States withaprimary psy-  lapsewarning  postsacross51 par- for 3differentdata  ficity (0.71) but low  and relativeill-
chotic disorder were  signsinsocial  ticipantswithare-  configurations (3 sensitivity (0.38). The nesswerecharac-
screened for eligibili- mediaactivity — cent onset of psy- different time peri-  3-month model had  terized. Theill-
ty. Recruitment oc- collected from  chosisand applied  ods: 1 month, 2 good sensitivity (0.9) nesstrajectory of
curred betweenMarch acohort of indi- anomaly detectionto months, and 3 but low specificity psychotic disor-
2016 and December  vidualsreceiv-  explore linguistic months). The 1- (0.04). der does not fall
2018, and 51 of the  ing psychiatric  and behavioral month period only into 2 dis-
included participants  care for changes associated  showed the highest tinct categories,
had arecent onset of  schizophrenia  with psychoticre-  specificity, which as the symptoms
psychosis. and other prima-  lapse. led to an ensemble can fluctuate over
ry psychotic 1-class SVM dgo- time.
disorders rithm.
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Authors, year, Overview and inclu-  Objective Method Social mediaand Outcome Main limitations
and country sion criteria Al2technology
Birnbaum et al A total of 3,404,959 To evauate The authors ana- Facebook. RFand5- Classification Data from Face-
[34], 2020, Unit- Facebook messages  whether it was  lyzed features up- fold cross-validation achieved AUC values book were retro-
ed States and 142,390 images  possibletodis- loaded up to 18 were used. of 0.77 (HV vs MD),  spectively collect-

across 223 partici- tinguishamong months before the 0.76 (HV vs SSD), ed.

pants with SSD, MD, and  first hospitalization and 0.72 (SSD vs

schizophreniaspec-  HV based on using machinelearn- MD).

trumdisorders(SSD), Facebook data  ing and built classi-

mood disorders(MD), aone. fiersthat distin-

and healthy volunteers guished SSD and

(HV) were collected. MD from HV as

Participants aged be- well as SSD from

tween 15 and 35 years MD.

were recruited from

Northwell Health's

psychiatry depart-

ment.
McManus et a The cohort contained To distinguish  To distinguish Twit- Twitter. Several The best performing ~ Users self-identi-
[35], 2015, Unit-  Twitter users who individualswith ter userswith models. NB, artifi-  model wasan SVM  fied as patients
ed States self-identified ashav- schizophrenia  schizophreniafrom  cia neural networks with PCA-trans- with schizophre-

ing schizophrenia fromcontrol in-  controls, theauthors (ANNs),and SVMs. formed features(accu- nia

(cases) and userswho  dividualsusing  extracted a set of 5-fold crossvalida-  racy of 0.893). The 2

did not self-identify as  Twitter data featuresfromeach  tiononthetraining  best performing mod-

having any mental user's profile and data. In additionto  elsbased on the F1

disorder (controls), posting history (28  theraw feature vec-  score involved PCA-

with 96 cases and 200 numerical features). tors, theauthorstest-  transformed features.

controls. A user was ed 2 transformations

defined asacaseif 2 of the feature vec-

or more of thefollow- torsfor each of the

ing held true: The user models: log scaling

self-identifiesin the of the delay between

user description; the tweets and principal

user self-identifiesin component analysis

their status updates, (PCA).

the user follows

@schizotribe, a

known Twitter com-

munity of users with

schizophrenia.
Baeet a [36], A largecorpusof so- Todetermine  Authors collected Reddit. Postsfrom  AUC valueswereas  The authors do
Korea, 2021 cial mediapostswas  whether ma- posts from subred-  the control group follows: RF 0.97, not have evi-

collected fromweb-  chinelearning  dit. They onlyinclud- were randomly SVM 0.91, LR 0.9, dence that users

based Reddit subcom-  could be effec- ed origina postsand downsampledtocre- and NB 0.87 of r/schizophre-

munities for tively used to excluded thecom-  ate abalanced data niaareclinicaly

schizophrenia (n= detect signsof ~ ments. They collect- set (n= 13,156 posts diagnosed.

13,156) and control schizophrenia  edtitlesand bodies  for each group). The

groups (n=247,569)  insocial media of postsalongwith  authors evaluated 4

comprising non-men- usersby analyz- user IDs. Thisresult-  different algorithms,

tal health-related sub- ing their social  edin 60,009 origind namely SVM, LR,

reddits (fitness, jokes, mediatexts schizophreniaposts NB, and RF, with

meditation, parenting,
relationships, and
teaching).

from 16,462 usersas
well as 425,341
posts of the control
group from 248,934
users.

10-fold cross-valida
tion.
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Authors, year, Overview and inclu-  Objective Method Social mediaand Outcome Main limitations
and country sion criteria Al2technology
Mitchell et al A corpusof usersdiag- To examine Eachsdf-stateddiag- Twitter. The authors The SVM model Clinicd diagnosis
[37], United nosed with how linguistic  nosisincluded in used 10-fold cross-  reached an 82.3% ac- was unknown.
States, 2015 schizophreniawas signalsmay aid thisstudy wasexam- validationand2ma- curacy.

collected frompub-  inidentifying  ined by an author to  chinelearning meth-

licly available Twitter and gettinghelp verify that it ap- ods, namely SVM

data, including 174 to peoplewith  pearedtobearea  and maximum en-

userswithanapparent- schizophrenia  statement of a tropy.

ly genuine self-stated schizophrenia diag-

diagnosis of a nosis, excluding

schizophrenia-related
condition. Random
Twitter userswere in-
cluded as the control,
and there were equal
numbers of userswith
schizophrenia and
community controls.

jokes, quotes, or
disingenuous state-
ments. For each us-
er, the authors ob-
tained a set of their
public Twitter posts
viathe Twitter appli-
cation programming
interface, collecting
up to 3200 tweets.

Al artificial intelligence.
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Table 3. Features used in the included studies.

Authors, year, and country

Features

Birnbaum et al [31], 2017, United
States

Kim et a [32], 2020, Korea

Birnbaum et al [33], 2019, United
States

Birnbaum et al [34], 2020, United
States

McManus et a [35], 2015, United
States

Bae et a [36], Korea, 2021

Mitchell et al [37], United States,
2015

The authors employed feature scaling to standardize the range of features. The LIWC? features were within a
normalized range of 0 to 1. The n-gram features represented frequency counts that required standardization.
The min-max rescaling technique was used to scale the n-gram features to the range of 0 to 1. They employed
feature sel ection methods to eliminate noisy features. The filter method was used where features are selected
on the basis of their scoresin various statistical tests for their correlation with the outcome variable. Adopting
the ANOVA F test reduced the feature space from 550 features to k — best features (where k=350) by removing
noisy and redundant features.

The natural language toolkit was implemented in Python (Python Software Foundation) to tokenize users' posts
and filter frequently employed words (stop words). Porter stemmer (atool used to explore word meaning and
source) was employed on the tokenized words to convert aword to its root meaning and to decrease the number
of word corpora.

Facebook timeline data grounded in the symptomatic and functional impairments associated with psychotic
disorderswere used. These include 3 types of features. Thefirst was word usage and psycholinguistic attributes
related to affective, social, and personal experiences. The second included linguistic structural attributes, such
as complexity, readability, and repeatability related to thought organization and cognitive abilities. The third
comprised web-based activitiesrelating to social functioning and diurnal patterns (friending, posting, and check-
ins).

Image and linguistic features were used.

Features for describing emoticon use and schizophrenia-related words were used. The authors used the natural
language toolkit in Python to perform tokenization and lemmatization, before extracting textual features and
NumPy for generating the final numeric feature vectors. The final 28 numerical features included the number
of Twitter followers, number of followed users, proportion of tweets using schizophrenia-related words,
emoticon usage, posting time of day, and posting rate. Two transformations of the feature vectors for each of
the models were used: log scaling of the delay between tweets and principal component analysis.

The linguistic features were extracted using the LIWC package and the liwcalike function from the quanteda
package. Structural and psychological components of the text based on psychometrically validated dictionary,
word stems, and emotions assigned to arange of categories were assessed. There were 22 LIWC features for
each post: linguistic processes (word count and words more than 6 |etters), function words (personal pronouns,
first-person singular, first-person plural, second person, third-person singular, third-person plural, and impersonal
pronouns), time orientations (past focus, present focus, and future focus), and psychological processes (positive
emotion, negative emotion, anger, fear, joy, disgust, sadness, anticipation, trust, and surprise). Linguistic features
between the schizophrenia and the control (nonschizophrenia) groups were compared. The D’ Agostino and
Pearson’s test (0=.05) were conducted to test whether each of the linguistic features was normally distributed.
Asdatafollowed anormal distribution, a2-tailed t test was performed to determine whether the linguistic features
differed between groups. The threshold of statistical significance was adjusted using the false discovery rate
method to correct for multiple comparisons, with P<.05 in all cases.

All natural language processing features were either automatically constructed or unsupervised, meaning that
no manual annotation isrequired to createthem. It isimportant to note that although these featureswere inspired
by theliterature on schizophrenia, they were not direct correlates of standard schizophreniamarkers. The authors

used thefollowing methodsto extract features: perplexity (ppl), Brown-Cluster Dist, LIWC, CLM b, LIWC+CLM,

LDAC Topic Dist (TDist), CLM+TDist+BDist+ppl, CLM+TDist, and LIWC+TDist. Theauthors used the LIWC
approach to map the words to psychological concepts as well as open-vocabulary approaches such as LDA,
Brown clustering, CLM, or perplexity in order to extract features from the corpusin an unsupervised manner.
In particular, the LDA algorithm learns a probability distribution over topics for each document. The Brown
clustering isahierarchical clustering algorithm that groups words that occur in similar contexts. Regarding the
CLM method, theideaisto assign a probability to a sequence of words (n-grams). In the paper, the authors used
asequence of 5 characters (5-grams). Finally, perplexity is a measurement of how predictable the language is.
We expect a high perplexity score for a user using a noncoherent language.

3_IWC: linguistic inquiry and word count.

BCLM: character language model.
°LDA: latent Dirichlet allocation.

Study Objectives and Algorithm Performance

Main Results

Most studies aimed to identify users with schizophrenia on
social media. One study aimed to identify and predict early
relapse after hospitalization for schizophrenia [33].

https://www.jmir.org/2022/9/e36986

The results were informed by multiple parameters, including
the areaunder the curve (AUC), accuracy, aswell as sensitivity
and specificity. The AUC of the included studies ranged from
0.76 to 0.97 (Table 4), which is considered to be good to
excellent. However, only 1 of these studies[34] used datafrom
clinically diagnosed patients, obtaining an AUC of 0.76. The
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studies whose results were informed by the accuracy parameter
obtained an accuracy ranging from 81% to 96%. One study [33]
reported results obtained using predictive models with a
sensitivity/specificity couple (Table 5). This study sought to
identify and predict relapse of schizophrenia. The authors
collected Facebook data from a small sample of patients
diagnosed with schizophreniawho had arelapsein thefollowing
months. They used these datato build a machinelearning model

Lejeuneet a

that could be used to analyze the patients' data in real time.
They obtained severa sensitivity/specificity couples. The
3-month ensemble model showed good sensitivity (90%)
although the specificity was low (40%). Thisis an example of
the unique tools that could be developed using Al. A
high-sensitivity tool could allow physicians to detect a relapse
earlier and offer timely careto their patients. The 1-month model
had a high specificity (0.71) but low sensitivity (0.38).

Table 4. Performance of the different algorithmsin terms of the area under the curve.

Study Support vector machine Random forest Logisticregression  Naive Bayes
Birnbaum et al [31], 2017, United States _a 0.88 — —
Birnbaum et a [34], 2020, United States — 0.76 — —

Bae et a [36], Korea, 2021 0.91 0.97 0.90 0.87

3Not applicable.

Table5. Performance of the different algorithmsin terms of accuracy and sensitivity/specificity.

Study Accuracy (%)

Sengitivity/specificity (%)

Birnbaum et al [31], 2017, United States 81 (RFY)

Kim et al [32], 2020, Korea
Birnbaum et a [33], 2019, United States —

McManus et a [35], 2015, United States 89.3 (SVM)

Baeet al [36], Korea, 2021

Mitchell et al [37], 2015, United States 82.3 (SVM)

b

86.75 (XGBY), 94.33 (CNNY) —

38/71, 90/40 (SVM®)

86 (NB'), 89 (LRY), 91 (SVM), 96 (RF) —

8RF: random forest.

BNot applicable.

EX GB: extreme gradient boosting.
dCNN: convolutional neural network.
€SVM: support vector machine.

NB: naive Bayes.

9LR: logistic regression.

Data Used

Most of the studies did not have accessto clinical diagnostic or
health data. Instead, they used evaluations of users' profiles by
psychiatrists to access which user could be classified as having
schizophrenia. The included studies used the content of the
posts to train and test the models. They aso used
activity-derived markers such as friending, check-ins, and the
number of followers. Used features were chosen to represent
the symptoms of schizophrenia described in the literature and
were focused on identifying disorganized symptoms and
cognitive abilities (Table 2).

Discussion

Principal Results

On a dtatistical basis, the included studies reported good to
excellent performance. Indeed, many of the metrics they
reported on are at the top of their respective ranges (AUC,
accuracy, sensitivity, and specificity). However, accuracy has
high chances of being biased, as most studies did not have access

https://www.jmir.org/2022/9/e36986

toclinical diagnostic datato train the models. Most studies used
the evaluations of social media profiles by trained physicians
to classify patientsinto different groups. Thus, we cannot reach
any conclusions regarding the performance of Al in detecting
patients with schizophreniaon social media. Moreover, 2 of the
included studies that did have accessto clinical diagnostic data
[33,34] showed the most conservative results (Tables 3 and 4).
The included studies were heterogeneous, and some of them
introduced interesting new perspectives. After thefirst psychotic
episode, Al and social media could be used to monitor the
clinical state of the patients and detect a relapse sooner. This
strategy has been studied by Birnbaum et al [33]. We aso
hypothesizethat it could be useful with cohorts of ultra-high-risk
patients. Social media provides a constant flow of data, which
could intheory allow for the monitoring of large patient cohorts
and detect early signs of a psychotic episode. This tool could
be integrated in the care of these patients with their consent.
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Critical Assessment of the Machine Learning
Methodology in the Included Studies

The problem we are considering in this review is a binary
classification problem (whether a user profile on social media
indi cates schizophrenia) mainly based on textual data (theuser’s
posts). In this section, we introduce the key challenges that we
need to tackle given the coll ected data, analyze the methodol ogy
used in the literature, and present our machine learning
methodology to solve this problem.

Key Challengesin Performing Statistical Studies

The first major obstacle statisticians need to tackle is the
imbalanced data set [38]. Indeed, in the included studies, the
number of included controls is several times higher than the
included cases. Thus, a“ naive” binary classifier (random forest,
SVM, logistic regression, etc) should not be used. 1t would tend
to overestimate the dominant class over the minor one.
Moreover, the small sample sizein theincluded studies suggests
that there isachancethat the probability distributionin clinical
practice is different than the one in the training set used for the
experiments.

The second challengeimposed by the data structureisthe textual
data. Indeed, unlike most problems, we must deal with
unstructured data, as opposed to structured data where the
featuresarewell organized in atable. Here, the datawe consider
includetext (posts of the users), and it isunstructured. Therefore,
natural language processing (NLP) techniques are called for to
extract relevant features to run a machine learning classifier.
Thisis often a delicate stage, as researchers often introduce an
inductive bias when they decide which features to extract from
the data. State-of-the art NN algorithms like the BERT
(Bidirectional Encoder Representations from Transformers)
algorithm [39] can automatically extract features from textual
data in a “pretrained stage” The agorithm is then trained to
perform the desired classification task during the “fine-tuned
stage.”

Analysis of the Methodology Used in Previous Works

Most previousworks introduced in the last section extract their
features using NL P modules such asthe natural language tool kit
[32,35], the linguistic inquiry and word count package [36], or
even older methods like the n-gram [31]. The major drawback
of these “bag-of-words’ techniques [40] or term
frequency—inverse document frequency methodologies [41] is
that they often vectorize the textual dataonly based on thewords
(and their statistics in the sentences) without accounting for
grammar and semantic rel ations between them and their context.
Thus, these feature extraction methodsfall short when capturing
semantic or syntactic information or the sentiments of words
[42].

Per spectives for Future Studies: Our
Recommendationsfor M achineL earning M ethodology
Based on the aforementioned challenges and the limitations of
previous works, we present in this section our approach to
identify patients with schizophrenia based on social media
activity.

https://www.jmir.org/2022/9/e36986
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First, we need to address the imbalanced data set problem.
Among the numerous approaches, we selected one of the most
used methods in practice called SMOTE (Synthetic Minority
Oversampling Technique) [43]. Theideaisto balance the data
set by creating synthetic samplesfrom the minority class so that
both classes become more balanced. Specifically, SMOTE
selects an example from the minority class and its k neighbors
(typically k=5) and creates a synthetic example as the convex
combination of these 2 data points. This procedure can produce
asmany synthetic samplesfor the minority class asneeded, and
it guarantees that these created examples are realistic, as they
are close to the existing ones in the feature space.

However, for this data augmentation technique to work, the
feature space needs to be continuous, which is not the case in
textual data. To aleviate this issue, we need to use word
embeddings. In NLP, word embedding is a continuous
representation of aword that encodes the meaning of the word
in a feature space, and it is usually a real-valued vector [44].
Thus, 2 wordswith close meaningslike“ill” and “ disease” will
be closer in the feature space than 2 words like “ill” and “car.”
Nevertheless, the remaining challenge is to create a relevant
embedding space. A popular method in NLP is to use a
pretrained language model like BERT [39]. Thisalgorithm has
been pretrained by Google on the concatenation of the two
largest data setss BookCorpus [45], gathering 11,038
unpublished books, and English Wikipedia, gathering 6,427,217
articles. These high-quality embeddings not only alow us to
usethe SMOTE method to augment the minority class, but they
also alow us to represent the textual data in an informative
feature space. The latter will be used as the input to our
classification algorithm.

Finally, we need to define the binary classifier for our problem.
Aswe have already used the BERT algorithm to create the word
embeddings of the posts, the natural approach would be to use
it asabinary classifier aswell. To do so, we need to “fine-tune”
it using our own data set by adding alinear layer to the existing
NN architecture. This approach to text classification has
demonstrated state-of-the-art results on 8 widely studied text
classification data sets [46].

Limitations of This Study

We performed a systematic review of studies using machine
learning to identify schizophrenia on social media. Based on
our hypothesis, the main limitation of our review is the small
number of included studies. When submitting this paper for
publication, the published studies on this subject were limited
and we were not aware of any new study that met theinclusion
criteria. Our review aimed to evaluate the potential of this
technology as a new tool for the care of patients with
schizophrenia. Therefore, we used broad inclusion criteria to
include more papers. Theincluded studiesdo not have the same
objective and thus, their results cannot be compared. However,
they describe the various uses of this technology.

Most of the studies (5/7) did not use clinical diagnostic data.
Instead, they used evaluations of the mental states of the
included subjects based on their public profile history and the
contents of their posts. Itisunlikely that this method is efficient
in accurately identifying patients with schizophrenia. Future
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studies should use health dataincluding medical diagnostic data
to develop an accurate model.

Furthermore, some of the included studies showed limitations
intheir methodol ogy and choice of machinelearning algorithms.
We analyzed these limitations and used them to propose
recommendations for future projects.

Ethical Reflection and Privacy

Machine learning tools could be useful in several ways to
improvethe care of patients. We could monitor the social media
activity of patients to detect psychotic relapses sooner. These
tools could also be used to detect the first psychotic episode
sooner in patients monitored for high risk of psychosis.

The use of machine learning to predict mental health disease
raises ethical questions. In what context should we use such
tool s? Patientswoul d need to comply with the use of thesetools
and their datain their care. The use of machine learning would
be appropriate only if patients consent to it. Furthermore, many
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countries are establishing a regulatory framework on Al usage
[47,48]. Al tools will have to comply with regulation laws to
be used inaclinical setting.

In particular, machine learning algorithms need to be trained
on massive amounts of unbiased data. To prevent third parties
from using these technologies for other purposes, ensuring the
safety of medical datais essential.

Conclusions

Al brings new perspectives in research on schizophrenia. It
could be used to monitor the clinical condition of patients at
risk of psychosis or to detect relapses of schizophrenia by
observing patients on social media. There are currently only a
few studies published on this subject, and most of them do not
accurately estimate the potential of this technology. However,
thistechnology could become anew tool inthe carefor patients
with schizophrenia, ultimately reducing the burden on
caregivers. It should be developed and used in accordance with
ethical and legal frameworks.
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Abstract

Background: Depression isasevere psychological concern that negatively affects health in older adults. Serious games applied
in various fields are considered appropriate interventions, especialy in mental health care. However, there isalack of evidence
regarding the effects of serious games on depression in older adults.

Objective: This study aimed to investigate the characteristics and effectiveness of serious games for depression in older adults.

Methods: A systematic review and meta-analysis of randomized controlled trialswere conducted. Intotal, 5 el ectronic databases
(PubMed, CINAHL, Embase, PsycINFO, and Cochrane Library) were searched to identify relevant studies published until July
6, 2021. A total of 2 reviewers independently conducted study selection, data extraction, and quality appraisals. Therisk of bias
intheincluded studieswas assessed using the JBI Critical Appraisal Checklist. For the meta-analysis, the effect size was calcul ated
as the standardized mean difference (SMD) by using arandom effects model.

Results: A total of 17 studies with 1280 older adults were included in the systematic review, and 15 studies were included in
the meta-analysis. Serious game interventions were classified into 3 types: physical activity (PA), cognitive function, and both
PA and cognitive function. The meta-analysis demonstrated that serious games reduced depression in older adults (SMD -0.54,
95% CI —0.79 to —0.29; P<.001). Serious games had a more significant effect size in community or home settings (SMD -0.61,
95% CI —0.95 to —0.26; P<.001) than in hospital settings (SMD —0.46, 95% CI -0.85 to —0.08; P=.02); however, the difference
between groups was not significant. Among the types of games, games for PA (SMD -0.60, 95% CI -0.95 to —0.25; P<.001)
and games for both (SMD -0.73, 95% CI —1.29 to —0.17; P=.01) had a significant effect on reducing depression in older adults.
However, no significant correlations were observed between the duration or number of serious games and depression.
Conclusions:  Serious games were beneficial in reducing depression in older adults. Regardless of the study setting, serious
games appeared to reduce depression. Particularly, serious gamesincluding PA had a significant impact on reducing depression.
Furthermore, high-quality randomized controlled trial s are needed to establish substantial evidence for the effectiveness of serious
games on depression in older adults.

Trial Registration: PROSPERO CRD42021242573; https://tinyurl.com/26xf7ym5

(J Med Internet Res 2022;24(9):€37753) doi:10.2196/37753
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Introduction

Background

The aging population isincreasing worldwide. The averagelife
span has increased, and health-related concerns in older adults
require attention [1], highlighting their physical and mental
health concerns [2]. Researchers have examined the
psychosocial aspects of older adults, including anxiety,
depression, dleep disorders, loneliness, and socia functional
impairment [3-5]. Specifically, depressionisasevere and typica
mental health concern characterized by sadness and hopel essness
[6]. Older adults are more vulnerable to depression owing to
their psychosocial concerns. During the COVID-19 pandemic,
older adults had a high risk of depression owing to a decrease
in social relations, regardless of their environment or context
[7,8].

Theclinical conditions of older adults also make them likely to
develop depression. Physical and cognitive problems and
functional loss are the primary causes of depression in older
adults[2]. Older adults experience ambiguous symptom profiles
of depression, and atypical symptoms make early detection
challenging [9]. In addition, insufficient psychosocial
relationships and decreased economic status after retirement
lead to depression in older adults [10,11].

The prevention, early detection, and treatment of depressionin
older adults are crucial. However, older adults tend to avoid
using mental health services because of poor physical function,
psychological barriers, and reduced mobility [12]. To improve
the mental health of older adults, specific methods are required
that consider their characteristics and attributes. Moreover,
detailed and personalized interventions are required to manage
depression in older adults. For instance, physical function,
cognitive function (CF), sensory function impairment,
comorbidities, medication, and environmental factors should
be considered [13-16].

Digital interventions for mental health care are considered
promising [17,18] and have become indispensable since the
COVID-19 pandemic. Digital interventions have been found to
be effective in reducing the symptoms of depression [19],
loneliness [5], and social isolation [20] in older adults. There
has been a gradual increase in the use of digital interventions
for older adults in clinics and research, athough digital
interventions may pose certain challengesto older adults[21,22].
A mixed methods study hasidentified that although older adults
may wish to make use of digital interventions to alleviate
depression, they might also initially face certain obstacles to
participation [23]. Digital interventions that consider the daily
lives of older adults, ease of use, and low cost may help reduce
depression [23]. In light of their perspectives, circumstances,
and contexts, it is necessary to develop and implement effective
interventions for older adults.

https://www.jmir.org/2022/9/€37753

Serious games, a type of digital intervention, refer to a series
of activities performed by combining the aspects of video games
for specific purposes, such as education or rehabilitation [24].
Initialy, they were developed for military purposesin the 1970s
and recently appeared in more advanced forms with the
development of computers and mobile devices[25]. In addition,
they are now widely used in education and health care [26],
such as physical rehabilitation [27], cognitive training [28,29],
and health promotion [30]. Interest in serious games which
allow participants to voluntarily achieve their goals has
increased.

Various interventions of serious games have been conducted
not only for adolescents [31] and younger adults [32] but also
for older adults [33-35]. They were applied to older adults in
different ways, including video games, using devices such as
Nintendo [36,37], and virtual reality serious games[38]. When
devel oping serious game interventions to improve the health of
older adults, there are a variety of goals, such as strengthening
physical function or CF. In addition, the composition or content
of serious games was atered to fit the purpose of the
intervention. For instance, if a serious game is designed to
improve physical function, older adults require to move their
bodies during the game [39]. In aprevious study, a serious game
was used and evaluated to enhance spatial memory in older
adults by implementing the appearance of areal-world city and
systematically applying avirtual environment [40].

Serious games are considered appropriateinterventionsin mental
health care, including for the general population and patients
with or without psychiatric concerns [41-43]. Studies have
reported that serious games influence depression [44,45];
however, a systematic review and meta-analysis focusing on
the effect size of a serious game on depression in older adults
is rare. In addition, the intervention effects differed in studies
on seriousgamesfor older adults[33,46-48]. Therefore, further
analysis of serious games for depression in older adults is
required.

Aims

This systematic review and meta-analysis aimed to analyze the
effects of varioustypes of serious games on depression in older
adults. The detailed research questions leading to this study are
as follows: (1) What are the characteristics of serious games
used to intervene in depression among older adults? (2) How
effective are serious games to intervene in depression among

older adults? (3) Which aspects of serious games affect
depression in older adults?

Methods

Design

This systematic review and meta-analysis of randomized
controlled trials were reported following the guidelines of
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) [49] and the JBI manual [50]. The study
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protocol was registered with PROSPERO (registration number
CRD42021242573).

Search Strategy

We conducted a systematic search by using electronic databases
(PubMed, CINAHL, Embase, PsycINFO, and the Cochrane
Library) on July 6, 2021. To organize the search terms, freetext
and Medical Subject Headingstermswere combined according
to the participants, interventions, comparisons, and outcomes.
Key search termswere asfollows: (“aged” or “older” or “elder*”
or “senior”) and (“game” or “gaming” or “exergame” or “serious
game” or “serious gaming”) and (“depression” or “depressive
disorder”). A summary of search strategies is presented in
Multimedia Appendix 1.

Eligibility Criteria

Eligibility criteriawere determined according to the partici pants,
interventions, comparisons, outcomes, and study design. The
inclusion criteriawere asfollows: (1) participants—studies that
included older adults with a mean age of =65 years; (2)
interventions—studies that applied serious games comprising
exergames, virtual reality games, or digital games;, (3)
comparisons—studies that applied usual care or nonserious
games for the control group; (4) outcomes—studies measuring
depression; and (5) study design—randomized controlled trials
only. The exclusion criteria were as follows: (1) studies that
applied different doses or intensities of the serious game for the
control group; (2) studies published in a language other than
English; and (3) gray literature such as theses, dissertations, or
conference abstracts.

Study Selection

After searching for studies in eectronic databases, one
researcher (YK) exported all the studies to the reference
management software EndNote X9 (Clarivate Analytics), and
the other researchers (SH and MC) rechecked the extracted
studies. The titles and abstracts of the extracted studies were
independently screened according to theinclusion criteriaby 2
researchers (YK and SH). Subsequently, they reviewed the full
texts separately to select the final studiesto be included. If the
screening results did not match, a consensus was reached
through discussion. The other researcher (MC) supervised the
screening process.

Data Extraction

Two researchers (YK and SH) independently extracted the data.
The data extraction of the selected studieswas performed using
astructured form that included study, participant, intervention,
and outcome characteristics. First, the study characteristics
included authors, publication year, country, and setting. Second,
the participant characteristicsincluded health status, age (mean
and SD), and sample size. Intervention characteristics consisted
of type, the device used, content, duration, frequency, time,
dose of serious games, type of control group, and the
interventionist. Finally, outcome characteristics comprised the
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measurement of depression, the main result, mean, and SD for
the experimental and control groups. If datarequired for analysis
could not be found in the article, researchers requested data
from the respective authors via email.

Risk-of-Bias Assessment

Two researchers (YK and SH) independently evaluated the
methodological quality of theincluded studies according to the
JBI Critical Appraisal Checklist for randomized controlled trials
[50]. The checklist has 13 items to assess the risk of bias,
including participants, assignments, measurement, and analysis
domains, and 1 overall appraisal item. After each included study
was assessed using a 13-item checklist as “yes,” “no,” and
“unclear,” the final quality judgment was drawn according to
the “yes’ ratio. The risk of bias was evaluated as follows: (1)
>75% was ranked as high quality, (2) the range between 50%
and 74% was ranked as medium quality, and (3) <50% was
considered poor quality [51].

Data Analysis

We calculated effect sizes as the standardized mean difference
(SMD) with a95% ClI by using the mean and SD to synthesize
the pooled effect of serious games on depression in older adults.
When depression values were not presented as mean and SD in
original studies, SMD was calculated through the conversion
process by using SE, median, range, or IQR [52,53]. On the
basis of the study by Cohen [54], the effect sizes were
considered small (0.2<SMD<0.5), medium (0.5sSMD<0.8),
and large (SMD=0.8). To identify the effects of heterogeneity
in the meta-analysis, 12 was used. Heterogeneity was classified
as low (25%), moderate (50%), or high (75%) according to 12
values [55]. Because the characteristics of the participants and
interventionsincluded in the meta-analysis were heterogeneous,
we conducted ameta-analysis by using arandom effects model.
According to the heterogeneity results, asubgroup analysiswas
conducted on the setting, participant characteristics, type of
serious game, and the control group. In addition, we performed
a metaregression to explore the causes of heterogeneity
regarding the duration and dose of serious games. Publication
bias was assessed using funnel plots and Egger test. Statistical
significancewas set at P<.05. Statistical analysiswas performed
using the Comprehensive Meta-analysis software (version 3.0)
and Review Manager software (version 5.4).

Results

Study Selection

Figure 1 shows a PRISMA 2020 flow diagram for screening
and selection. A total of 2301 studies were extracted from 5
databases. After removing duplicate records (n=620, 26.94%),
1681 (73.06%) studies were screened using the inclusion and
exclusion criteria based on title, abstract, and full text. Finally,
0.74% (17/2301) of studies were included in this study.
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Figurel. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) 2020 flow diagram for study screening and selection.

Risk of Bias of the Studies

The results for the risk of bias in this study are presented in
Multimedia Appendix 2 [50-66]. As confirmed by the number
that met the criteria “yes,” the distribution of satisfying the
risk-of-bias eval uation items ranged from 4 (31%) to 10 (77%)
out of 13items. Only 1 study [56] was evaluated as high quality,
whichindicated alow risk of bias. Intotal, 5 studieswere ranked
as poor quality (<50%) [57-61]. Theremaining 11 studieswere
categorized as medium quality, with a distribution of 54% to
69%.

Study Char acteristics

The characteristics of the selected studies are summarized in
Table 1. A total of 17 studieswere published between 2012 and
2021 and conducted in 10 countries. The United States had the
most research conducted [57,58,60,62], followed by Brazil
[61,63,64], Korea[59,65], and Hungary [66,67]. Morethan half
of the studies were conducted in community settings such as
retirement villages, nursing homes, long-term care facilities,
and assisted living facilities[56,60-63,68-71]. Intotal, 5 studies

https://www.jmir.org/2022/9/€37753
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were conducted in hospitals [59,64-67] and 3 in homes
[57,58,72].

A total of 1280 older adultswereincluded in thisreview. Among
the 17 studies, 7 (41%) mentioned health problemsasthe criteria
for participant selection. The health status characteristics of the
participants included neurocognitive problems, such as
Parkinson disease and predementia [64-66,71], depression [57],
limited mobility [67], and stroke [59]. For the 3-arm study,
control groupswereindicated by “control group & and “ control
group b” [58,64,66,67]. The mean age of the participantsranged
from 66.4 (SD 0.8) [63] to 85.0 (SD 6.1) [71], and the sample
size varied between 16 [69] and 351 [62].

Various measurements of depression in older adults were
described in the included studies. In 35% (6/17) of the studies,
the Geriatric Depression Scale, including 5, 15, and 30 items,
was used to measure depression [58,60,64,65,68,70]. In 29%
(5/17) of the studies, depression was measured using the Beck
Depression Inventory [59,61,66,67,69]. Other studies (6/17,
35%) used the Patient Health Questionnaire-9 [56,62], Profile
of Mood States [63,72], Cornell Scale for Depression in
Dementia[71], and Hamilton Depression Rating Scale [57].
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Table 1. Characteristics of the included studies (N=17).

Authors, year  Country, setting Characteristics of participants Age (years), Samplesize, Measure  Effect size? (95% CI)
mean (SD) n
Rendon et a United States, communi- - Community-dwelling older adults  gb. g57(4.3): E20,C:20 gpglzg -072(-14lto
[60], 2012 ty 833 (6.2) -0.03)
Schoeneet d Australia, community  Community-dwelling older adults 81.5 (7.0) E: 47, C: 43 PHQ-9¢ -0.29 (-0.72t0 0.14)
[56], 2015
Choi et a [59], Korea, hospital Hospitalized patients with is- E: 61.0(15.2);, E12,C.12 pp/f -0.11 (-0.91t0 0.69)
2016 chemic stroke C:72.1(9.9
Levy etd [69], France, community Community-dwelling older adults  E: 72.4 (12.3); E:9;C:. 7 BDI -0.75(-1.77t0 0.27)
2016 with the fear of falling C: 68.7 (19.1)
Nouchi et al Japan, home Community-dwelling older adults  68.9 (3.7) E:36,C:36 pous?2 nNch
[72], 2016
Angueraet d United States, home Major depression 68.0 (6.3) E 12,C:10 yaM-D' -0.13(-0.97t00.72)
[57], 2017
Ferraz et al Brazil, hospital Parkinson disease 69.0 (5.0) E:22:c-d: GDS15  a-010(-071to
[64], 2018 Lk 0.51); b: -0.11(-0.74
25; C-b"™: 25 100.52)
Belchior et al United States, home Community-dwelling older adults  73.2 (5.5) E: 26;C-a GDS-30 NC
[58], 2019 20; C-h: 25
Smithetal [62], United States,communi- Lived in supported senior living  80.6 (9.1) E: 173; C: PHQ-9 -0.10 (-0.34t0 0.14)
2019 ty settings 178
Stanmoreeta  United Kingdom, com- Lived in assisted living facilities E: 77.9(8.9);C. E:56;C:50 GDS5 -0.17 (-0.58 to 0.24)
[70], 2019 munity 77.8 (10.2)
Tollaretal [66], Hungary, hospital Parkinson disease E: 70.0 (4.7); E: 25, C-a BDI a -0.17 (-0.72to
2019 C-a 70.6 (4.1); 25;C-h:24 0.38); b: -1.22(-1.83
C-b: 67.5(4.3) to -0.61)
Tollaretal [67], Hungary, hospital Mobility-limited older adults 69.6 (3.5) E: 28, C-a BDI a -0.28 (-0.81to
2019 27; C-b: 28 0.25); b: -1.46 (-2.05
to —0.87)
deMoraiseta  Brazil, community Older adults 66.4 (0.8) E:29;C:29 POMS -0.29 (-0.80t0 0.22)
[63], 2020
Ricaeta [61], Brazil, community Ingtitutionalized older womenaged Not reported E: 16; C: 34 BDI -2.08(-2.81to
2020 >60 years -1.35)
Jahouh et al Spain, community Institutionalized in nursing home E:85.1(8.6); C: E: 40;C:40 GDS-15 -0.65(-1.10to
[68], 2021 or attending day center 83.3(8.8) -0.20)
Kang et al [65], Korea, hospital Predementia state 745 (5.8) E: 25;C: 20 GDS-30 -0.19 (-0.82t0 0.44)
2021
Swinnen et a Belgium, community  Older adults with neurocognitive  E:84.7(5.6); C: E: 28, C: 27 gpp! -1.38 (-2.03to
[71], 2021 disorder residinginlong-termcare  85.3 (6.5) -0.73)
facilities

8Effect size was calculated as the standardized mean difference with a 95% Cl.

bE: experimental group.

€C: control group.

dGDS: Geriatric Depression Scale.

€PHQ-9: Patient Health Questionnaire-9.

'BDI: Beck Depression Inventory.

9POMSS: Prafile of Mood State.

PANC: not calculated because required data were not provided.

'HAM-D: Hamilton Depression Rating Scale.

Jc-a acontrol group of the 3-arm study.

KC-b: the other control group of the 3-arm study.

lcsDD: Cornell Scale for Depression in Dementia.
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Characteristics of the Serious Game | ntervention

The characteristics of the serious game intervention are
presented in Tables 2 and 3. Serious game interventions were
classified into 3 types: games for physical activity (PA; 9/17,
53%), games for CF (5/17, 29%), and games for both PA and
CF (3/17, 18%).

Regarding games for PA, the devices used in the intervention
were Microsoft Xbox 360 [61,63,64,66,67]; Nintendo [60];
Microsoft Kinect [70]; tablet computers and smartphones with
a Bluetooth connection [59]; and V8 Head Mount Display, 3D
electromagnetic sensor, and PlayStation 2 [69]. Studies using
the Xbox 360 primarily provided various commercial games
that involved the movement of the participant’s body. Studies
using Nintendo had applied strength training, aerobics, and
balance games of Wii Fit. A study applying Kinect provided
16 exergames targeting the lower or upper limbs by using the
Medical Interactive Recovery Assistant digital platform [70].
Choai et a [59] reported that a game improved the mobility of
the upper extremity through a mobile app and Bluetooth
connection to smart devices. A study using the V8 Head Mount
Display, part of a virtual reality game, provided video games
that required movements of the participants' bodies [69].

Regarding games for CF, devices included tablet computers
[57,72], controllers [58], CDs or computers [62], and Oculus
Lift CV1 and touch controllers [65]. Studies using tablet
computers applied the developed cognitive training game to
participants. Commercial games that can improve CF were
provided based on controllers, CDs, or websites. As part of a

https://www.jmir.org/2022/9/€37753
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virtual reality game, a study using the Oculus Lift CV1 and
touch controllers applied games that consisted of multidomain
cognitive tasks.

Regarding games for both PA and CF, the devices used were
electronic step pads[56,71] and Nintendo [68]. Studies applying
electronic step pads provided step training that promoted both
PA and CF, wherein participants moved in various directions.
Another study provided various games that involved PA and
CF using Nintendo (Table 2).

Among the 17 studies, 1 (6%) study [63] did not report the
duration of intervention, whereas 16 (94%) studiesreported the
duration of intervention to be between 2 weeks [59] and 12
months [62]. Among the studies, the most frequent durations
of intervention were reported as 8 weeks [57,64,68,71] and 12
weeks[58,61,69,70]. The prescribed serious gameintervention
was conducted for 1 to 5 sessions per week and 15 to 60 minutes
per session. The total dose provided to the participants ranged
from 2 sessions [63] to 60 sessions [58].

Of the included studies, the control groups consisted of usual
care [58,60,65-70], exercise [59,64,66,67], nonserious games
[61,62,72], watching a film or music videos [63,71], or other
programs such as providing a brochure [56], cognitive training
[58], and prablem-solving therapy [57].

Of the 17 studies, 9 (53%) reported interventionists. Physical
or occupational therapists [59,60,64,66,67,70,71], a
neuropsychologist [65], and an interprofessional team [57]
provided interventions to the participants (Table 3).
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Table 2. Summary of serious game interventions of the included studies (N=17).

Authors, year  Type of serious game; Contents
device
Rendon et a PAZ Nintendo « Wi fit using the Wii Balance Board
[60], 2012 «  Baance games (lunges, single leg extensions, and twists)
Schoene et a Both; electronicsteppad «  Theinteractivetraining system used stepping onto an el ectronic step pad to interact with acomputer
[56], 2015 interface, and videogame technology was used to deliver the training tasks on standard home tele-
vision screens
«  Videogames (Stepper, StepMania, Trail-Stepping, and Tetris)
Choi et a [59], PA; tablet computerand «  The MoU-Rehab consisted of 4 mobile game apps

2016 smartphonewith Blue-  «
tooth connection

All game apps were designed to improve strength, endurance, range of motion, control, speed, and
accuracy of movement in the upper extremity

Levy eta [69], PA;V8Head Mount .

2016 Display, 3D electromag-
netic sensor, and EyeToy
interface for PlayStation

Participants played video games that required moving their bodies
Games (wash awindow and kung fu)

2
Nouchi et al CFP: tablet computer « Intotal, 12 processing speed training games to function on the tablet computer
[72], 2016 « All gamesrequired participants to detect, identify, discriminate, and localize targets as quickly as
possible
Angueraet d CF; tablet computer . MobileiPad intervention called Project: EVO based on the video game called NeuroRacer
[57], 2017 «  Thisgameinvolves guiding a character through an immersive environment while responding to
select targets, with the design format being ideally entertaining
Ferraz et PA; Xbox 360 «  Exergames use full-body motion to alow the player to engage in avariety of mini games, all of
[64], 2018 which feature jump-in, jump-out multiplayer play
«  Physical componentsinvolved in those gamesincluded strength and muscular endurance, cardiores-
piratory fitness, postural balance, and executive function
Belchior et al CF; videogameand con- «  Crazy taxi isadriving game with key features that include rapid navigation through an urban envi-
[58], 2019 troller ronment, attending to speed, and roadway features
«  Characteristics of thisgame were speed; elevated perceptual, cognitive, and motor loads; and having
items of interest often presented at the periphery of the visual field and under divided attention
conditions
Smitheta [62], CF; CDsor web using « Road Tour on CDs and Double Decision, aweb-based version, were used
2019 computer « Road Tour and Double Decision performed the same way
«  Speed of processing training participants saw an object (either a car or truck) in the center of the
monitor and atarget (route 66 road sign) along with 7 rabbit distractor signsin a near-periphery
orbit. Participants viewed the monitor image as quickly asthey could while still correctly identifying
the object and the target location
Stanmoreeta  PA; Microsoft Kinect «  Kinect tracks the user’'s performance and records parameters
[70], 2019 «  Each participant was given a prescribed program of standardized exergames that suited the partici-

pant’s starting level of ability with tailored progression

Individual exercise programs can be tailored using a choice of games for lower or upper limb exer-
cisesusing 16 of Medical Interactive Recovery Assistant’s exergames (strength, balance, coordina-
tion, and flexibility exercises)

Tollaretal [66], PA; Xbox 360 «  Exergame was designed to improve postural control, gait mobility, gait stability, turning, and dy-
2019 namic and static

«  Exergame used the 3 visual feedback modules of the Xbox 360 core system, Kinect Adventures

video game (Reflex Ridge, Space Pop, and Just Dance)

Tollaretal [67], PA; Xbox 360 .  Exergamewasdesigned toimprove postura control, gait mobility, gait stability, turning, and balance
2019 «  Exergame used 3 Xbox 360 modules (Reflex Ridge, Space Pop, and Just Dance)
deMoraiseta PA; Xbox 360 «  Xbox Kinect—"Your Shape Fitness evolved” (Zen-Develop it, Pump it, Wall Breacker, Kick it,
[63], 2020 Hurricane, and Stack in Up)

The games are classified as easy, medium, or hard levels, and only the easy level was used
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Authors, year  Type of serious game;
device

Contents

Ricaeta [61], PA; Xbox 360
2020

Jahouh et al Both; Nintendo
[68], 2021

Kang et a [65], CF; OculusRift CV1and
2021 Oculus touch controllers

Swinnen et al Both; Dividat Senso
[71], 2021

For Kinect-based exercise protocol, balance games were included
Kinect Sports Ultimate Collection, Your Shape Fitness Evolved, Dance Central, and Nike + Kinect
Training

The intervention made up of different activities with the Nintendo Wii Fit video game console
An aerobic-type game was used as a warm-up exercise

The next game was played specifically to work on attention, concentration, and memory. In this
game, agoalkeeper throws balls or bears from both the left and right sides. The participant was re-
quired to lean to either side to avoid all possible bears and head all possible balls; in other words,
the participants had to swing on the same side of the ball or on the opposite side of the bear

To end the session, the participants had to choose a game that they wanted to try or play

Training was accompanied by game elements to increase the interest and motivation of the partici-
pants
Games involving multidomain cognitive tasks to assess

Dividat Senso consisted of a step training platform that was sensitive to pressure changes

The sensors detected stepsin 4 directions: |eft, right, top, and bottom

The platform was connected viaa USB cableto acomputer and afrontal television screen onwhich
the exergames were displayed

Participants interacted with the game interface by pushing foot on 1 of the 4 different arrows

The games trained cognitive abilities

The device provided real-time visual, auditory, and somatosensory (vibrating platform) cues and
feedback to enrich the game experience

8PA: physical activity.
bCF: cognitive function.
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Table 3. Characteristics of serious game interventions of the included studies (N=17).

Authors, Typeof se= Duration, frequency, time per session, dose Control group I nterventionist
year rious game

Rendonetal ppa 6 weeks, 3 sessions per week, 35-45 minutes,  Usual care Physical therapist
[60], 2012 18 sessions

Schoeneet  Both 16 weeks, 3 sessions per week, 20 minutes, 48  Brochure NRP

a [56], 2015 sessions

Choi et d PA 2 weeks, 5 sessions per week, 60 minutes, 10  Exercise (conventional occupation- Occupational therapist
[59], 2016 sessions al therapy)

Levy etal PA 12 weeks, 1 session per week, <40 minutes, 12 Usual care NR

[69], 2016 sessions

Nouchi etal e 4 weeks, 5 sessions per week, 15 minutes, 20 Nonserious game (knowledge NR

[72], 2016 sessions quiz)

Angueraet CF 8 weeks, 5 sessions per week (biweekly), <20  Problem-solving therapy Interprofessional team (clinicians,
a [57], 2017 minutes, 20 sessions care managers, and therapists)
Ferrazeta PA 8 weeks, 3 sessions per week, 50 minutes, 24  Exercise (functional training); ex- Physical therapist
[64], 2018 sessions ercise (bicycle)

Belchioret CF 12 weeks, 5 sessions per week, 60 minutes, 60  Cognitive training; usual care NR

a [58], 2019 sessions

Smitheta  CF 12 months, NR, NR (600 minutes per 5-6 Nonserious game (computerized  NR

[62], 2019 weeks), NR crossword puzzles)

Stanmoreet  PA 12 weeks, 3 sessions per week, NR, 36 sessions  Usual care Physical therapist
al [70], 2019

Tollareta  PA 5 weeks, 5 sessions per week, 60 minutes, 25  Exercise (stationary cycling); usual  Physical therapist
[66], 2019 sessions care

Tollareta  PA 5 weeks, 5 sessions per week, 60 minutes, 25  Exercise (stationary cycling); usual  Physical therapist
[67], 2019 sessions care

deMoraiset PA NR, NR, 30 minutes, 2 sessions Watching afilm NR

al [63], 2020

Ricaet al PA 12 weeks, 3 sessions per week, 60 minutes, 36 Nonserious game (board games) NR

[61], 2020 sessions

Jahouheta Both 8 weeks, 2-3 sessions per week, 40-45 minutes, Usual care NR

[68], 2021 20 sessions

Kangetd CF 4 weeks, 2 sessions per week, 20-30 minutes, 8 Usual care Neuropsychologist
[65], 2021 sessions

Swinnenet  Both 8 weeks, 3 sessions per week, 15 minutes, 24  Watching music videos Physical therapist
al [71], 2021 sessions

3PA: physical activity.
BNIR: not reported.
CCF: cognitive function.

Effects of Serious Games on Depression

Among the 17 studies included in the review, a meta-analysis
was conducted on 15 (88%) studies, excluding 2 (12%) studies
that did not provideraw data[58,72]. As 3 studieshad 2 control
groups each [64,66,67], we included 18 results in this

https://www.jmir.org/2022/9/€37753

RenderX

meta-analysis. The pooled SMD between groups was —0.54
(95% CI —-0.79 to —0.29; P<.001) with a medium effect size.
These results indicate that serious games reduce depression in
older adults. The heterogeneity of the meta-analysis was

moderate to high across the studies (1°=73%; P<.001; Figure
2).
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Figure 2. Forest plot for the effect of a serious game on depression.
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or homes (SMD -0.61, 95% CI —0.95 to —0.26; P<.001) than
in hospitals (SMD -0.46, 95% CI -0.85 to —0.08; P=.02).
However, the difference in the effect size between the groups

was not statistically significant (x%,=0.3; P=.59; Figure 3).

Subgroup Analysis

The results of the subgroup analysis of serious games for
depression are shown in Figures 3-6. Regarding the setting,
serious games had amore significant effect sizein communities

Figure 3. Forest plot for the effect of a serious game on depression according to setting.
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Regarding the characteristics of participants, the effect sizes of
participants without health problems and with neurocognitive
problems were -0.55 (95% CI -0.91 to -0.20; P=.002) and

-0.52 (95% Cl -0.99 to —0.05; P=.03), respectively, which
significantly reduced depression (Figure 4).
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A subgroup analysis of the type of serious game revealed that
games for both had a significant effect on reducing depression
in older adults (SMD -0.73, 95% CI -1.29 to —-0.17; P=.01).
In addition, games for PA significantly reduced depression

Kimet al

-1.10t0 -0.33; P<.001). However, subgroups of serious games
versus other active comparators such as exercise, nonserious
games, watching a film or music videos, and other programs
presented no significant effect (Figure 6).

(SMD -0.60, 95% CI -0.95 to -0.25; P<.001), whereas there

was no significant effect of games on CF (Figure 5), The results of the meta-regression indicated that no significant

correlation existed between depression and the duration (P=.40)
In the control group, serious games versus usual care had a or dose of serious games (P=.43; Multimedia Appendix 3).

significant effect on reducing depression (SMD -0.72, 95% ClI

Figure 4. Forest plot for the effect of a serious game on depression according to the characteristics of participants.
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Figure5. Forest plot for the effect of a serious game on depression according to the type of serious games. CF: cognitive function; PA: physical activity.
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Figure 6. Forest plot for the effect of a serious game on depression according to the type of control group.
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Tollar et al [66], 2019a -017 0.28 59 -017 [-0.72, 0.38] - 1
Tollar et al [67]. 201%a -0.28 0.27 6.0 -0.28[-0.81, 0.25] - 1
Subtotal (95% CI) 17.2 -0.20 [-0.52, 0.13] “
Heterogeneity: Tau?=0.00; x%2=0.2 (P=.92); I’=0%
Test for overall effect: Z=1.18 (P=.24)
Nonserious games
Rica et al [61]. 2020 =2.08 0.37 4.8 -2.08[-2.81,-1.35]
Srnith et al [62], 2019 -0.1 012 7.6 -0.10[-0.34, 0.14] B
Subtotal (95% CI) 12.5 =1.06 [-3.00, 0.88] "*‘_
Heterogeneity: Tau?=1.88; x%;,=25.9 (P<.001); =96%
Test for overall effect: Z=1,07 (P=.28)
Watching a film of music videos
de Morais et al [63], 2020 -0.29 0.26 6.1 -0.29[-0.80, 0.22] -
Swinnen et al [71], 2021 -1.38 0.33 53 -1.38[-2.03,-073]
Subtotal (95% Cl) 1.4 .0.82 [-1.88, 0.25] —eet-
Heterogeneity: Tau?=0.51; x%,=6.7 (P=.009); *=85%
Test for overall effect: 7=1.50 (P=.13)
Other programs
Anguera et al [57], 2017 013 0.43 42 -0.13[-0.97, 0.71] S E—
Chai et al [59], 2016 011 041 44 -0.11[-0.91, 0.69] . B
Ferraz et al [64], 2018a 01 031 55 -0.10[-0.71, 0.51] —
Schosne et al [56], 2015 029 022 66 -0.29[-0.72, 0.14] —
Subtotal (95% CI) 20.7 -0.20 [-0.50, 0.10] "
Heterogeneity: Tau?=0.00; x%5=0.4 (P=.95); I’=0%
Test for overall effect: 7=1.29 (P=.20)
Total (95% CI) 100.0 -0.54 [0.79, -0.29] ‘
Heterogeneity: Tau?=0.20; x%,7=63.1 (P<.001); 2=73% + 1 : 1 2

Test for overall effect: Z=4.27 (P<.001)
Test for subaroue differences: )(2[4]=6.6 (P=.16); I?=40%

Favars (experimental)  Favors (control)

L . game. In addition, this study could provide substantial scientific
Publication Bias evidence and produce high-quality findings as it included
In this study, the publication bias was considered low. The randomized controlled trias.

funnel plot revealed afairly symmetrical pattern (Multimedia . _ o
Appendix 4). In addition, Egger test demonstrated that no Qlder ad_ults may face ce_rtaln barriers to the use (_)f digital
publication bias was present in this meta-analysis (P=.27). interventions, such as physical changes because of aging and a
lack of knowledge about technology [73]. In addition, studies

Discussion included in this review reported that older adults who
participated in serious games might experience difficultieswith
Principal Findings costs related to devices or programs [58], use of technology

[70], and physical symptoms such as nausea, oculomotor
dysfunction, and disorientation [65]. Despite these obstacles,
the results of our meta-analysis indicate that serious games
significantly reduce depression in older adults to a moderate
effect size (SMD=-0.54). This aligns with the meta-analysis
findings that showed reduced depression in young people [45].
In addition, the effect size of our findings was larger than that
of studies targeting the general population [44,74]. Compared

This study aimed to investigate the characteristics of serious
games and their effects on depression in older adults. A total
of 17 studies included in the systematic review have been
conducted since 2012, and the number of studies has been
steadily increasing. This study identified 3 types of serious
games: games for PA, games for CF, and games for both PA
and CF. Furthermore, it was demonstrated that the equipment
and components of the game varied for each type of serious
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with the young or general population, serious games may
effectively reduce depression in older adults, who face barriers
in the application of digital interventions. As overcoming
obstaclesrelated to digital intervention may increase theinterest
and confidence of older adults[75], aserious gameisconsidered
effective and acceptable for them.

In this study, interventions of serious games were primarily
conducted in places where older adults lived their daily lives,
such as communities and homes, rather than in hospitals. Our
findings showed that serious games played in communities or
homes significantly reduced depression. Even without a
supervised environment, such as a hospital, we found that the
settings did not significantly affect older adults in applying
serious games. This can be particularly convenient when
applying the intervention to older adults with poor mobility or
other accompanying diseases [47]. Therefore, a serious game
can be applied regardless of the location once the appropriate
environment or equipment is prepared.

In a subgroup analysis, serious games reduced depression in
older adults without health problems or with neurocognitive
problems. Appropriate physical abilitiesare required to perform
serious games [76]; the intervention was effectively provided
to older adults without health problems. Moreover, depression
is considered an important health issue in older adults with
neurocognitive problems such as Parkinson disease [77] and
the predementia stage [78]. Accordingly, the findings of this
study might be promising, as serious games may help reduce
depression. However, the evidence may be relatively weak
owing to the small number of studies. Further intervention
studies are needed to confirm the relationship between the
characteristics of older adults and the effectiveness of games.

Among the types of games, those that applied PA, including
gamesfor both accounted for approximately 70%. Our findings
indicated that hel ping body movementsdirectly by using various
deviceshad asignificant effect on reducing depression compared
with games for CF. PA has been found to reduce depression
through biological and psychosocial mechanisms [79]. In
addition, a previous meta-analysis illustrated that exercise can
significantly reduce depression in older adults [80]. Games
promoting PA suggest the possibility of improving the quality
of life and reducing depressive symptoms in older adults [61].
Therefore, PA should be considered as an essential component
in the application of serious games to manage depression in
older adults.

Inthe meta-analysis, weincluded studiesthat provided acontrol
group with usual care as well as studies that provided other
interventions considered active comparators. For studies
comparing usual care groups, participation in serious games
was found to have a significant impact on reducing depression.
However, studies comparing active comparators, such as
exercise, honserious games, and watching videos, showed a
reduction in depression, but thiswas not statistically significant.
These findings are consistent with those of ameta-analysisthat
included active comparators [81]. The absolute and relative
effects of the intervention can be interpreted according to the
type of control group [82]. When the control group received
usual care, the results indicated an absolute effect of the
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intervention. However, when the control group had active
comparators, the results demonstrated a relative effect of the
intervention. In this study, the absolute effect of participation
in serious games was confirmed, but the relative effect was not.
These findings indicate that participation in serious games has
a unigue and significant effect on older adults. Among the
advantages of seriousgames, older adults can participatein such
games regardless of the location [59], and it is generally easy
to participate in such games [57]. In addition, participation in
serious games motivates ol der adults and improves engagement
[58,61], which has been found to increase adherence to
interventions [57,63]. Participation in serious games for older
adults may be viewed as an acceptable strategy to reduce
depressive symptoms, as it has been confirmed that they have
relatively high interest, satisfaction, and usability in serious
games [59,65,70]. Therefore, we suggest that it is necessary to
devel op serious gamesthat reflect hel pful characteristics so that
therelative effect aswell as the absolute effect of interventions
can be confirmed.

Limitations

This study systematically reviewed the literature and analyzed
the effectiveness of an overal serious game conducted to
manage depression, without limiting the health characteristics
of older adults. However, this study hasafew limitations. First,
some studiesin which depression was not the primary outcome
of the intervention were al so selected because depression itself
was of interest in this study. Generally, this selection may have
a weak causal relationship between serious games and
depression. In this review of 17 studies, 9 (53%) and 8 (47%)
studies measured depression as a primary and secondary
outcome, respectively. Depression had a significant reduction
effect in 5 out of 9 (56%) studies measured as a primary
outcome and 38% (3/8) of studies measured as a secondary
outcome. The effects are greater when the intervention is
performed for the main purpose of reducing depression.
Therefore, further research is needed to clarify the relationship
between depression as an outcome of intervention and its
effectiveness. Second, methodological quality appraisals were
performed using the JBI Critical Appraisal Checklist for the 17
studiesincluded in thisreview. Only 6% (1/17) of high-quality
studieshad alow risk of bias, and approximately one-third (n=5,
29%) of the studies had a high risk of bias. Therefore, it can be
considered that the evidence of the synthesized results is
relatively low. Finally, this study included a variety of health
characteristics, devices, and contents of serious games, which

might lead to moderate to high heterogeneity (1°=73%). Thus,
it isnecessary to pay attention to the interpretation of theresults.

Implications

Our findings may contribute to the understanding of the effects
of serious games on reducing depression in older adults. The
findings of this study also provide researchers and health care
providerswith several implications for managing depressionin
older adults. Firgt, there is a need to apply serious games
involving PA to manage depression in older adults. It may be
beneficial to add varioustypes of serious gamesto increasetheir
effectiveness. Second, serious games should be devel oped and
adapted to suit the various characteristics and needs of older
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adults. In addition, it is necessary to further explore devices,
content, and duration that will be effective for older adults.
Finally, alarge-scale and morerigorously designed randomized
controlled trial of serious games should be conducted to provide
scientific evidence.

Conclusions

Thefindings of thisreview and meta-analysis demonstrate that
serious games are beneficial for reducing depression in older
adults. Among the types of serious games, those that include
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interventions conducted in the community, including homes,
can alleviate depression in older adults. We aso found that
studies provided by nurses or multidisciplinary teams were
limited; therefore, nurse researchers should conduct serious
game interventions further. In addition, more high-quality
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Abstract

Background: Digita health solutions can provide populations with musculoskeletal pain with high-reach, low-cost, easily
accessible, and scalable patient education and self-management interventions that meet the time and resource restrictions.

Objective: The main objective of this study was to determine the effectiveness of digital health interventions for people with
muscul oskeletal pain conditions (ie, low back pain, neck pain, shoulder pain, knee pain, elbow pain, ankle pain, and whiplash).

Methods: A systematic review and meta-analysis was conducted. We searched PubMed and Cochrane Central Register of
Controlled Trials (from 1974 to August 2021) and selected randomized controlled trials of digital health interventionsin thetarget
population of patients with musculoskeletal pain with a minimum follow-up of 1 month. A total of 2 researchers independently
screened and extracted the data.

Results: A total of 56 eligible studieswereincluded covering 9359 participants, with amean follow-up of 25 (SD 15.48) weeks.
In moderate-quality evidence, digital health interventions had a small effect on pain (standardized mean difference [SMD] 0.19,
95% CI 0.06-0.32), disability (SMD 0.14, 95% CI 0.03-0.25), qudlity of life (SMD 0.22, 95% CI 0.07-0.36), emotional functioning
(SMD 0.24, 95% CI 0.12-0.35), and self-management (SMD 0.14, 95% CI 0.05-0.24).

Conclusions: Moderate-quality evidence supports the conclusion that digital health interventions are effective in reducing pain
and improving functioning and self-management of muscul oskeletal pain conditions. Low-quality evidence indicates that digital
health interventions can improve the quality of life and global treatment. Little research has been conducted on the influence of
digital health on expenses, knowledge, overall improvement, range of motion, muscle strength, and implementation fidelity.

Trial Registration: PROSPERO CRD42022307504; https://tinyurl.com/2cd25hus

(J Med Internet Res 2022;24(9):€37869) doi:10.2196/37869

KEYWORDS

eHealth; models of care; mobile health; mHealth; digital health; pain; telehealth; telemedicine; disability; function; quality of
life; mobile phone
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Introduction

Musculoskeletal conditions are considered the leading cause of
global morbidity and have substantial individual, societal, and
economic implications[1]. Muscul oskeletal conditions account
for one-fifth of the world's total number of years lived with
disability [1]. The burden of musculoskeletal conditions is
predicted to increase dramatically in the coming years because
of the aging population in Western countries. Muscul oskeletal
conditions include a broad range of health conditions affecting
the bones, joints, muscles, and spine, aswell asrare autoimmune
conditions. Common symptomsinclude pain, stiffness, and loss
of mobility and dexterity, which often interfere with people’s
ability to perform daily activities. In the global research on the
burden of disease, low back and neck pain were responsible for
70% of impairments [2]. The management of muscul oskeletal
pain conditions requires an evidence-informed innovative care
model that stimulates self-management, including daily
activities, self-care, patient-professional collaboration, and a
collaborative practice model [3].

For musculoskeletal pain conditions, there has been increasing
interest inintegrating digital health interventionsto accomplish
the triple aim of better health outcomes, better patient
experiences, and smarter use of health service resources. Various
studies have found moderate-quality evidencethat digital health
interventions have apositive clinical benefit in the management
of musculoskeletal conditions leading to pain and functional
disability [4-7]. However, owing to differences in content,

Figure 1. Rainbow model for digital health interventions [14].

Domain

Vaentijn et a

duration, and delivery, it is difficult to draw strong conclusions
about the effectiveness of digital health interventions. Hence,
little is known about which type or combination of digital health
solutions is superior [5,8-10]. This lack of information serves
as a barrier to identifying key characteristics aligned with
effective and ineffective digital health solutions and their wider
implementation. Recently, the World Health Organization
(WHO) published ataxonomy for the standardization of various
digital health interventions and vocabulary [11]. Although
taxonomy is a useful tool to differentiate between the different
types of digital interventions, it cannot distinguish between the
micro, meso, and macro factors that influence digital health
innovation and implementation [12]. This calls for a broad
overview of the evidence by outlining digital health solutions
at the patient, professional, provider, and system levels, as
described by the Rainbow Model (Figure 1) [13]. Itisimportant
to identify the most effective type of digital health intervention
and, in turn, the most efficacious combination of components
(eg, patient, provider, organizational, and system level) for
clinical and managerial responses to the evidence, as well as
for policy decision-making.

Following the Rainbow Model of Integrated Care (RMIC) and
WHO digital health taxonomy, we comprehensively analyzed
the effectiveness of digital health interventions for
musculoskeletal pain conditions in published randomized
controlled trials (RCTs) and assessed the extent to which
differencesin outcomes may be explained by the different types
of interventions.
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Methods

A systematic review was conducted according to a protocol
registered on PROSPERO (International Prospective Register
of Systematic Reviews; registration number 307504) and the
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) guidelines [15].

Literature Search

We searched the el ectroni ¢ databases PubM ed and the Cochrane
Library using musculoskeletal pain condition—specific and
digital health—specific text wordsand Medical Subject Headings
(Tables S1 and S2 in Multimedia Appendix 1 [16-71]) from
their inception to August 2021.

Study Selection

Overview

A total of 2 researchers (LT and MAA) worked separately on
study selection, eligibility criteria evaluation, risk-of-bias
assessment, and data extraction, and disagreements were
resolved through iteration and discussion. If thisfailed, athird
arbitrary resolution was performed by a third author (PPV).
Studies were considered eligible if they were RCTs with a
follow-up of =1 month; included participants aged >18 years
with a muscul oskeletal (chronic) pain condition (ie, low back
pain, neck pain, shoulder pain, knee pain, elbow pain, ankle
pain, or whiplash); and comprised an evaluation of a digital
health intervention in the clinical, professional, organizational,
or system domains of the RMIC [13]. Each intervention had to
describe >1 digital health service according to the description
of the WHO digital health taxonomy [11] (Table S3 in
Multimedia Appendix 1 [16-71]). Non-English studies were
excluded from this review.

Data Extraction and Risk-of-Bias Assessment

For each included study, 2 researchers (LT and MAA)
independently extracted the data using a standardized data
extraction form. Any inconsistency was resolved through
iteration and discussion. When the required data were not
reported in the article, the researchers contacted the authorsfor
the missing information. If the required data could not be
provided, the study was included only for qualitative review.
The following methodological risks of bias were assessed for
each selected study: sequence generation; allocation
concealment; blinding of outcome assessors, care providers,
and participants, completeness of outcome data;
intention-to-treat analysis; and sponsor involvement in
authorship [72]. The Covidence software was used to manage
data extraction and risk-of-bias assessments [ 73].

Data Synthesisand Analysis

The primary outcomes included pain, functioning, and quality
of life, as assessed using recognized and validated measures
[74]. Cost, emotional functioning, overall progress, range of
motion, muscle strength, knowledge, self-management, and
process-related outcomes were all secondary outcomes of
interest.

https://www.jmir.org/2022/9/e37869
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A 3-step method was used to identify distinct subgroups of
digital health interventions according to the domains of the
RMIC. Firgt, the appropriate number of clusterswas determined
through a hierarchical agglomerative clustering analysis using
the Euclidean distance and average silhouette methods, which
measuresthe quality of acluster. Wetested for outliersby using
the cluster membership of the distance method, which indicates
how well an observation fits into the cluster that it has been
assignedto [ 75]. No outlierswereidentified based on the results
of thisanalysis. Second, anonhierarchical cluster analysisbased
on the k-means al gorithm was performed to validate the results
of the hierarchical procedure by using theinitial cluster centroid
number from hierarchical clustering as astarting point [76,77].
This method establishesthe presence of clusters by determining
the average of all the data pointsin a cluster.

The grouping of the clusters was evaluated by performing a
principal component analysis (PCA), which required data
normalization, and the eigenval ueswere cal culated and analy zed
in abiplot graph [78,79]. Assumptions of the PCA were tested
following the procedure described by Kassambara [80] (ie,
linearity of thedata, level of measurement, and outliers). Finally,
the clusterswerevisually evaluated using cluster plotsand PCA.
To provide an interpretation of the cluster, the cluster means of
the digital health interventions were applied.

We used DerSimonian and Laird random-effects models to
summarize the treatment effects and expressed the results as
standardized mean differences (SMDs) for continuous outcomes
using different scales together with 95% Cls. The SMD
calculations were based on the effect differences between the
baseline and last follow-up assessment [81]. In the systematic
review, weincluded rel evant studies; for the meta- and subgroup
analyses, at least three independent studies were required to
justify the meta-analysis[82].

Heterogeneity in treatment effects between studies was assessed
using the restricted maximum likelihood method (1?) statistics,

with 12 values of 25%, 50%, and 75% corresponding to low,
moderate, and high levels of heterogeneity, respectively [83].
Potential sourcesof stetistical heterogeneity were explored using
apriori subgroup analysisto determine whether theintervention
duration (1-12 months or >12 months) or setting (clinic or
home-based) affected heterogeneity. Evidence of small study
effectswas assessed through visual examination of funnel plots
[84]. We conducted a sensitivity analysis of primary outcomes
by excluding studies according to the following criteria: (1)
highrisk of bias, (2) long follow-up (=12 months), and (3) large
sample size (>200 participants). We used a minimum of 10
independent studies [81].

Descriptive statistics were used to summarize the data, where
mean and SD were reported for continuous dataand frequencies
and percentages for categorical data. The distribution of all
continuous variables was checked. The statistical significance
for subgroup and sensitivity analysis was calculated using the
test for subgroup differences provided in the R Studio (version
2021.09.01) package meta. All analyses were performed using
the statistical software R Studio (Build 372), and libraries
dmetar, esc, tidyverse, meta, grid, robvis, pvclust, and
factorextra were used [85].
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Quiality of Evidence

The quality of evidence was rated for each pooled analysis by
using the Grades of Recommendation, Assessment,
Development, and Evaluation approach [86]. The quality of
evidence was not downgraded for performance or detection bias
asperfect blinding is considered problematic for complex digital
health interventions [82]. For each comparison, 2 researchers
(LT and MAA) independently rated the quality of evidence for
each outcome as “high,” “moderate” “low,” or “very low.”
Discrepancies were resolved through iteration and discussion.

Figure 2. Flowchart of search strategy and study selection process.

Vaentijn et a

Results

Search Resultsand Study Characteristics

A total of 983 publications of potential interest were identified.
Of the 983 publications, after removing 18 (1.83%) duplicates,
965 (98.17%) publications were selected for title and abstract
screening. Subsequently, of the 965 publications, 64 (6.63%)
were selected for full-text screening, and 56 (5.8%) RCTswere
considered eligible for inclusion, assessing 9359 participants.
Approximately 6% (4/64) of studies reported incomplete
outcomes; therefore, they were excluded from the effect analysis
(Figure 2).

Intervention Characteristics

The characteristics of the interventions in the included studies
are summarized in Tables S4 and S5 in Multimedia Appendix
1. All studies performed interventions in the home base of the
participants, and in some cases, the setting of the study was a
combination of the home base of the participants and the primary
care clinic (26/56, 46%). In addition, of the 56 studies, we
included 30 (54%) studies targeting musculoskeletal pain
conditions, 10 (18%) studiestargeting chronic pain conditions,
9 (16%) studiestargeting postsurgery rehabilitation participants,
and 7 (13%) studiesfocusing on patientswith arthritis. Most of
the interventions focused on patient conditions, such as target
client communication (42/56, 75% studies; 6806/9359, 72.72%
participants) and personal health tracking (38/56, 68% studies;
5881/9359, 62.84% participants). Digital health interventions
at the professional level included telemedicine (55/56, 98%
studies; 9331/9359, 99.7% participants), client information and
registration (47/56, 84% studies, 8041/9359, 85.92%
participants), health care provider decision support (23/56, 41%
studies; 4520/9359, 48.3% participants), health care training
(23/56, 41% studies; 4569/9359, 48.82% participants), health

https://www.jmir.org/2022/9/e37869
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care provider communication (12/56, 21% studies; 2901/9359,
31% participants), and referral coordination (4/56, 7% studies;
52719359, 5.63% participants). None of the studiesincorporated
health care providers in a scheduled activity planning
intervention. Only 9% (5/56) of studies were targeted at the
organizational level. All of these studies included health
financing interventions (2363/9359, 25.25% participants).
Furthermore, some studies were targeted at the system level
and included data coll ection, management, and useinterventions
(23/56, 41% studies; 4648/9359, 49.66% participants). The
duration of theinterventionsranged from 2 weeksto 12 months
(median 12 weeks). Two distinctive subgroups of digital health
interventions were identified in the 56 articles.

The first cluster (32/56, 57% studies; 4565/9359, 48.78%
participants) included interventions mainly in professional and
client domains, mostly performed (23/32, 72%) in the home
base of the participant. The second cluster (24/56, 43% studies,
4794/9359, 51.22% participants) comprised interventionsin the
organizational, professional, and client domains, mostly
performed (17/24, 71%) in the home base and clinic settings.
Four statistically significant differences across the subgroups
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for digital health interventions were identified through the data collection, management, and use. The 2 clusters were
cluster differences analysis. targeted heath care provider named based on the characteristics of their digital health
decision assistance; referral coordination; health finance; and  interventions (Table 1).

Table 1. Clusters of digital health interventions (N=56).

Rainbow model intervention characterization ~ Total studies, n  Cluster 1: patient- Cluster 2: patient-provider-orga-  Cluster differ-
(%) provider—{evel digital health nizational-evel digital health ences (P value)
interventions (n=32), n (%) interventions (n=24), n (%)

Organizational domain
Health financing 5(9) 0(0) 5(21) .006%
Data collection, management, and use 23 (41) 3(9) 20(83) <.001°

Professional domain

Client identification and registration 47 (84) 25(78) 22 (92) .18
Health care provider decision support 23 (41) 7(22) 16 (67) <.001¢
Telemedicine 55 (98) 32 (100) 23 (96) .25
Health care provider communication 12 (21) 8(25) 4(17) 46
Referral coordination 4(7) 0(0) 4(17) 020
Health care provider training 23 (41) 13 (41) 10 (42) .94
Client domain

Targeted client communication 42 (75) 26 (81) 16 (67) 22
Personal health tracking 38 (68) 21 (66) 17 (72) .69

8gignificant at level .01.
bSignificant at level .001.
CSignificant at level .05.

theitems, an unclear risk for 8.7% (34/392), and ahighrisk for

Quiality of Included Studies 10.7% (42/392).

Therisk of biasin theincluded studiesis summarized in Figure
3. Overall, there was alow risk of biasfor 80.6% (316/392) of

Figure 3. Summary of therisksof biasin included studies. For each quality item, low risk meansthat sufficient datawere reported in the study to allow
the assessment of quality, and the study fulfilled the criteriafor the quality item; high risk means that sufficient data were reported in the study to assess
quality, but the study did not fulfill the criteriafor the quality item; and unclear risk means that incomplete data for the quality item were reported. N/A:

not applicable.
Sequence generation (selection hias]:_
Allocation concealment (selection bias]:_
Blinding of outcome assessment (detection hiasl—
Blinding of participants and personnel (detection biasl—
Incomplete outcome data (attrition biasl_
Selective outcome reporting (reporting hias]_
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care management (SMD 0.19, 95% CI 0.06-0.31; Figure 4).
However, there was evidence of high heterogeneity between
Pain studies (1=81%). There was evidence of different effects on
Of the 56 studies, 37 (66%; 5323/9359, 56.88% participants) Pain based on different types of digital health interventions
reported the treatment effects on pain. Digita heath (patient-provider: SMD 0.07, 95% CI -0.04 to 0.19;

Effect of Digital Health I nterventions
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P value for subgroup difference=.05). The quality of the evidencefor painwas rated as moderate (Table 2).

Figure 4. Effect of digital health on pain. SMD: standardized mean difference.

Study ID Experimental Control SMD SMD 95%Cl Weight
Cluster =1
Irvine 2015 199 398 - 045 [[063;-028] 36%
Buhrman 2004 22 29 — -026 [-0.82; 0.30] 22%
Hordam 2010 68 93 026 [[057; 0.05] 31%
Bennell 2018 73 71 — -0.05 [[0.38; 0.27] 3.0%
Ang 2010 17 15 003 [[0.73; 066] 18%
Hauser-Ulrich 2020 38 23 — 003 [054; 049] 23%
Carpenter 2012 70 71 — 0.00 [-0.33; 0.33] 3.0%
Calner 2017 55 44 — 0.00 [-0.39; 0.40] 28%
Berman 2009 41 37 — 002 [-042; 047] 26%
Kohns 2020 51 53 — 0.03 [[0.35; 042] 28%
Peters 2017 226 50 — 004 [[027, 0.34] 31%
McCurry 2019 163 164 — 0.07 [-014; 029] 34%
Shigaki 2013 44 49 — 0.08 [-0.32; 049] 27%
Ruehlman 2012 162 143 — 008 [-014; 0.31] 34%
Amorim 2019 34 34 —-.'— 011 [-0.36; 059] 25%
Lam 2020 7 14 i 012 [[079; 1.02] 13%
Dear 2013 397 74 —— 0.14 [0.11; 0.38] 3.3%
Blixen 2004 16 16 " 026 [-044; 095] 18%
Wiliams 2010 59 59 — 0.35 [0.02; 0.71] 2.9%
Chiauzzi 2010 95 104 —— 045 [0.16; 0.73] 3.2%
Brattberg 2008 30 36 = 050 [0.01; 1.00] 2.4%
Mecklenburg 2018 101 61 —u— 063 [0.31; 0.96] 3.1%
Random-effects model 1968 1638 = 0.07 [-0.04; 0.19] 60.5%
Heterogeneity: I* = 67%, ©° = 0.0465, p < .01
Cluster=2
Russell 2011 Ky 34 —— -0.33 [0.82; 0.16] 24%
Bini 2017 13 15 L 024 [098;, 051 17%
Piqueras 2013 72 70 —— 016 [[049; 017] 3.0%
Johnston 2010 6 8 0.03 [-1.03; 109] 11%
Petrozzi 2019 54 54 4;; 006 [-032; 043] 29%
Bennel 2017 74 74 — 015 [0.17; 047] 3.1%
Allen 2018 112 192 — 025 [001; 048] 34%
Kristiansdottir 2013 69 66 —— 026 [-0.08;, 060] 3.0%
Toelle 2019 42 44 |8 026 [-016; 069 27%
Kosterink 2010 36 35 = 048 [001;, 093] 25%
Naylor 2008 26 25 L 049 [-0.07, 1.04] 22%
Pozo-Cruz 2012c 46 44 ——— 050 [008;, 092] 27%
Chhabra 2018 45 48 ——— 051 [009; 092] 27%
Shebib 2019 113 64 —— 0.99 [0.66; 1.31] 3.1%
Moffet 2015 104 101 —B— 144 [113,175] 31%
Random-effects model 843 874 = 0.34 [0.08; 0.60] 39.5%
Heterogeneity: I° = 84%, t° = 0.1816, p < .01
Random-effects model 2811 2512 == 0.19 [0.06; 0.31] 100.0%
Heterogeneity: /° = 81%, t2= 01115, p < 01 ' as . 05 :
Test for subgroup differences: 3| =4.00, df = 1 (p = .05)
Favors control Favors experimental
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Table 2. Summary of findings and assessment of the quality of evidence for outcomes (N=56).

Outcomes Studies, Certainty assessment Effect Certainty
n (%)
Study design  Riskof Inconsistency Indirect-  Impreci-  Other  Individuds  g\p2rate
bias ness sion oonsder (n=9359), n (95% Cl)
ations (%)
Pain (follow- 37 Randomized ggjgud® Not serious Not serious Not serious None 5323(56.9) 0.19(0.06t0 Moderate
up: mean 25 (66.1) trids 0.31)
weeks)
Disability and 30 Randomized ggjq d Notserious  Notserious Notserious None 4849 (51.8) 0.14(0.03to Moderate
function (fol- (53.6) trids 0.25)
low-up: mean
27 weeks)
Quality of life 24 Randomized Notseri- Not serious Notserious Notserious None 3995 (42.5) 0.22(0.07to High
(follow-up: (42.9) trids ous 0.36)
mean 25 weeks)
Emotiond func- 24 Randomized ogigud  Serious® Not serious Not serious None 3814 (40.8) 0.24(0.12t0 Low
tioning (follow- (42.9)  trids 0.35)
up: mean 29
weeks)
Self-manage- 21 Randomized ggigud® Not serious Not serious Not serious None 2857 (30.5) 0.14(0.05t0 Moderate
ment (follow-  (37.5)  trids 0.24)
up: mean 26
weeks)
Globd improve- 4 (7.1) Randomized ggigud Not serious Not serious  ggrjgusd None 795 (5.5) 0.25(-044 Low
ment (follow- trials t0 0.93)
up: mean 42
weeks)

8SMD: standardized mean difference.
BMost of the studies had a high frequency of other bias.
°L arge heterogeneity between studies (12>50%).

49596 CI includes the possible benefits from both control and digital health interventions.

Disability and Function

Of the 56 studies, data on disability and function were reported
in 30 (54%) studies (4849/9359, 51.8% participants). Digital
health interventions dlightly improved the functioning of people
with musculoskeletal conditions (SMD 0.14, 95% CI 0.03-0.25);
however, there was considerable heterogeneity among studies

https://www.jmir.org/2022/9/e37869
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(12=66%; Figure5). Therewaslittle evidence that different types
of digital health interventions affected treatment effectiveness
(patient-provider: SMD 0.11, 95% CI -0.06 to 0.28;
patient-provider-organization: SMD 0.17, 95% CI 0.02-0.32;
P value for subgroup difference=.58). The quality of the
evidence for disability and functional outcomes was moderate.
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Figure5. Effect of digital health on disability and function. SMD: standardized mean difference.

Study ID Experimental Control SMD SMD 95% Cl Weight
Cluster=1 ’

Li 2014 100 137 —i— 0.58 [-0.84;-0.32] 4.3%
Chiauzzi 2010 95 104 025 [[0.53; 0.03] 42%
Blixen 2004 16 16 L -0.06 [[0.76; 063] 18%
Shigaki 2013 44 49 — -0.04 [-045; 0.37] 32%
Hordam 2010 68 93 — 001 [0.32; 031 39%
Bennell 2018 73 71 — 0.00 [-0.33; 0.33] 38%
Amorim 2019 34 34 — 0.03 [-045;, 050] 28%
Ang 2010 17 15 0.04 [0.65 074 18%
Williams 2010 59 59 — 0.04 [-0.32; 040] 36%
Peters 2017 226 50 — 0.08 [-0.22; 0.39] 4.0%
Calner 2017 55 44 — il — 009 [-0.30; 049] 33%
Irvine 2015 199 398 i 0.10 [0.07; 027] 5.0%
McCurry 2019 163 164 —l— 0.30 [0.08; 0.52] 46%
Dear 2013 397 74 —E— 046 [0.21; 0.71] 4.4%
Lam 2020 7 14 = 051 [041; 1.44] 12%
Mecklenburg 2018 101 61 —il— 056 [024; 088] 38%
Carpenter 2012 70 71 : —— 076 [042; 110] 37%
Random-effects model 1724 1454 = 0.11 [-0.06; 0.28] 59.5%
Heterogeneity: I~ = 76%, t~ = 0.0824, p = .01 :

Cluster=2

Piqueras 2013 72 70 —E— 0.33 [-0.66; 0.00] 3.8%
Russell 2011 Y 34 B -0.07 [-0.56; 0.41] 28%
Petrozzi 2019 54 54 —_— 0.06 [-0.31; 044] 35%
Bini 2017 13 15 LF 0.08 [-067;, 082] 16%
Toelle 2019 42 44 — i 0.08 [-0.34; 050] 31%
Kristjansdottir 2013 69 66 — 013 [[0.21; 046] 37%
Allen 2018 112 192 -+ 0.17 [-0.06; 0.40] 4.5%
Lorig 2002 190 231 —— 0.18 [-0.01; 0.37] 4.8%
Johnston 2010 6 8 037 [[070; 1.44] 09%
lles 2011 15 15 L 041 [[0.31; 1.14] 17%
Pozo-Cruz 2012a 46 44 L 043 [001; 0.85] 32%
Shebib 2019 113 64 —— 046 [015, 077] 39%
Kosterink 2010 36 35 — & — 055 [007; 1.02] 28%
Random-effects model 799 872 = 0.17 [0.02; 0.32] 40.5%
Heterogeneity: I~ = 34%, t~ = 0.0232, p = 11

Random-effects model 2523 2326 == 0.14 [0.03; 0.25] 100.0%

Heterogeneity: I° = 66%, t° = 0.0583, p < .01
Test for subgroup differences: ;{T =0.31,df =1(p = 58)

0.5

@
=
in

Favors control Favors exparimantal

. . Figure6). Therewaslittle evidencethat different typesof digital
Quality of Life health interventions had differing effects on quality of life
Digital health interventions had a dlightly positive effect on  (patient-provider: SMD 016, 95% Cl  0.02-0.30;
health-related quality of life (24/56, 43% studies; 3995/9359,  patient-provider-organization: SMD 0.35, 95% Cl —0.04 0 0.75;
42.69% participants; SMD 0.22, 95% CI 0.07-1.36). Therewas P value for subgroup difference=.30). The quality of evidence
evidence of high-level heterogeneity between studies (1=63%;  for the quality of life was graded as high.
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Figure 6. Effect of digital health on quality of life. SMD: standardized mean difference.

Study ID Experimental
Cluster=1

Skolasky 2015 63
Odole 2014 25
Shigaki 2013 44
Bennell 2018 73
Buhrman 2013b 38
Janevic 2020 28
McCurry 2019 163
Irvine 2015 199
Wiliams 2010 121
Haordam 2010 68
Sharareh 2014 34
Braftberg 2008 30
Li 2014 100
Buhrman 2011 26
Random-effects mode[ 1012

Heterogeneity: I? = 45%, 2 = 0.0244, p =03

Cluster=2

Russell 2011 3
Leveille 2009 121
Moffet 2015 104
Lorig 2002 190
Allen 2018 112
Buhrman 2013a 36
Bennell 2017 74
Shebib 2019 113
Johnston 2010 6

Maylor 2008 26
Random-effects model_ 813

Heterogeneity: I° = 76%, 1- = 0.2022, p < .01

Random-effects model 1825
Heterogeneity: I° = 63%, t~ = 0.0496, p < .01

Control

2170

Test for subgroup differences: ;{T =1.10,df=1(p = .30)

Emotional Functioning

Of the 56 studies, 24 (43%; 3814/9359, 40.75% participants)
reported data on emotional functioning. Digita health
interventions had a positive effect on emotional functioning
compared with usual care (SMD 0.24, 95% CI 0.12-0.35);
however, there was evidence of heterogeneity between studies
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Weight

4.3%
2.8%
3.9%
4.6%
3.5%
2.8%
5.8%
6.3%
54%

3.5%
3.2%
5.3%
2.8%

[0.02; 0.30] 58.7%

[-0.60; 0.37]
[-0.26; 0.25]
[-0.12; 0.43]
[-0.01; 0.38]
[-0.01; 0.46]
[-0.23; 0.70]
0.06; 0.59]
0.25; 0.88]
0.47;1.71]
1.34:2.71]

L
[
[
[

3.2%
5.4%
52%
6.0%
5.6%
3.4%
4.6%
4.8%
1.0%
21%

[0.04; 0.75] 41.3%

[0.07; 0.36] 100.0%

(1>=71%; Figure 7). There was little evidence of different
different types of

treatment

(patient-provider:

effects for

SMD  0.21,

95%

Cl

interventions
0.12-0.30;

patient-provider-organization: SMD 0.32, 95% Cl —0.27t00.92;
P value for subgroup difference=.60). The quality of evidence
for emotional functioning was low.
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Figure7. Effect of digital health on emotional functioning. SMD: standardized mean difference.
Study ID Experimental Control SMD SMD 95% Cl Weight
Cluster=1
Blixen 2004 16 16 0.04 [[065073] 22%
Hordam 2010 68 a3 — 004 [[027,035] 49%
Berman 2009 41 37 — 0.06 [-0.39;050] 37%
Krein 2013 111 118 — 007 [[019;033] 54%
Buhrman 2013b 38 38 — 0.07 [-0.38;052] 36%
McCurry 2019 163 164 = 008 [013;030] 59%
Chiauzzi 2010 95 104 — 0.08 [-0.19;036] 52%
Shigaki 2013 44 49 | 0.09 [-0.32;049] 40%
Buhrman 2004 22 29 ] 0.11 [-045,066] 29%
Ruehlman 2012 162 143 i 0.15 [0.08;0.37] 5.8%
Lam 2020 7 14 = 016 [-0.75,1.06] 14%
Wiliams 2010 121 120 —— 0.16 [0.09;0.41] 5.5%
Bennell 2018 73 71 —_—B— 021 [012;054] 47%
Calner 2017 55 44 —— 0.22 [0.18;0.61] 4.1%
Buhrman 2011 26 28 — & — 0.30 [[024;083] 30%
Brattberg 2008 30 36 —— 0.32 [0.17:0.80] 3.3%
Peters 2017 226 50 ——— 042 [011;072] 49%
Dear 2013 397 74 —— 0.53 [0.28:0.78] 5.5%
Carpenter 2012 70 71 —i— 068 [034,102] 46%
Random-effects model 1765 1299 = 0.21 [0.12; 0.30] 80.5%
Heterogeneity: 1 = 18%, t° = 0.0114, p = 24
Cluster=2
Petrozzi 2019 54 54 | 011 [049,027] 42%
Buhrman 2013a 36 36 — 0.04 [-043;050] 35%
Kristjansdottir 2013 69 66 —— 0.16 [-0.18;050] 46%
Johnston 2010 6 8 & 056 [-0.53;164 11%
Lorig 2002 190 231 —- 1.00 [0.80;120] 60%
Random-effects model 355 395 e 0.32 [-0.27; 0.92] 19.5%
Heterogeneity: I° = 90%, > = 0.2073, p < .01
Random-effects model 2120 1694 . : : i : : . 0.24 [0.12; 0.35] 100.0%
Heterogeneity: I” = 71%, t* = 0.0533, p < .01 s P 28 o 05 1 s

Test for subgroup differences: ;{T =0.28,df =1 (p = .60)

Favors control Favors experiments]

Sdlf-management usual care (SMD 0.14, 95% Cl 0.05-0.24; Figure 8) with

moderate quality of evidence. There was little evidence that
Of the 56 studies, 21 (38%) reported treatment effects on different types of interventions affected treatment effectiveness
self-management behavior (2857/9359, 30.5% participants).  (patient-provider: SMD  0.19, 95% Cl  0.07-0.30;

Evidence suggeststhat digital heathinterventionshaveasmall  patient-provider-organization: SMD 0.14, 95% CI -0.13t0 0.26;
positive effect on self-management behaviors compared with P value for subgroup difference=.19).
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Figure 8. Effect of digital health on self-management. SMD: standardized mean difference.

Study ID Experimental Control SMD SMD 95% Cl Weight
Cluster =1

Krein 2013 111 118 — -0.06 [-0.32;0.20] 75%

Shigaki 2013 44 49 — 000 [[040;041] 41%

Carpenter 2012 70 71 — 001 [[032;034] 55%

Buhrman 2004 22 29 ; 003 [[052;059] 25%

Berman 2009 41 37 — 0.06 [-0.38,051] 3.6%

Buhrman 2013b 38 38 — 009 [[036;054] 35%

Buhrman 2011 26 28 i 015 [[0.39;068] 26%

Brattberg 2008 30 36 i 015 [[0.33;064] 31%

Bennell 2018 73 71 —— 016 [-0.17;048] 56%

Blixen 2004 16 16 — 028 [-042;098] 17%

Peters 2017 114 50 T 029 [-0.05,062] 55%

Chiauzzi 2010 95 104 ——— 031 [0.03;059] 69%

Irvine 2015 199 199 —— 042 [022;062] 98%

Dear 2013 31 31 = 069 [017;120] 28%

Random-effects model 910 877 = 0.19 [0.07; 0.30] 64.6%
Heterogeneity: I° = 20%, ©° = 0.0134, p = 24 5

Cluster=2

Naylor 2008 25 25 & -045 [[1.01;011] 24%

Leveille 2009 121 120 —— -0.10 [-0.35;0.15] 7.7%

Petrozzi 2019 54 54 — 0.02 [-0.36,040] 46%

Buhrman 2013a 36 36 :Flr— 004 [-042;050] 34%

Bennell 2017 74 74 — 018 [[0.14;051] 57%

Lorig 2002 190 231 —— 020 [0.01;039] 10.1%
lles 2011 15 15 : = 045 [028;117] 15%

Random-effects model 515 555 == 0.06 [-0.13; 0.26] 35.4%
Heterogeneity: I~ = 29%, t~ = 0.0101, p = .21 :

Random-effects model 1425 1432 < 0.14 [0.05; 0.24] 100.0%
Heterogeneity: I* = 26%, 1> = 0.0133, p = .13 p s . s '

Test for subgroup differences: ;{T =175 df=1(p=.19)

Qualitative Synthesis

The qualitative analysis showed that digital health interventions
have little or no effect on global improvement compared with
standard care management (4/56, 7% studies, 795/9359, 8.49%
participants; SMD 0.25, 95% CI -0.44 to 1.93). There was

evidence of heterogeneity between studies (12=87%), with alow
quality of evidence. In addition, data on the range of motion
were provided from 4% (2/56) of investigationsinvolving 2.24%
(210/9359) of participants, however, the treatment effectswere
highly ambiguous (Table S6in Multimedia Appendix 1[16-71]).
Furthermore, 4% (2/56) of studies reported no effect of digital
health on muscle strength (Table S6 in Multimedia Appendix
1 [16-71]). Of the 56 studies, the effects of digital health
interventions on knowledge were reported in 2 (4%) studies
(77419359, 8.27% participants), and 1 (2%) study reported a
significant effect (Table S6 in Multimedia Appendix 1 [16-71]).
One of the studies reported an effect on satisfaction scores
among participants, and another reported recovery expectation
rates during the intervention (Table S6 in Multimedia A ppendix
1[16-71]). A cost analysis of digital health interventions for
individual swith muscul oskeletal pain conditionswas presented
in 4% (2/56) of studies (349/9359, 3.73% participants). In both
investigations, digital health interventions were cost-effective
and efficient (Table S6 in Multimedia Appendix 1 [16-71]).

Publication Bias, Subgroup, and Sensitivity Analyses

Therewaslittle evidence of funnel plot asymmetry intreatment
effects for pain, disability and function, quality of life, and

https://www.jmir.org/2022/9/e37869
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emotional functioning (Figures S1-S5 in Multimedia Appendix
1 [16-71]). In addition, there was little evidence that digital
health interventions had different effects on pain, disability and
function, quality of life, emotiona functioning, and
self-management based on the duration of intervention (pain
P=.66; disability and function P=.94; quality of life P=.45;
emotional functioning P=.42; and self-management P=.66) or
study setting (pain P=.80; disability and function P=.05; quality
of life P=.63; emotiona functioning P=.06; and
self-management P=.06). The sensitivity analysis showed that
restricting analyses to studies with lower risks of bias (pain
P=.15; disability and function P=.58; quality of life P=.26; and
self-management P=.39), follow-up <12 months (pain P=.22;
disability and function P=.66; quality of life P=.31; emotional
functioning P=.85; and self-management P=.48), or a small
sample size (pain P=.88; disability and function P=.74; quality
of life P=.62; emotiona functioning, P=.19; and
self-management P=.85) provided no different treatment effects
for pain, disability and function, quality of life, and
self-management (Table S7in MultimediaAppendix 1[16-71]).
However, the risk of bias resulted in different results for
emotional functioning (P=.01).

Discussion

Principal Findings
To the best of our knowledge, this meta-analytic review is the

first to systematically assess the effectiveness of digital health
interventions among people with musculoskeletal pain
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conditions. Pain, functioning, quality of life, emotional
functioning, and self-management were all found to have small
positive effects on a diverse set of digital health interventions.
There was evidence that multicomponent interventionstargeted
at the client, provider, and organization levelshad greater effects
on pain than interventions targeted only at the client and
provider levels. There was little evidence that different types
of digital health interventions had different effects on other
outcomes. The lack of high-quality evidence on global
improvement, range of motion, muscle strength, and knowledge
reinforces the need for further research on digital health for
muscul oskeletal pain conditions.

Comparison With Existing Evidence

Previous reviews have al so reported evidence on the effects of
digital health interventionsfor reducing pain in muscul oskeletal
conditions[4,5,87-89]. However, most of these studiesfocused
solely on chronic pain [87,88] or generic musculoskeletal
conditions [5,7]. Further research is needed to corroborate our
findings linking compound digital health treatments at the
patient, provider, and organizational levels to reduced pain
symptoms.

Our findings highlighting that digita health interventions
improve function are consistent with earlier reviews of studies
involving patientswith generic muscul oskeletal conditions|[5,7].
Reviews focusing on chronic and nonspecific low back pain
populations have reported limited evidence on the effects of
digital health interventions on improving function [4,88]. The
complexity of (chronic) pain management and the small number
of RCTs included in earlier evaluations could explain the
disparity in results.

Thisreview indicatesthat digital health interventions havelittle
effect on hedth-related quality of life. Previous systematic
reviews have been inconsistent in this regard. For instance, 2
reviews suggested nonsignificant quality of life effects on
muscul oskeletal and chronic pain conditions [7,87], whereas 1
review reported a significant improvement in quality of life
among people with nonspecific low back pain [4]. The
variability of results may be explained by the differences in
target populations, quality of the study design, and number of
RCTsincluded in previous studies.

Similarly, this study has shown favorable outcomes for the
emotional functioning of digital health interventionsfor people
with musculoskeletal pain [87,88]. However, the sensitivity
analysis provides evidence of the risk of bias confounding the
effects, which requires further investigation. In line with other
studies, this review found that digital health interventions may
increase self-management behavior [88].

In all the reviewed studies, there was only aminimal reference
to the cost-effectiveness of digital health interventions for
musculoskeletal pain conditions. We could only include 2
studies reporting a significant cost reduction of digital health
interventions compared with usual care [16,17]. Future trials
should further explore whether digital health interventions can
improve health outcomes related to musculoskeletal pain at
lower costs than usual care. Data reporting for global
improvement, range of motion, muscle strength, knowledge,
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and the delivery process of digital health were notably
underreported, as has been observed in other reviews
[4,5,87-89].

Strengthsand Limitations

Thisisthe first review to synthesize the types of digital health
interventions reported in the literature and quantify their
effectiveness and confidence in treatment effects across abroad
range of outcome measures. The strength of thisreview is that
it was theoretically grounded in the WHO taxonomy [11] and
the RMIC[13] to classify ambiguousdigital health interventions
reported in the literature. However, some limitations of this
study must be acknowledged. First, it must be noted that
confounding factors carry an inherent risk of bias, as evidenced
by the large statistical heterogeneity across the pooled results
for pain, function, quality of life, and self-management. In
addition, the effects found in this study could have been
influenced by differencesin measurement scales and not by real
differencesin variability among study populations[90,91]. This
should be further investigated in future studies. Moreover, the
content of digital health interventions, diagnostic groups, and
control conditions varied considerably, potentialy biasing the
results. Therefore, generalizing the overal findings to the
management of musculoskeletal pain conditions should be
treated with caution. Second, although we used a broad search
technique, this eval uation could have been hindered by language
bias, as we only included English-language literature. This
means that our search may not reflect all availabledigital health
interventions for musculoskeletal pain conditions. Third, we
did not find any evidence of publication bias. It should be noted
that the Egger test could potentially be misleading when used
with continuous outcome measures [92]. Finally, although we
abstracted and summarized the essential components of the
interventions, there was minimal information on the type and
intensity of digital health interventions offered.

Relevancefor Clinical Practice and Research

A major finding was that digital health interventions targeted
at theclinical, provider, and organizational levelswere effective
in reducing pain for muscul oskeletal conditions. To date, most
studies have focused on isolated digital interventions targeted
at the patient-provider level, such as telemedicine or targeted
client communication. Future research should focus on
improving the longitudinal design and on different types of
interventions, drawing on the recent WHO taxonomy and the
RMIC. Our findings should encourage interest in implementing
real-world evaluation designs of digital health models to
improve health care delivery as digital health interventions
become more prevalent. Moreover, none of the studiesincluded
in this review covered the full breadth of the triple aim of
assessing health, quality of care, and cost outcomes in
conjunction. Thisemphasizestheimportance of creating acore
triple-aim result set for digital health interventions, which
includes adefined set of outcomesthat measure user experience,
intervention quality, and costs.

Conclusions

This review provides moderate-quality evidence that digital
health interventions are effectivein reducing pain and improving
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functioning and self-management of musculoskeletal pain  implementation fidelity are limited, these findings point to the
conditions. Low-quality evidence indicates that digital health need for more primary research into the particular combination
can improve the quality of life and global treatment. Although of digital interventions that health care providers could use
evaluations of the effects of digital health on costs, knowledge, effectively.

global improvement, range of motion, muscle strength, and
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Abstract

Background: United States data protection laws vary depending on the data type and its context. Data projects involving social
determinants of health often concern different data protection laws, making them difficult to navigate.

Objective: We systematically aggregated and assessed useful online resources to help navigate the data-sharing landscape.

Methods: We included publicly available resources that discussed legal data-sharing issues with some health relevance and
published between 2010 and 2019. We conducted an iterative search with acommon string pattern using ageneral-purpose search
engine that targeted 24 different sectors identified by Data Across Sectors for Health. We scored each online resource for its
depth of legal and data-sharing discussions and value for addressing legal barriers.

Results: Out of 3710 total search hits, 2721 unique URL s were reviewed for scope, 322 received full-text review, and 154 were
selected for final coding. Legal agreements, consent, and agency guidance werethe most widely covered legal topics, with HIPAA
(The Health Insurance Portability and Accountability Act), Family Educational Rights and Privacy Act (FERPA), Title 42 of the
Code of Federal Regulations Part 2 being the top 3 federal laws discussed. Clinical health care was the most prominent sector
with amention in 73 resources.

Conclusions: Thisisthefirst systematic study of publicly available resources on legal data-sharing issues. We found existing
gaps where resources covering certain laws or applications may be needed. The volume of resources we found is an indicator
that real and perceived legal issues are a substantial barrier to effortsin leveraging data from different sectors to promote health.

(J Med Internet Res 2022;24(9):€39333) doi:10.2196/39333

KEYWORDS
privacy; confidentiality; public health informatics; data sharing

[1-3]. Consequently, federal data protection laws vary
considerably, and these differences are magnified by differences
between state and local governments within the United States.
The variation in data protection laws is particularly vexing for

Introduction

Increasingly, data are leveraged to promote health outcomes,
and practitioners are increasingly using data from different

sectorsto address social determinants of health. Unfortunately,
the United States does not have acomprehensive data protection
law; instead, there is a patchwork of laws that vary depending
on the data type, who has it, and what they want to do with it

https://www.jmir.org/2022/9/€39333

effortsin promoting data sharing to promote population health
[4]. For example, the absence of a public health exception in
the Title 45 of the Code of Federal Regulations (CFR) Part 2
protectionsfor substance abuse treastment data has posed amajor
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challengeto leveraging datato combat the opioid epidemic [5].
Commonly, practitioners are confronted with legal barriers to
data use; some are real barriers (eg, legal language prohibiting
datause), but many are perceived legal barriers (eg, perceptions
that laws restrict data use) [2,6]. For example, the HIPAA
(Health Insurance Portability and Accountability Act) rule has
arobust public health data use exception [7], but it has been
frequently cited asa (perceived) barrier to sharing datafor public
health purposes (eg, the 2013 fungal meningitis outbreak) [6].
Practitioners pursuing multisectoral data projects are forced to
navigatethereal and perceived legal barriersfrom the patchwork
of US data protection laws[1,2,8].

Public health practitioners are specially affected because a
combination of data on different aspects of a person’slife and
health may prove necessary to make the best-informed decisions.
For example, education is a potent social determinant of health
[9]. Consequently, there is substantial interest in determining
whether laws (eg, the Family Educational Rights and Privacy
Act [FERPA] and HIPAA) permit linking education attainment
datawith health outcomes datato further understand this social
determinant of health [10-12]. Importantly, while leveraging
data for public health has support among the US public, many
data silos are often reinforced by lega restrictions. This
sometimes leads to suboptimal cross-sector collaboration,
ultimately resulting in less-than-ideal population health efforts.
Nevertheless, navigating these different legal data protection
frameworks is essential to achieving the goal of implementing
precision public health because data on social determinants of
health (eg, education, crime, and housing) will implicate several
different data protection laws[8].

For example, previous studies have indicated the value of data
linkage in identifying the associ ation between health and health
determining factors, such asincome and crime[13,14]. Among
recent initiatives, the effortsto link National Center for Health
Statistics (NCHS) data and US Department of Housing and
Urban Development (HUD) administrative recordsisan example
of collaboration between 2 federal agenciesthat enabled linkage
of housing and health data where the agencies used a
memorandum of understanding to comply with relevant
regulations [15]. Detailed guidance on addressing the legal
challenges involved in these types of data sharing and linking
efforts can provide useful reference points for practitioners at
the state and local levels.

Publicly available online resources can help practitioners
navigate these issues and inform conversations with legal
counsel. Publicly available resources can help practitioners to
understand whether laws exist that might protect certain data
(eg, education, substance abuse treatment, juvenile justice, and
government nutrition program data) [16]. However, without
more detailed discussion, general descriptions of laws could
beget perceived data-sharing barriers that could discourage
pursuit of a proposed data-sharing project. However, laws that
protect data often permit datato be used for secondary purposes
[8,17]. Consequently, the most valuable and helpful publicly
availableresourceson legal data-sharing issues contain detailed
discussion of data protection laws, including both restrictions
and permissions [18]. Detailed publicly available resources are
becoming increasingly important as health informatics projects

https://www.jmir.org/2022/9/€39333
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begin to span data sources in the effort to understand the social
determinants of health.

Inthefield, publicly available resources are often thefirst resort
(ie, Google searches). The presence or absence of quality
resources describing legal mechanisms for data sharing can
impact decisionsto pursue data-sharing projectsfor public health
purposes. ldeally, a resource goes beyond identifying legal
issues and actually applies the law to specific use cases [18].
This type of use-case analysis can help public health
professionals understand what is legally possible and help
professionalsidentify relevant legal issuesto discusswith their
legal counsel. Although following professional legal adviceis
imperativefor any data-sharing project, the existence of publicly
availablelegal resources can be highly influential in the earliest
planning stages and can sway |eadership decisions on whether
to pursue official legal counsel or abandon a project idea at
inception.

However, finding quality resources discussing legal data-sharing
issues can be challenging. For example, many documents
discussing data sharing may make a passing reference to
challenges posed by privacy laws and may even name a law
(eg, HIPAA) [19-21]. However, quality (and helpful) legal
analysis usually requires applying laws to facts using case
studies or examples to show how the law operates in given
situations[22,23]. Documents that only superficially reference
privacy or legal data-sharing barriers are not helpful to
practitioners and may even bury quality resources in search
results.

There have been efforts by different organizations to facilitate
data sharing across sectors, and many approaches have been
documented. For example, in 2017, Data Across Sectors for
Health (DASH) and the Network for Public Health Law
developed the Legal Bibliography and morerecently the DASH
Knowledge Base, an online database of publicly available
data-sharing resources to help public health practitioners
navigate these complex legal issues [24]. This review is an
extension of thiswork. However, these resources have not been
systematically studied. Understanding this landscapeis critical
to understanding practitioners current focus areas, specific
challenges and needs, and what gaps exist in the existing
literature.

This review focuses entirely on public resources (eg, white
papers, reports, toolkits, and open-access academic articles) that
arefreely availableto laypersonsand practitioners. Prior reviews
have explored data-sharing issues, but these are mostly
academically focused (ie, sharing research data between
academics) [25]. Reviews of resources concerned with
combating legal barriers of data sharing in nonresearch settings
are nonexistent in academic literature.

In this review, we have aggregated and screened through those
publicly available resourcesthat may help public health officials
and practitioners navigate the data-sharing landscape. In
recognition that health is affected by a tremendous number of
factors (eg, social determinants of health) and assuming that
future public health informatics application (eg, precision public
health) can leverage these data for public health purposes, we
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were inclusive to the broadest extent in identifying resources
that cover sectors affecting an individual’s health.

Methods

Scope

We collected publicly available internet resources discussing
data-sharing legal issues relevant to health. We used a broad
interpretation of factors affecting health, considering any factor
directly or indirectly affecting the well-being of an individual
asapotential determinant of health. We only included resources
if they were free to access and publicly available (including
open-access academic articles). Academic articles were only
included if they met our inclusion criteria and were freely
accessible. We omitted results published prior to 2010 to ensure
that the resources were reasonably current; laws change, and at
least one major health-related data-sharing law, the Health
Information Technology for Economic and Clinical Health Act,
was enacted in 2009. We also excluded resourceswherethe law
or lega issue was not discussed with particularity; that is,
resources that merely referenced a law or legal issue without
some discussion were omitted. Some documents—Ilike news
articles, unannotated legidlative text, and organizational policy
statements—were excluded because they were not developed
as “resources.”

Collection

We used a general-purpose search engine (Google€) to identify
the resources because a consumer-focused search engine is
likely to be a common (if not default) search tool used by
practitionersto learn about data-sharing issues.

To ensure a comprehensive search scope, we developed a
complex search pattern yielding 75 individual searches, rather
than using asingle search term. Each search included acommon
string pattern: (common search stem) + (sector) + (data
protection term). The common search stem applicable to each
search was as follows: (“data sharing” OR “data use” OR
“information sharing” OR “information use”) + (“law” OR
“regulation” OR “legal” OR “statute”). We identified search
terms to target a total of 24 different sectors (sectors were
identified in collaboration with the Data Across Sectors for
Health and the Network for Public Health Law) [26], and an
additional set of searches was executed without a specified
sector (24 sectors and 1 overall). The common search stem and
the sector search terms were executed a total of 3 times, each
with a different data protection term: “privacy,’
“confidentiality,” or “consent” (in that order). This search
pattern yielded atotal of 75 individual searches (ie, 25x3=75),
and the first 50 hits for each search were saved. We justified
capping our individual search results at 50 on the basis that
individuals do not often view more than 5 pages of Google
search results. The initial search was completed in September
2019.

Coding

Two researchers (CS and MK) coded each resource
independently. Oneresearcher (CS) had alegal background and
expertise in legal data-sharing issues, and the other researcher
(MK) had a health services research background with expertise
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in data analysis. We used coding meetings to resolve
discrepancies.

We scored each online resource on ascale of 1to 4 (lowest 1,
highest 4) in terms of their depth of legal issues discussed, depth
of data-sharing discussion, and value for addressing legal
barriers. We calculated interrater reliability scores for these 3
measures using Gwet's AC2 for ordinal data[27]. We used the
objective benchmarking standards proposed by Altman [27] to
interpret the AC2 coefficients (where a score of <0.20
represented “Poor”, 0.21 to 0.40 represented “Fair”, 0.41 to
0.60 represented “Moderate”, 0.61 to 0.80 represented “ Good”,
and 0.81 to 1.00 represented a “Very Good” strength of
agreement) [27]. The calculated Gwet’s AC2 scores for depth
of legal discussion and overall value of resource were 0.59,
indicating that agreement on these 2 measures approached the
“Good” strength of agreement benchmark. The AC2 score for
depth of data-sharing discussion was lower at 0.40, indicating
that agreement on this measure approached the “Moderate”
strength of agreement benchmark. The following section
contains brief descriptions of our coding criteria for these 3
items. However, Multimedia Appendix 1 describes the coding
criteriain greater detail.

Codes for the depth of legal discussion were primarily
determined by the presence and extent of 2 factors: (1)
discussion or description of the law or legal issues and (2)
application of the law or legal issue on a specific set of facts
(eg, a latradition legal analysis). For example, a resource that
contained both adetailed description of the law and applied the
law to a specific use case would earn the highest score of 4 for
legal depth. However, if aresource either described the law in
detail or provided an extended discussion of how the law was
applied in specific use cases, but did not do both, the score the
resource received was lowered to 3 instead of 4. In contrast, a
resource that identified the law or legal issue related to specific
use cases and provided only basic information about the law
earned a score of 2, whereas a resource that contained only a
superficial description of thelaw or legal issue earned the lowest
scoreof 1. In addition to these criteria, we had another criterion
for template lega agreements. Template agreements with
extensive annotations (ie, explaining the purpose or function of
contractua terms) were coded with the highest legal depth (score
of 4), and template agreements with moderate or without
annotations were scored lower (score of 3 or 2, respectively).
Importantly, the coding of the depth of legal discussion did not
consider the quality or legal accuracy of the discussion nor
whether the discussion appears consistent with the referenced
statutes, regulations, or related judicial interpretations.

The coding on the depth of data-sharing discussion evaluated
the extent the resource covers strategies to initiate or maintain
at least 1 type of data-sharing activity. Codes for the depth of
data-sharing discussion were primarily determined by the
presence and extent of 2 factors: (1) discussion or description
of a data-sharing issue and (2) discussion or description of a
data-sharing strategy or process. Two additional factors
separated the highest-scoring resources on data sharing: (1) use
cases explaining data-sharing issues and strategies in specific
contexts and (2) links to recommended additional data-sharing
resources.
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Finally, we assessed the value of each resource for addressing
legal barriersto nonexpert users. The codeson the overall value
of the resource for addressing legal barriers were based on the
presence of several factors. Some factors weighed in favor of
higher scores, including if the resource was highly scored for
legal or data-sharing discussion, user-friendly, or from an
official governmental source. Other factors weighed against a
higher score, including if the resource contained only limited
context (eg, PowerPoint slides) or if therelevant discussion was
only tangential to the focus of the resource (eg, aresource that
includes an overview of legal or data-sharing issues as an
appendix to the main document).

Results

Overview

Our sector-specific searches provided a total of 3710 hits, out
of which 989 were duplicates. After removing the duplicates,

Karim et al

the remaining 2721 unique URLSs were subjected to scoping
screening. Thefull text of 322 in-scope resourceswere reviewed,
out of which 154 were selected for final coding (Figure 1). Table
S1 in Multimedia Appendix 2 includes a list of all included
resources, their sectors covered, and their scoresfor legal depth,
data-sharing depth, and value.

Common resources excluded were company privacy statements,
commentaries or analysis [28], dlideshow documents with
superficial information [29], and sourcesthat have no discussion
of US law [30,31]. Among the resources selected for coding,
an upward trend in number between the years 2010 and 2018
was observed (Figure 2).

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) chart showing the scoping process for collected records

and publicly available resources. doc: document; Wiki: Wikipedia.
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Figure 2. Number of publicly available resources identified per year and significant legal developments in privacy. Note that the 2019 data represent
apartial year (January to September) with average monthly resources dropping from 2.75 in 2018 to 1.67 in 2019. Four resourcesidentified in our 2019
search were subsequently updated in 2020 prior to coding completion. HITECH: Health Information Technology for Economic and Clinical Health
Act. HIPAA: The Health Insurance Portability and Accountability Act.
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Legal agreements for data sharing (n=63) were the most  SD 0.75), data-sharing depth (mean score 3.12, SD 1.11), and
commonly available resource, followed by consent (n=57) and  resource value (mean score 3.31, SD 0.79).
agency guidance (n=57; Table 1). Among those legal topics
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Table 1. Legal subject or topic covered by publicly available resources, mean depth of legal discussion and data-sharing discussion, and mean resource

value (N= 154).
Legal resource Resources Legal depth score, mean  Data-sharing depth score, Resource value score,
presentin, n (Sb) mean (SD) mean (SD)
Legal agreements for data sharing 63 2.90(0.91) 2.57 (1.10) 2.94 (0.86)
Consent (obtaining consent, waiving require- 57 3.12(0.85) 2.68(1.07) 3.05(0.89)
ments, models)
Agency resource or guidance 57 3.00 (0.85) 2.12(1.13) 2.81(0.93)
Interagency data sharing 50 3.14 (0.90) 2.86 (1.09) 3.00 (0.97)
General legal overview (ie, no specific appli- 41 2.88(0.93) 1.98 (1.06) 2.51(0.98)
cation indicated)
Resource links 34 3.09 (0.83) 279 (1.12) 3.06 (0.81)
Case studies applying law 26 3.38 (0.75) 3.12(1.11) 3.31(0.79)
Provider sharing 22 3.00 (0.87) 2.82 (1.01) 2,91 (1.02)
Health authority use 22 3.18(0.85) 2.82(0.96) 3.09 (1.06)
Health information exchange 19 3.00 (0.94) 2.63 (1.07) 2.84(1.02)
Frequently asked questions about law 14 3.21(0.70) 2.71(1.27) 2.93 (1.00)
Other legal resource 13 2.92 (1.04) 2.69 (1.18) 2.85(1.34)
Data system governance 8 2.75(0.71) 3.50 (0.53) 3.00 (0.93)
Data sharing for program evaluation 7 3.57 (0.53) 3.57 (0.79) 3.71(0.49)
Court orders/subpoenas 4 3.25 (0.50) 3.25 (0.96) 3.50 (0.58)
Working with legal counsel 4 2.25(0.96) 3.25(0.96) 3.00(0.82)
Medical-legal partnerships 2 3.50 (0.71) 3.50 (0.72) 3.50 (0.72)
Model legislation 2 2.00 (0.00) 1.50 (0.71) 1.50 (0.71)
Statistical methodsfor protecting privacy and 1 2 (N/A® 4 (N/A) 3(N/A)

confidentiality

8N/A: not applicable.
Multimedia Appendix 2 for laws discussed in fewer than 4

L aws Discussed in Resources

Thereviewed resources covered atotal of 96 lawsor legal issues
to different degrees, but the plurality of them focused on only
a handful of laws. Out of the 97 laws discussed in total, only
16 were discussed in at least 4 resources (Table 2). HIPAA
(n=74), FERPA (n=41), and 42 CFR Part 2 (n=35) werethetop
3 federal laws discussed in the resources [32,33]. See Table S2

https://www.jmir.org/2022/9/€39333

RenderX

resources. Among the laws discussed in at least 10 resources,
the Privacy Act of 1974 scored the highest mean scoresinterms
of legal depth (mean score 3.45, SD 0.69), and FERPA scored
the highest on data-sharing depth (mean score 2.95, SD 1.09)
and resource value (mean score 3.22, SD 0.88). Among the 154
full-text resources coded, 68.8% (n=106) discussed more than
1 law (Supplemental Figure S1, Multimedia Appendix 2).
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Table2. Lawsdiscussed in publicly available resources, mean depth of legal discussion and data-sharing discussion, and mean resource value (N=154).

Law Resources Legal depth score, mean  Data-sharing depth score, Resource value score,
presentin,n  (SD) mean (SD) mean (SD)

Health I nsurance Portability and Accountability 74 3.01(0.88) 2.65(1.13) 2.93(0.94)

Act

Other state or local law(s) 43 2.91(0.92) 2.37 (1.09) 2.79 (0.94)

Family Educational Rights and Privacy Act 41 3.24 (0.83) 2.95 (1.09) 3.22 (0.88)

42 CFR2 Part 2 35 3.26 (0.82) 291 (1.07) 3.09 (0.95)

General legal concepts 22 2.27 (1.03) 2.18(1.10) 2.45 (1.06)

The Privacy Act of 1974 1 3.45 (0.69) 2.64 (1.43) 3.18 (0.98)

Health Information Technology for Economic 10 3.10(0.99) 2.80 (1.03) 2.80(0.92)

and Clinical Health Act

Freedom of Information Act (or similar state 9 3.44(0.53) 2.56 (1.33) 3.00(1.12)

laws)

Medicaid privacy requirements 8 2.62(0.92) 2.38(0.92) 2.75(1.04)

Federal Policy for the Protection of Human 8 2.38(0.92) 212 (1.13) 2.25(0.89)

Subjects (Common Rule)

Workforce Innovation and Opportunity Act 7 3.71 (0.49) 271 (1.11) 3.43(0.79)

Confidentiality protections governing unem- 5 3.40 (0.55) 2.80 (1.30) 3.40 (0.89)

ployment compensation wage records

The McKinney-Vento Homeless Assistance 5 2.60 (0.89) 2.80(1.10) 2.80(0.84)

Act of 1987

Individuals with Disabilities Education Im- 4 3.25(0.96) 3.25(0.96) 3.25(0.96)

provement Act

Confidential Information Protection and Statis- 4 3.50 (0.58) 3.25(0.96) 3.50 (0.58)

tical Efficiency Act of 2002

Food Stamp Act of 1964 4 2.75 (0.50) 2.50 (1.00) 2.75 (0.50)

8CFR: Code of Federal Regulations.

Data Use Cases Covered in Resources

The most frequently addressed use case was record matching
across systems with 113 resources discussing this (Table 3).
Statistical analysis was the second most discussed use case
(n=58). Thiswasfollowed by reporting function, ause casethat

https://www.jmir.org/2022/9/€39333

was discussed in 44 resources. Among the data use cases
referenced in at least 10 resources, calculating and reporting
metrics scored the highest for legal depth (mean score 3.40, SD
0.71) and resource value (mean score 3.36, SD 0.70), while
generating predictive scores scored the highest on data-sharing
depth (mean score 3.00, SD 1.20).
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Table 3. Data use case discussed in publicly available resource, mean depth of legal discussion and data-sharing discussion, and mean resource value

(N=154).

Use case Resources Legal depth score, mean  Data-sharing depth score, Resource value score,
presentin,n  (SD) mean (SD) mean (SD)

Using identifying information to match records 113 2.90(0.97) 262 (1.12) 2.85(0.99)

across systemsto creste amore encompassing

view of aperson or case

Statistical analysisto look for useful patterns 58 3.12(0.86) 2.79 (1.10) 3.09 (0.88)

and relationshipsin the data set

Reporting functionsthat allow usersto specify 44 3.11(0.84) 2.45(1.21) 3.05 (0.86)

and generate reports using items from a menu

Cadlculating and reporting of metrics, indica= 25 3.40 (0.71) 2.68 (1.31) 3.36 (0.70)

tors, and dashboards enabling group compari-

son and tracking of progress over time

Generating scores that predict/identify likeli- 22 3.14 (0.77) 3.00 (2.20) 3.23(0.87)

hood or risk of future events

Automating decision support and generating 21 3.14 (0.91) 2.38(1.28) 2.95(0.92)

recommendations or alerts

Not expressly discussed in resource 14 2.64 (0.93) 1.79(0.97) 2.50 (0.94)

Presentation and visualization of datasuchthat 10 2.70(0.82) 2.00 (1.25) 2.60 (0.97)

the viewer graspstherelevance of theinforma-

tion

Other use case 8 2.88(0.99) 1.88(1.36) 2.88(0.83)

Mapping/geographic information sys- 4 3.25(0.96) 2.75 (1.50) 3.50 (1.00)

tems—analysis of data by geographic location
and presentation as maps

Sectors Covered in Resources

A total of 20 sectors were covered as the primary focus of the
included resources, among which education (n=22), public
health (n=16), and academia (n=13) were most common. Among
these 3, education was the highest-scoring sector in terms of
legal depth (mean score 3.09, SD 0.92), data-sharing depth
(mean score 2.82, SD 1.22), and resource value (mean score
3.05, SD 0.95). The 4 sectors that were initially searched but
not considered as arepresentative sector for any of the resources
in the final data set were “elected or appointed official,” “faith
or faith based,” “parks and recreation,” and “philanthropy.”
Among the sectors, clinical health care was the most prominent
sector with amention in 73 websites or files (Table 4). Among
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the 154 resources, around 86.4% (n=133) discussed more than
1 sector (Figure S1, Multimedia Appendix 2).

A relatively small proportion of our 2721 unique search results
were scored as having the greatest depth of legal discussion
(n=48, 1.76% among unique search results) [32,33] and depth
of data-sharing discussion (n=36, 1.32% among unique search
result). Instead, most search results were either international
(eg, did not address US laws) [30], out-of-date, provided only
legidative updates [34], had a specific focus unrelated to health,
or only contained passing or superficial discussion of legal
data-sharing issues. Additionally, we found resourcesthat were
blog posts[35], PowerPoint dideswith very limited information,
privacy statements on commercial sites[36], policy memoranda
[37], or organization-specific policies[38], or that only defined
alaw without providing any further discussion [39].
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Table 4. Sectors addressed as the main or primary focus of aresource, number of resources addressing the sector as a secondary focus, mean depth of
legal discussion and data-sharing discussion, and mean resource value (N=154).

Sector Primary focus Secondary focus
Resources Legal depth score,  Data-sharing depth  Resource value Resources present
presentin,n  mean (SD) score, mean (SD) score, mean (SD) in,n

Education/schools 22 3.09 (0.92) 2.82(1.22) 3.05(0.95) 45

Public health (government) 16 2.94 (1.06) 2.62 (1.09) 2.88(1.15) 30

Academialresearch 13 2.38(1.04) 2.08 (1.04) 2.54 (1.05) 23

Clinical health care 11 2.91(0.94) 1.82(0.87) 2.64(0.92) 73

Socia and human services 11 3.27 (0.79) 2.64 (1.03) 3.09 (0.83) 27

Multiple sectors 11 2.91(0.94) 2.55 (1.04) 3.00 (1.00) N/AR

Organized government (tribal/lo- 10 2.90 (1.20) 2.70 (1.25) 3.00 (1.05) 33

cal/state/federal) not included in others

Mental/behavioral health care 10 3.00(0.94) 2.50 (1.18) 2.70 (1.06) 33

Information management infrastructure 9 2.78(1.20) 3.11(1.05) 2.78 (1.09) 22

Public safety/law enforcement 7 3.43 (0.53) 1.71(1.11) 2.43(1.13) 22

Housing and homelessness 6 2.33(0.52) 1.83(0.98) 2,50 (0.55) 11

Business 5 3.20 (0.45) 2.20 (1.30) 3.40 (0.55) 17

Health care payers 4 2.00 (0.82) 1.75 (0.96) 1.75 (0.96) 48

Criminal justice/correctional facilities 4 3.00(0.82) 2.75 (1.26) 3.00(0.82) 10

Justice system/courts 4 2.50 (0.58) 2.25(0.50) 2.50 (0.58) 17

Food and nutrition 3 3.33(0.58) 2.67 (1.53) 3.00 (1.00) 5

Banking/financial 3 2.00 (0.00) 2.33(L53) 2.00 (0.00) 7

Legal/law firms 1 4 (N/A) 4 (N/A) 4 (N/A) 3

Not expressly discussed in resource 1 2 (N/A) 4 (N/A) 3(N/A) 1

Other community-based, community ac- 1 4 (N/A) 3 (N/A) 3 (N/A) 2

tion group

Planning, economic, or community devel- 1 2 (N/A) 4 (N/A) 2 (N/A) 1

opment

Transportation/infrastructure 1 3 (N/A) 4 (N/A) 4 (N/A) 3

Other N/A N/A N/A N/A 11

8N/A: not applicable.

Discussion

Thisisthefirst systematic study of publicly availableresources
on legal data-sharing issues. Publicly available resources are
often the resources of first resort for practitioners, and the
presence or absence of resources may factor in decisions to
pursue a data-sharing project or engage with legal counsel.
Consequently, it isimportant to understand what resources exist
and what gaps are present. This paper helps map the existing
landscape and can inform future work. For example, a number
of quality resources exist for laws that govern health data, but
fewer resources exist that discuss legal data-sharing issues
pertaining to other social determinants of health, such ashousing
and homelessness.

It is possible that high numbers of resources addressing the
same law might be an indicator of legal complexity or perceived
legal barriers associated with that law. For example, HIPAA

https://www.jmir.org/2022/9/€39333

was one of the laws that was discussed in the most resources;
however, HIPAA has generous exceptions that permit using
data for public health and research purposes [6]. The fact that
so many resources address HIPAA as alegal issue facing data
sharing could be an indicator that the law is overly complex,
misunderstood, or conservatively applied by organizations.
Alternatively, the presence of a large number of publicly
available resources addressing a law could indicate the law’s
importance or significance to the activities of data custodians
or simply a greater demand for knowledge and awareness of
the law or legal issue.

Our findings suggest that good resources are difficult to find.
Practitioners trying to find pertinent resources will have to sift
through voluminous search resultsthat are not useful to identify,
understand, and address legal barriers to data sharing.
Consequently, the difficulty of finding quality resources likely
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amplifies the perception of legal data-sharing barriers among
practitioners.

To our surprise, the resources we identified cite nearly 100
different federal data-sharing laws or legal issues. The number
of laws and legal issues was far higher than we expected. It
suggests data-sharing challenges extend far beyond HIPAA,
FERPA, and 42 CFR Part 2. Moreover, we aso identified a
large number of resources addressing multiple data protection
laws or multiple sectors. These findings suggest that
practitioners are working to address cross-sectoral legal
data-sharing challenges. Given the patchwork legal data
protection framework that exists in the United States,
data-sharing projects designed to addressthe social determinants
of health will likely cross multiple sectors and implicate the
different data protection laws associated with those different
sectors. The data silos—reinforced by these different data
protection laws—have been cited as a barrier to the study of
social determinants of health [2,4]. Our findings suggest that
addressing these cross-sectoral challenges could be driving the
development of publicly available legal resources. These
challenges could be addressed with a comprehensive
data-sharing framework [2,8]. For example, the European
General Data Protection Regulation provides a straightforward
legal analysisfor cross-sectoral data sharing becauseit provides
acommon set of legal definitions, rules, and exceptions for all
data controllers and custodians; in contrast, the United States
has up to 6 different privacy laws that could apply to veterans
health information [8,40]. Although privacy scholars havelong
cited the need for a comprehensive privacy law in the United
States, Congress has struggled to appease the broad and diverse
stakeholders for anational privacy law [8,41].

Our findings also suggest that many publicly available
documents focus on legal agreements and consent documents
that enable data sharing. Developing legal agreements from
scratch can be incredibly expensive given the cost of legal
services. Good template agreements can reduce costs
tremendously and can be valuable starting points for lega
counsel. Given these considerations, it is understandable that
so many publicly available resources would address legal
data-sharing agreements and consent documents. However, the
template agreements we found varied in quality and utility. For
exampl e, some template agreements contained annotati ons that
explained the purpose or function of specific terms and
provisions [42,43], while some did not [44-46]. These
annotations are useful to ensuring that agreements are well
tailored to the needs of the data project. Without these
annotations, there is a risk of contracting parties relying on a
sample agreement that can inadvertently include
counterproductive terms as boilerplate language.

We also note that we identified an interesting trend in
publications over time. Our data show an increasein the number
of publicly available resources relating to legal data-sharing
issuesfrom 2010 (ie, the earliest date within our scope) to 2018
but then a sudden decrease in 2019. It is possible that the
increase in publications could be driven by the implementation
of new data-sharing legidation and related regulations—Ilike
the federal Health Information Technology for Economic and
Clinical Health Act (HITECH) Act (2009) and the 21st Century
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Cures Act (2016)—which created new data-sharing legal tools
and opportunities. Some of the observed decrease after 2018
could be because our September 2019 search did not include
October, November, and December 2019 publications; however,
this likely does not explain the drop in the publication rate
between 2018 and 2019 (from 2.75 publications per month to
1.67 publications per month). The decrease could be explained
by an increase in interest in the newly implemented General
Data Protection Regulation (GDPR) in the European Union,
which affected many privacy policies of domestic entities and
organizations dueto its broad scope. Any resources that solely
addressed GDPR legal issues would have been excluded from
thisresearch asaninternational law. If organizationsthat create
publicly available resources on privacy shifted focus—and their
finite resources—to the GDPR &fter its implementation, this
could explain the sudden drop in publicationsthat we observed.

Although publicly available resources can be very useful to
practitioners in overcoming data-sharing barriers, there are
several limitations associated with these resources. A Google
search of “privacy” yields several trillion results, but only the
top 400 or so are viewable under Googl€e's propriety platform.
Thisisone example of the limitationsinherent to systematically
searching for publicly available resourcesusing apropriety—and
nontransparent—system. We took efforts to ensure that we
sampled a broad range of this space, but these finding cannot
be considered comprehensive. Moreover, publicly available
resources are not necessarily permanent. Some highly rated
resources identified in our search were later found to be
unavailable in their original online locations [47], and quality
resources, previously known to the authors, were not identified
in this search [18]. A small number of our identified resources
were updated prior to our completion of coding (ie, in 2020).
Additionally, organizations may move or remove online
resources, and we found this to be a common issue during our
study. Thus, it can be difficult for practitioners to maintain an
existing list of online resources. This highlights the need to
develop a comprehensive and dynamic knowledge base that
will compile and maintain publicly available data-sharing
resources. For example, the resources identified in this study
are now incorporated into the DASH Knowledge Base, an
online, practitioner-focused database of data-sharing resources
that includes tools to search for relevant and useful resources
[24].

Additionally, our efforts to broadly sample this space (ie,
through 75 separate searches) might have introduced some bias.
For example, one of our search terms was “consent,” which
might have inflated the number of template data-sharing forms
that we found.

Finally, we note that this search does not include resources
published in 2020, 2021 or 2022, so our results do not include
the temporary emergency actions impelled by the COVID-19
response. Although thisisalimitation, we note that the pace of
federal legidlation in data protection is glacial [8]. To our
knowledge, no federal data protection act has been passed by
Congress since the 21st Century Cures Act in 2016 (although
the 2020 Coronavirus Aid, Relief, and Economic Security
[CARES] Act included funding for loosely defined data
modernization efforts).
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Thisisthefirst systematic study of publicly available resources
on legal data-sharing issues. Our findings describe the existing
landscape of publicly available resources addressing legal
data-sharing issues and can hel p identify future needs. We found
existing gaps—Ilike the Juvenile Justice and Delinquency
Prevention Act which was discussed in only 1 resource or
medical-legal partnerships, which was discussed in only 2
resources—where alack of existing resources covering certain
laws or applications allows existing data-sharing uncertainties
to persist. We also found existing areas of saturation where
certain laws and applications are covered extensively (eg,
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Abstract

Background: Digital innovations are yet to make real impacts in the care home sector despite the considerable potential of
digital health approachesto help with continued staff shortages and to improve quality of care. To understand the current landscape
of digital innovation in long-term care facilities such as nursing and care homes, it isimportant to find out which clinical decision
support tools are currently used in long-term care facilities, what their purpose is, how they were developed, and what types of
datathey use.

Objective: Theaim of thisreview wasto analyze studiesthat evaluated clinical decision support toolsin long-term carefacilities
based on the purpose and intended users of the tools, the evidence base used to devel op the tools, how the tools are used and their
effectiveness, and the types of data the tools use to contribute to the existing scientific evidence to inform aroadmap for digital
innovation, specifically for clinical decision support tools, in long-term care facilities.

Methods: A review of the literature published between January 1, 2010, and July 21, 2021, was conducted, using key search
termsin 3 scientific journal databases. PubMed, Cochrane Library, and the British Nursing Index. Only studies evaluating clinical
decision support tools in long-term care facilities were included in the review.

Results: Intotal, 17 papers wereincluded in the final review. The clinical decision support tools described in these papers were
evaluated for medication management, pressure ulcer prevention, dementia management, falls prevention, hospitalization,
malnutrition prevention, urinary tract infection, and COVID-19 infection. In general, the included studies show that decision
support tools can show improvementsin delivery of care and in health outcomes.

Conclusions:  Although the studies demonstrate the potential of positive impact of clinical decision support tools, there is
variability in results, in part because of the diversity of types of decision support tools, users, and contexts as well as limited
validation of the toolsin use and in part because of the lack of clarity in defining the whole intervention.

(J Med Internet Res 2022;24(9):€39681) doi:10.2196/39681

KEYWORDS
decision support; care home; nursing home; digital health

value of rapid clinical decision-making for improving health
and wellness outcomes, particularly for people in vulnerable
groups (eg, older adults in care home settings). Despite the
considerable potential of digital health approachesto help with
continued staff shortages and improve quality of care, digital
innovations are yet to make real impactsin the care home sector.

Introduction

Background

The COVID-19 pandemic has exerted unprecedented pressure
on our health and socia care infrastructures. It has shown the
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There are many barriers to implementation of clinical decision
support tools in this sector, including insufficient staff and
resources in care facilities, lack of carer time and knowledge
[1], and limited use of electronic health records[2].

A number of reviews have been published recently regarding
clinical decision support systems in long-term care facilities
[2-5]. A scoping review by Abtellatif et a [2] analyzed clinical
decision support systems used for pressure ulcer and
mal nutrition prevention, drug prescription support, and disease
management, and they found 10 systems: 3 (30%) used for
pressure ulcer and malnutrition prevention, 2 (20%) for
medication review, 3 (30%) for daily drug prescription support,
and 2 (20%) for disease management (real-time management
of heart failure and management of urinary tract infection).
Another systematic review by Marasinghe [5] investigated
computerized clinical decision support systems used for
improving medication safety. Two other systematic reviews
investigated clinical decision support systemsfor pressure ulcer
prevention and management [3,4], with the review by Araujo
et a [3] assessing the effects on nurses clinical
decision-making. In addition, they investigated the factors that
influence the use and successful implementation of decision
support systems in clinica practicee. A review by
Maki-Turja-Rostedt et al [4] explored the effectiveness of the
interventions.

However, these reviews either focused only on 1 purpose of the
decision support tool (eg, medication management or pressure
ulcer prevention) or on a certain aspect of the support tool (eg,
effectiveness only or implementation only). Hence, there is a
need to better understand current evidencefor the use of clinical
decision support toolsin long-term carefacilities such asnursing
and care homes. More specifically, a deeper understanding of
the purpose of such tools, how thesetool s have been devel oped,
and what types of data these tools use would be considerably
advantageous. Therefore, the aim of thisreview wasto anayze
studiesthat evaluated clinical decision support toolsin long-term
care facilities based on (1) the purpose and intended users of
the tools, (2) the evidence base used to develop the tools, (3)
how thetools are used and their effectiveness, and (4) the types
of data the tools use. It is anticipated that this review will
contribute to existing scientific evidence to inform a roadmap
for digital innovation, specifically for clinical decision support
tools, in long-term care facilities.

In this review, we define clinical decision support as described
by Greenes [6]: “Clinical decision support tools are aids for
making decisions using information and communication

https://www.jmir.org/2022/9/e39681
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technol ogiesthat bring rel evant knowledge regarding the health
and wellbeing of a patient.”

Objectives
The objective of this review was to seek answers to the
following research questions (RQs):

« RQL: What has been the purpose of clinical decision support
tools? Which professionals are the intended users?

« RQ2: What evidence base was used to develop the clinical
decision support tools?

« RQ3: How areclinical decision support tools used in adult
long-term care facilities? What isthe effectiveness of these
tools?

« RQ4: What types of datado clinical decision support tools
use?

To address the aforementioned questions, we undertook a
scoping review [7] by reviewing recent literature (from 2010
onward), using several key search terms across 3 electronic
databases.

Methods

Data Sources and Search Strategy

We conducted our search using a number of key search terms
((“Decision Support”[tiab]) OR (“Clinical
Decision-Making”[Medical Subject Headings term])) AND
((*Care Home'[tiab]) OR (“Nursing Home"[tiab])) AND
(2010:2021[pdat]) that were applied across 3 electronic
databases: PubMed, Cochrane Library, and the British Nursing
Index. Articles were included during the search if they were
published between January 1, 2010, and July 31, 2021. In
addition, references from included papers were screened for
potential additional articles.

Exclusion and Inclusion Criteria

As decision support tools are an emerging area of published
literature, we developed inclusion criteria (Table 1) across the
parameters of setting, study design, type of decision support,
user, and comparator. | nterms of study design, only studiesthat
tested or eval uated the decision support tool, as opposed to only
developing the tools, were included in the review. In addition,
we only included studiesin English.

The exact processwe used to exclude studiesisfurther explained
in the Results section and shown in the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses)
diagram (Figure 1).
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Table 1. Inclusion and exclusion criteria for papers based on setting, study design, and type of decision support.

Variable Inclusion criteria Exclusion criteria

Setting Adult long-term care facilities (eg, adult care homes and Nonadult long-term care facilities (eg, nonadult care homes,
adult nursing homes) hospitals, and short-term care facilities)

Study design The study is about testing of the decision support tool (eg,  The study is developing a decision support tool without

feasibility study, evaluation study, randomized controlled  testing the tool (ie, primary study)
trial, or implementation study)

Type of decision support The decision support tool isfor patients’ health conditions  The decision support tool isfor management purposes (staff

(both mental and physical health) planning, bed planning, etc)
User Health or social care professiona Patient or family member
Study language English Other than English

Figure 1. Flowchart of inclusion and exclusion of reviewed papers.

_g Records 1dentified from the
© following databases: Records removed before scrasning:
_ﬁ PubMled (n=97) > Duplicate records removed
Cechrane Library (n=39) (n=11)
= British Nursing Index (n=%)
¥
Records screened Records excluded based on title and
(1215 4;’ : ———» | abstract
B (=131}
¥
Reports sought for retrieval o | Reports not retrieved
B (n=23) T (=)
w ¥
< cead Fnr aligibilie Reports excluded (n=8):
i&f%r;: assessed for eligibility - Not a decision support tool
- (n=3)
Not a secondary study (n=1)
The vser of the decision support
tool was not a medical
professional (n=2)
¥
- Studies included in review
-g (=17}
g
=

. I . Microsoft Excel was used to manage extracted data. A
Screening and Description of Included Studies description of the process flow and decisions made was collated
We screened all articles identified from the search interms of  through the use of a PRISMA flow diagram [8]. Details
title and abstract for potential eligibility. Where identified  extracted from theincluded publicationsincluded the following:
publications potentially met the inclusion criteria, afull text of o . )

the article was obtained for further examination. Data were - Publication details: first ‘author of the study, year of
collated and coded using NVivo 12 (QSR International) and publlcatl_on, coun'_[rymwhlch the study was conducted, and
Mendeley reference management software (Mendeley Ltd). scale of intervention
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2. Decision support tool detals: first author and year of
developer publication, condition or purpose for which the
tool was developed and tested, intended users of the tool,
format of the tool (how it operates, eg, rea-time,
retrospective, or triaging system), whether it is reported to
be linked to the electronic health records, whether it is
reported to use a validated clinical decision support tool,
and what evidence base was reported to be used to develop
the tool

3. Study details: type of study (feasibility study, evaluation
study, randomized controlled trial, implementation study,
reflective or opinion piece, or case study), study setting,
study population, study outcome, and whether there was a
significant impact on the outcome from using the tool

These details of the studies have been presented in the data
extraction table in Multimedia Appendix 1.

Results

Overview

In total, 165 papers were identified for potential inclusion; as
shown in Figure 1, the search produced 97 (58.8%) papersfrom
PubMed, 59 (35.8%) from Cochrane Library, and 9 (5.4%) from
the British Nursing Index. Of these 165 papers, 11 (6.7%) were
duplicates and were removed. Of the remaining 154 papers,
based on title and abstract screening, 23 (14.9%) wereretrieved
for full-text review. Of these 23 papers, 6 (26%) were excluded
for the following reasons: not studying a decision support tool
(n=3, 50%), not being a study evaluating the tool (n=1, 17%),
and the user of the tool not being a health or socia care
professional but a nursing home resident or a family member
(n=2, 33%). Thus, of the 165 papers initialy identified for
potential inclusion, 17 (10.3%) wereincluded inthefina review
[9-25].

Setting and Study Population

All research was undertaken in high-income—country settings,
including the United States (5/17, 29%), the United Kingdom
(3/17, 18%), Canada (3/17, 18%), Sweden (2/17, 12%), Belgium
(1/17, 6%), France (1/17, 6%), Norway (1/17, 6%), and the
Netherlands (1/17, 6%).

The study population varied greatly from study to study. In
studies involving care or nursing homes residents, the largest
study population was 6161 residents[21], and the smallest study
population was 52 residents in the study by Walker et a [24].
In studiesinvolving health care professionals, the largest number
of participantswas 27 staff membersin the study by Coulongeat
et a [10], and the smallest number of participants was 14
registered nurses in the study by Johansson-Pajala et al [16].

RQ1: What HasBeen the Pur pose of Clinical Decision
Support Tools? Which Professionals Arethelntended
Users?

Therewere 8 different conditions or purposes supported through
the use of clinical decision support tools. They included
medication management (5/17, 29%) [12,13,15-17], pressure
ulcer prevention (4/17, 24%) [9,11,14,21], dementia
management (3/17, 18%) [18-20], falls prevention (3/17, 18%)
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[21,23,24], hospitalization (2/17, 12%) [21,22], malnutrition
prevention (1/17, 6%) [14], urinary tract infection (1/17, 6%)
[25], and COVID-19 infection (1/17, 6%) [10].

In total, 65% (11/17) of the studies defined the professional
user group using the decision support tool, whereas 35% (6/17)
did not indicate who the intended users of the tools were
[11,13,17,21,24,25]. Where stated (5/11, 45%), the most
commonly specified professionals were either care home staff
or nursing home staff [10,14,18,22,23]. Of these 5 studies, 4
(80%) specified that the clinical decision support tool that was
evaluated was used by nurses;, 50% (2/4) of these studies
provided further detail on the types of nursing staff, including
registered nurses, special needs educator, and nurse aides[14]
or directors, physicians, and nurses[10]. Of the 11 studiesthat
defined the professional user group using the decision support
tool, 1 (9%) specified that the users of the decision support tool
were pharmacists[12], and 1 (9%) stated that the tool was used
by health professionals[16].

RQ2: What Evidence Base Was Used to Develop the
Clinical Decision Support Tools?

Overall, 88% (15/17) of the studies provided further information
on how the support tools were developed. Among these 15
studies, 9 (60%) stated that the tools were developed using
clinical guidelines [13,15,17,20,25-29], 11 (73%) stated that
the decision support tools were developed through users
opinions[13,17,20,27-33] (eg, through the Del phi method [9,28]
or other ways of stakeholder involvement [17,20,27,29,33]), 2
(13%) stated that the support tools were developed using
systematic reviews of scientific evidence [34,35], and 2 (13%)
used data analysisto understand the factors associated with the
investigated outcome [30,32].

Of the 17 included studies, 11 (65%) eval uated the effectiveness
of the decision support interventions, but no clear consensus
could be arrived at on the association between the effectiveness
and involvement of stakeholders or use of clinical guidelines
in their development and effectiveness. Of these 11 studies, 2
(18%) evaluating tools that involved stakeholders in their
development achieved significantly positive results [9,21],
whereas 4 (36%) achieved mixed results [16,17,23,24], and 3
(27%) obtained nonsignificant results if the tools involved
stakeholders in the development [11,20,22]. When it came to
using clinical guidelinesfor devel oping decision support tools,
none of the 5 studies concerned reported significant results. 4
(80%) demonstrated mixed results [16,17,23,25], and 1 (20%)
obtained nonsignificant results [20].

RQ3: How Are Clinical Decision Support Tools Used
in Adult Long-term Care Facilities? What Isthe
Effectiveness of These Tools?

Medication Management

Of the 17 included studies, 5 (29%) focused on medication
management (12,13,15-17).

De Wit et al [12] evaluated a clinical decision support system
that was designed for medication management. The system
operates by extracting medication data of residentsand 2 weeks
worth of historical |aboratory datafrom electronic health records
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for all residents. Since 2008, a total of 39 clinical rules have
been created in the system. If alaboratory value is deemed to
be abnormal, in combination with the appropriate drug, the
system generates an alert. The system then helps with dosage
adjustments in accordance with various conditions, such as
decreased renal function or electrolyte dysfunction [12].

The study showed that only 3 clinical rules had an efficiency
of >10% (phenytoin with hypoalbuminemia, bisphosphonates
dosage regime, and ceftazidime with decreased renal function).
Most of the clinical rules demonstrated efficiencies of <10%,
and the efficiency of 2 rules was 0% (oral oncolytics and stop
dates and methotrexate dosage regime). The efficiency was
calculated by dividing the number of actionsfor both new alerts
and repeat alerts by the total number of new and repeat alerts
[12]. As this was a retrospective analysis of a database, there
was ho control group. This meansthat it is difficult to evaluate
whether the system had a significant effect on improved
medi cation management.

Dorfman et a [13] investigated the potentia benefits of a
clinical decision support system identifying drug-gene
interactions in nursing home residents who were being treated
with multiple medications. They tested the system on 987
residents at 4 nursing homes. The pharmacogenetic (PGx)
system uses residents medication data and electronic health
record information, together with genetic information stored in
the el ectronic health records, to produce information regarding
drug-drug interactions and other potentially dangerous drug
therapy problems. On the basis of the information in the health
record systems and algorithms built into the PGx system, the
PGx system offers guidance to nurses and pharmacists. The
study concluded that the intervention has the potential to be
useful for nurses when obtaining a profile of patients
medication regarding drug-drug interactions, therapeutic
duplications, and warnings for unsuitable drugs [13]. However,
thisis a qualitative study; therefore, no statistical significance
was explored.

Johansson et al [15] evaluated the L1Fe-reader, which isa PDA
with a mobile medical decision support system, that was
developed for safer medication management in nursing homes.
Thetool isused to scan the European Article Number codeson
drug packages, through which the LIFe-reader generates alerts
for inappropriate drugs and drug combinations: drug-drug
interactions, therapeutic duplications, and warnings for drugs
unsuitable for older adults. In addition to the aforementioned
features, the tool includes Microsoft Word, Microsoft Excel,
email, calendar, calculator, and phone. Through interviewing
22 registered nurses at various care homes, the eval uation study
found that the scanning function was easy and time saving, and
the LIFe-reader was useful and user friendly. However, the
users requested more content and functions on the device [15].

Johansson-Pgjala et al [16] studied the use of a web-based
computerized decision support system that was designed for
drug prescribing and medication reviews. The system islinked
to electronic medical records and evaluates the quality of drug
treatments based on national indicators and potential adverse
drug reactions based on the residents’ symptoms. The system
produceswarnings and explanations about inappropriate drugs,
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drug-drug interactions, drug use in decreased renal function,
and possible adverse drug reactions. The evaluated system
includes 2 widely used criteria: screening tool of older people’s
prescriptions, screening tool to alert to right treatment, and Beers
criteria.

Kane-Gill et al [17] evaluated aclinical decision support system
caled TheraDoc, a clinical surveillance system containing
predevel oped alerts and customizable a ertsto detect potentially
inappropriate prescribing, which is integrated into electronic
health records. More information can befound on the TheraDoc
website [36]. Alerts were created for high-risk medications,
laboratory monitoring alerts, and antibioti c-stewardship—rel ated
alerts, all developed with the purpose of preventing adverse
drug events. The alerts are delivered in real time [17].

The tool is reported to have been developed using medical
guidelines and users’ opinions; however, the study does not
state exactly who the intended users of the system are. The
evaluation was undertaken at 4 nursing homes, with 2127
nursing home residents as participants [17].

Of the aforementioned 5 studies focusing on medication
management, only 2 (40%) were comparative studies. The study
by Johansson-Pajalaet al [ 16] showed theintervention to report
significantly more adverse drug reactions and more drug-drug
interactions than registered nurses. There was no significant
difference between reports of inappropriate drugs and drug
duplications when comparing the intervention with the actions
of registered nurses. The study also investigated the nurses
views on drug management; however, the results were
nonconclusive. More specifically, the registered nurses did not
find that the decision support system significantly affected their
drug management methods; however, many saw potential
benefits of using the system [16].

The study by Kane-Gill et al [17] showed that the intervention
group had significantly lower incidence of alert-specific adverse
drug eventsthan usual care. Therewasno statistically significant
difference between the groups for all-cause hospitalizations and
30-day readmissions[17].

Pressure Ulcer Management and Nutrition

Overall, 24% (4/17) of the papers focused on pressure ulcer
management and nutrition [9,11,14,21].

Beeckman at a [9] evaluated an electronic clinical decision
support system called PrevPlan that generates aresident-tailored
protocol for pressure ulcer prevention. After data entry to the
system regarding the availability of preventive materials and
residents’ characteristics (manual entry), the protocol included
recommendations regarding skin observation, the use of support
surfaces, repositioning, and heel elevation. The evaluation,
which involved 464 nursing homeresidents and 118 health care
professionals, reported that the participants had more positive
than negative attitudes regarding the decision support tool, with
the difference being statistically significant. It was also found
that nurses with specific training regarding pressure ulcer
management and higher education levels had more positive
attitudes than nurses who were not experts in pressure ulcer
management or were in the early years of studying to become
nurses. The study found that the experimental group had
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significantly lower pressure ulcer incidence than the control
group [9]. Further information regarding the support system
can befound on the PrevPlan website[37]; however, thewebsite
was last updated in 2011 and is not available in English.

Fossum et a [14] investigated the Risk Assessment Pressure
Sore (RAPS) scale for pressure ulcer risk screening and the
Mini Nutritional Assessment (MNA) tool for screening
nutritional status.

Both Olsho et a [21] and Davidson et al [11] evaluated On-Time
Pressure Ulcer Prevention, which uses risk reports embedded
in electronic health records to identify recent changes in risks
for devel oping pressure ulcers. Although both studies evaluated
the same decision support system, it can be assumed that these
studies are not related. The system gathers information on
residents nutritional status, incontinence issues, and recent
pressure ulcer history. The documentation is then used to
produce 4 weekly corereports, identifying residents at high risk
for pressure ulcer formation, enabling monitoring of weekly
changesin risk. On-Time relies on staff communication across
disciplines and documentation by certified nursing assistants.
A certified nursing assistant is a person who helps patientswith
activities of daily living and other health care needs under the
direct supervision of a registered nurse. A change team
incorporates the reports from On-Time into clinical workflow
and identifieswhich changesin care are required to manage the
risk of developing pressure ulcers[11,21].

Olsho et a [21] carried out the evaluation, which used
interrupted time-series design, at 25 nursing homes with 6161
nursing home residents as participants. The study found that
the intervention components reduced pressure ulcer incidence
individually and in combination [21].

Davidson et al [11] evaluated the system at 47 nursing homes;
however, the study did not specify the number of participants.
For their evaluation method, Davidson et a [11] used
difference-in-differences design and investigated the scal ability
of the intervention. In spite of the large number of nursing
homes involved in the study, the authors did not find whether
the tool played a significant role in improving pressure ulcer
prevention [11].

Of the 4 studies that investigated clinical decision support
systems that aimed to help prevent pressure ulcer formation, 2
(50%) found that the incidence of pressure ulcers significantly
decreased in the intervention group [9,21]; however, the
remaining 2 (50%) studies found no statisticaly significant
differences in terms of pressure ulcer incidence [11,14]. Only
the study by Fossum et a [14] used avalidated tool (RAPS) for
pressure ulcer management. In their study, Fossum et al [14]
did not find significant differences in nutritional status of
residents between the intervention and control groups when
using the MNA.

Dementia Management

Intotal, 18% (3/17) of the studiesfocused on evaluating decision
support tools devel oped for dementia management. Keenan et
al [18] and Moniz-Cook et al [20] evaluated 2 different decision
support systems that aimed to help care home staff support
residentswith commonly occurring challenging behaviors. The
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system included assessment tools that collected relevant
information regarding the residents and then applied logic-based
algorithms that generated biopsychosocia action plansthat the
staff could implement [18,20].

The study by Keenan et a [18] was a qualitative study looking
at the contextual and organizational mechanisms of, as well as
barriers and facilitators for, the intervention. Four mechanisms
of implementation of theintervention wereidentified: (1) access
to, and use of, care homes; (2) resources in terms of IT for
e-learning activity; (3) demonstrating capacity to apply action
care planning in care practice; and (4) receptivity of care home
staff to e-learning and the individually tailored action care
planning that followed [18].

The study by Moniz-Cook et al [20] was a cluster randomized
trial undertaken at 63 care homes. In total, 658 nursing home
residents and 436 care home staff members took part in the
study. It was found that there was no statistically significant
difference in the number of incidents of challenging behavior
between the intervention and control groups. The intervention
did not significantly affect the experience of staff memberswith
regard to the prescription of psychotropic medication. The
quality of life of residents was not measured because of the
large amount of missing data [20].

Kovach et al [19] evaluated a decision support tool called the
Serial Trial Intervention, which aimed to help with assessment
and treatment of pain and other physical problems of residents
with advanced dementia who are unable to report symptoms
clearly or consistently. The tool is a 9-step assessment and
treatment process, previously evaluated as a 5-step tool. If an
assessment is negative, or if interventions fail to decrease
symptoms, the nurse moves to the next step. The study,
undertaken at 12 nursing homes with 125 nursing home
residents, compared the effectiveness of the 2 versions of the
protocol. It found that the residents being treated using the 9-step
intervention received more assessment-driven treatment and
evaluation-driven follow-up. It was aso found that these
residents had less static and dismissive care than those treated
using the 5-step intervention [19].

Falls Prevention

Of the 17 included studies, 2 (12%) focused on evaluations of
interventions that aimed to support the management or
prevention of falls. Tzeng et a [23] carried out a quality
improvement project to evaluate theimpact of the Fall Tailoring
Interventionsfor Patient Safety program on preventing fallsand
fal-related injuries among residents. This program was
developed to help staff modify falls prevention interventions
based on daily assessments, and it can be used as a personalized
falls prevention plan displayed on screens placed at residents’
bedsides. The program was developed to help nursing staff
identify evidence-based interventions for each area of risk. In
the paper, Tzeng et al [23] report that after implementing the
intervention the reduction in the average monthly fall rate was
clinicaly significant: the average monthly fall rate reduced from
10.07 falls to 7.95 falls. However, no statistical significance
was reported [23].
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Walker et a [24] evaluated the Guide to Action Care Home
fals prevention program, which consists of posters and
paper-based decision support tools in the form of a checklist
that helps to identify risk factors associated with falls and
suggests actions to reverse or modify these falls risk factors.
Walker et al [24] found that the fall rates were lower, and there
were nearly twice as many general practitioner visits at control
homes than at intervention homes over 6 months of follow-up.
That being said, no statistical significance was reported because
of the small number of falls[24].

Other Purposes: Hospitalization, Urinary Tract
I nfection, and COVID-19 I nfection

Pasay et al [25] evaluated a decision support tool based on the
principlesof building aculture of safe, effective, and sustainable
antimicrobial use for urinary tract infection. The intervention
consisted of 4 parts: education of physicians, nursing staff,
families, and caregivers; posterswith mythsand factsregarding
thediagnosis and treatment of urinary tract infection; apamphlet
for family and caregivers, and a clinica tool to help with
behavioral changes in residents (drugs, eyes and ears, low
oxygen states, infection, retention of urine or stool, ictal,
underhydration or undernutrition, metabolic, and subdural
[DELIRIUMS] toal). The evaluated decision support tool isa
checklist that guides staff to identify urinary tract infections
based on clinical symptoms, to collect aurine culture only when
indicated, and to review antimicrobia therapy if prescribed.
The checklist al'so acted as an interprofessional communication
tool [25].

Pasay et al [25] found that there was a statistically significant
reduction in urine testing in the intervention group compared
with the control group. Therewas also astatistically significant
reduction in the rates of antimicrobial prescribing in the
intervention group compared with the control group. Therewere
no differences in admissions to acute care or the emergency
department between the 2 groups [25].

Tena-Nelson et al [22] evaluated aprogram called Interventions
to Reduce Acute Care Transfers New York, which consisted of
six parts: (1) the Situation, Background, Assessment,
Recommendation (SBAR) tool, which was designed to help
with communication among medical professionals; (2) the Early
Warning Tool (Stop and Watch), which was designed to help
in recognizing significant change in residents early; (3) a
hospital transfer review tool to guide retrospective review of
hospitalizations; (4) a standardized patient transfer form and a
checklist; (5) care pathsto guide treatment optionsfor common
conditions; and (6) advance care planning tools to guide
decision-making and communication about end-of-life care.

SBAR isastructured communication format that enables health
information to be transferred between individuals and
ingtitutions. It ams to convey critica information
understandably, clearly, and succinctly [38].

Stop and Watch is a tool to help spot the signs warning that a
person’'s condition is deteriorating. The poster helps staff to
recoghize signs and take steps to reduce a person’s risk of
morbidity, further disability, organ failure, and mortality [39].
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According to the study by Tena-Nelson et al [22], there were
no statistically significant changes in hospitalization rates
between before and after the intervention. No statistically
significant factorswere found to be associated with the changes
in hospitalization rate. The authors stipul ated that the program’s
effectiveness could be improved by including participant
recommendations on planning, staff and stakeholder
engagement, implementation, training, and sustainability [22].

Coulongeat et a [10] investigated alocal support platform that
aimed to help nursing homes manage their cases of COVID-19
infection. Although the other decision support tools included
in the review consisted mostly of 2 actors (a human and a
computer [or paper in some cases]), the COVID-19-infection
management tool used multiple human actors as the decision
support. The reason for this might be that because COVID-19,
at the time of tool development, was a very new disease, there
was very little evidence available to support the development
of a computer program that could help manage the condition.
The decision support aspect consisted of a multidisciplinary
team, a specialist phone hotline, and mobile geriatric medicine
teams, all reachable through information and communication
technologies. The intervention helped to satisfactorily address
some issues that were revealed by the COVID-19 pandemic.
These issues were as follows: limiting the feeling of isolation,
getting the health professionals’ questions answered, providing
solutionsto individual problems, and reassurance of the nursing
home staff regarding the optimal treatments for residents. The
intervention was less effective in improving the quality of life
for residentsor staff at nursing homeswith aCOVID-19 cluster
[10]; however, why this was the case is not explained in the

RQ4: What Types of Data Do Clinical Decision
Support Tools Use?

I ntegration With Electronic Health Records

Of the 17 included studies, only 4 (24%) described decision
support tools that were integrated with an electronic health
record, all of which were devel oped for medication management
[12,13,16,17]. However, it is not known what these electronic
health records consist of, whether these are stand-alone systems
for the care facilities, or whether these records are linked with
genera practices. On the basis of the information presented, it
isknown that in 12% (2/17) of theincluded papers, the decision
support tools were not linked to any electronic health records
because they were paper-based posters [23,24]. For the
remaining 65% (11/17) of the studies, it is unknown whether
the decision support tools were stand-alone systems or linked
to electronic health records.

Data Used by Clinical Decision Support Tools

Overall, based on their original studies, it was unclear what kind
of information the decision support toolsrequired. Intotal, 29%
(5/17) of the studies were clear about the data being collected
to aid decision-making. Of these 5 studies, 2 (40%) described
decision support tools used for dementia management (Serial
Trial Intervention [19] and DemCare [20]), 3 (60%) described
decision support tools used for pressure ulcer prevention and
management (On-Time [11,21] and RAPS [14]) as well as
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malnutrition prevention (MNA [14]), and 1 (20%) described a
decision support tool used for urinary tract infection prevention
and management (multimodal antimicrobial stewardship
intervention [25]).

Discussion

Overview

In this review we set out to collate current knowledge within
the academic literature focused on decision support tools in
long-term care settings. Decision support tools are an emerging
area of research and practice spanning a range of different
conditions, health, and social care professions. However, many
studies to date have focused on small-scale, localized efforts;
only 17 studies conducted in only 8 high-income—country
settings were found to have evaluated decision support tools
developed for use in long-term care facilities. Furthermore,
although a small number (3/17, 18%) of the identified studies
present favorable outcomes, this was not universaly true, and
there is often a reliance on early evidence such as short-term
evaluation studies and analysis of qudlitative data. Thus,
although this area of research holds significant potential, our
findings suggest that review of the published literatureistimely
to inform future innovation.

We are now moving to a data-driven health and socia care
model; therefore, the concept of siloed data needsto be athing
of the past, and available data must be used for the benefit of
residents of nursing and care homes and to provide added value.

Principal Findings

In terms of setting and study sample, the majority (13/17, 76%)
of the included studies were local, with only 24% (4/17) being
carried out on a national scale. That being said, the majority
(15/17, 88%) of the studies were multicenter studies, with only
12% (2/17) [23,40] being single-center studies. In terms of the
clinical populations who were using the decision support
systems at adult long-term care facilities, the most common
were dtaff members, nurses, pharmacists, and heath
professionals in general. However, the studies in general did
not explicitly specify who the intended users were. In addition,
35% (6/17) of the studies did not indicate who the intended
users of the tools were.

It should be noted that it is uncommon for long-term care
facilities, such as care homes and nursing homes, for example,
in the United Kingdom, to have a physician or pharmacist
present. Instead, care facilities have partnerships with local
general practitioner practices. Hence, it is unlikely that staff
within care or nursing homes will be making decisions about
medications [41].

Although there is potential for clinical decision support tools
to streamline care services by making them more efficient, the
systems have been developed to address issues that often fall
under the clinical responsibility of nursing staff; therefore, as
expected, most users fall within this profession. However, lack
of detail regarding users does limit insights into the
implementation of the system and therefore may be deemed to
inhibit the transferability and scaling up of these systems to
other sites and domains [42].
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Considering the average age of long-term care residents, the
conditions of focus for the clinical decision support tools are
not surprising. There were 8 different conditions or purposes
supported using clinical decision support tools: medication
management, pressure ulcer prevention, dementia management,
falls prevention, hospitalization, malnutrition prevention, urinary
tract infection, and COVID-19 infection. It is noteworthy that
all tools seem to focus on domains of physical health; none
focused on mental health, despite it being widely recognized
that rates of anxiety and depression are high in this population
[43].

Looking at studies demonstrating evidence of whether there
was a significant improvement through using the clinical
decision support tools, 71% (12/17) of the studies carried out
comparative analyses. Of these 12 studies, only 3 (25%) reported
clear significance in the results, showing that the evaluated
decision support tools made a difference in either preventing
negative outcomes or improving care in general [9,19,21].

Of these 3 studies, 2 (67%) evaluated clinical decision support
tools developed for pressure ulcer management [9,21]. Olsho
et al [21] and Davidson et a [11] evaluated the same tool for
pressure ulcer management; however, Davidson et a [11]
reported no statistically significant change in the incidence of
pressure ulcers when the intervention was used. According to
a systematic review by Méki-Turja-Rostedt et al [4], there are
many ways to prevent pressure ulcer formation in residents of
long-term care facilities; however, thereis alack of systematic
evidence of the most effective way to do this. Intheir systematic
review, Araujo et a [3] agree and add that clinical effects, such
asoutcomesin theincidence and preval ence of pressure ulcers,
remain limited, and most investigated studies found clinically
but nonstatistically significant results in decreasing pressure
ulcer incidence. Theresultsfrom thisreview arein concordance
with the comments made in these systematic reviews[3,4].

Of the 17 studies, 5 (29%) found mixed results, meaning that
the intervention improved some outcomes but reported no
statistically  significant difference in  other outcomes
[16,17,23-25]. However, it is important to note that 40% (2/5)
of these studies mentioned “clinical significance” but did not
define how this clinical significance was measured and did not
report on statistical significance [23,24]. In total, 24% (4/17)
of the studies included in the review showed no statistically
significant difference when using theintervention [11,14,20,22].
This lack of definitive evidence underpinning digital health
solutions is widely recognized; often, tools are implemented
within large organizationswith very little evidence underpinning
them[2,5]. Thislack of evidence underscoresthe need for robust
evaluation of solutions used to identify benefits of, and value
of investment in, decision support tools [44].

It isimportant to note that, as explained previously and shown
in the data extraction table (Multimedia Appendix 1), there is
anoticeable degree of heterogeneity among the decision support
toolsdescribed in theincluded studiesin termsof their purposes
and intended users. However, even among decision support
tools with similar purposes, the study designs and measured
outcomesin theincluded evaluation studiesvaried substantially.
Hence, these studies should be compared with one another with
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extreme caution. Because of this variability, further studies,
using standardized methods to evaluate the decision support
toolsincluded in this review, are needed.

Evidence Base of the Development of Clinical Decision
Support Tools

Animportant question that thisreview aimed to answer concerns
the evidence base underpinning the development of decision
support tools. Our findings demonstrate that there is alack of
coherent information about what evidence base was used to
develop the clinical decision support tools. Most tools were
developed based on current guidelines and stakeholders
opinions. Some studies used systematic reviews of scientific
evidence or data analysis to understand the factors associated
with the outcome of thetool. In 12% (2/17) of the studies, there
is no information regarding the evidence base of the
development of the tools. The lack of transparency in
underpinning evidence of development of the tools can affect
users’ trust in the tools, ultimately affecting their wider uptake
[42].

Adoption and Implementation of Clinical Decision
Support Tools

For successful implementation of clinical decision support tools,
educational training and culture change are required to sustain
their clinical use. Clinical decision support tools, especialy
those helping to manage medications, need to be regularly
updated with regard to changing guidelines and newly available
drugs. Ease of updating is an important factor for being
considered a successful decision support tool [2,5,38].

A key consideration in terms of the mechanisms and actions of
the clinical decision support tools is the data that they use.
Overdl, in the included studies, al tools, apart from the
paper-based decision support tools (n=2), are computer
programs. However, most (11/17, 65%) of the studies were not
explicit about whether the computer programs were linked to
electronic health records, and if they were linked (4/17, 24%),
then what kind of electronic health recordsthey were linked to.

Of the 17 included studies, only 3 (18%) described decision
support tools that used validated clinical tools. These validated
clinical tools are RAPS and MNA used in the evaluation study
by Fossum et a [14]; screening tool of older people’'s
prescriptions, screening tool to alert to right treatment, and Beers
criteria used in the evaluation study by Johansson-Pajala et al
[16]; and SBAR and Stop and Watch used in the evaluation
study by Tena-Nelson et a [22]. When considering the studies
(4/17, 24%) that evaluated clinical decision support tools helping
to prevent pressure ulcer formation, the study by Fossum et a
[14] was the only one to use validated clinical tools.

Considering how long electronic health records have existed
and how long researchers have been working on predictive
modeling in health, it is surprising that more widely validated
decision support tools were not included in the evaluation
studies.

It can be assumed that the evaluated tools were developed
keeping in mind that electronic health records are not widely
used inlong-term carefacilities such as care and nursing homes.
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Most of thetools presented in this review, except for medication
management tools, do not necessarily require data that are
normally stored in electronic health records (eg, temporary
symptoms such as meal intake and urinary frequency). Hence,
these tool s require manual datainput from staff, which requires
developing suitable infrastructure for tool use (eg, the
availability of computersor tablets) at thefacilitiesand training
of, and time from, staff. It has been found that these can affect
methodological challenges when validating clinical tools, such
as gaining acceptance from stakeholders who havelimited time
in addition to having to deal with work pressure, such as
registered nurses, care home managers, and genera practitioners
[45].

If long-term carefacilitieswould adopt el ectronic health records
specific to these facilities, the burden of having to manually
input data for each different decision support tool would be
removed, and the tools can be integrated into the practice
automatically. This has been successfully implemented in
various hospital settings. The systematic review by Varghese
et al [46] provides examples of such systems successfully
implemented in hospitals.

It is important to understand, however, that hospitals are
data-rich environments with often automated data collection
(eg, intensive care units), and the purpose of the constant data
collection is due to having to aways monitor patients. In
addition, it is worth noting that having a multiplicity of
duplicative patient records is not the aim; rather, the goal isto
create a shared patient record using approved data sources that
all services can access. Long-term care facilities such as care
and nursing homes are essentially the residents’ homes, meaning
that to be able to provide a homely and comfortable setting, a
balanced approach regarding data collection needs to be
achieved. On the one hand, having electronic health records as
in a hospital setting would open up opportunities for more
decision support toolsthat could potentially reduce the workload
of staff and help to improve care quality. On the other hand, to
offer as comfortable a living environment as possible to
residents, data collection should be limited to only those
occasions when residents areill or are at risk of anillness.

To strike a balance, minimum data sets could be the answer. A
review of uptake of minimum data sets by Musa et al [47]
evaluated different contexts, mechanisms, and outcomes to
describe why minimum data sets were used in care homes,
including system-level, care home-level, and individual-level
barriers and facilitators. Some of the barriers mentioned include
frequent staff turnover, training issues, and lack of computer
skills. Facilitatorsinclude clinical staff presence, inclusive and
understanding care home culture, and clarity of roles in data
collection. These are very similar to barriers and facilitatorsfor
the implementation of clinical decision support tools that were
identified in the studies in this review. The factors associated
with successful system implementationin clinical practice were
as follows: involving the administrator or head of nursing in
the process; engaging the leadership in the project; presence of
an internal champion; and participation of an interdisciplinary
team, facilitators, and quality improvement team. In addition,
it was deemed necessary to consider clinical workflow and
training needs. It was also recommended to have a longer
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evaluation period to assessthe effect of clinical decision support
systems|[3].

Conclusions

Overall, the studies demonstrate that decision support tools can
show improvementsin delivery of care and in health outcomes,
specifically in relation to medication management, falls
prevention, management of dementia, pressure ulcer prevention

Lappet al

diversity of types of decision support tools, users, and contexts
as well as limited validation of the tools in use and in part
because of thelack of clarity in defining the wholeintervention.
An important aspect that the studies seem to highlight is that
decision-making to support care homeresidentsis not just about
providing technology within care homes; it also requires an
effective multiagency approach with interaction with the wider
multidisciplinary team outside the care home and supportive

and management, and nutritional assessment and management.

organization and culture to embed the use of the decision support
However, there is variability in results, in part because of the

tools.
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Abstract

Background: Pressure injury is a common complication after a spinal cord injury. Long-term multidisciplinary follow-up is
difficult after such patients have been discharged. Telemedicine promises to provide convenient and effective support for the
prevention and treatment of pressure injury, but previous attempts to demonstrate that have produced inconsistent results.

Objective: The aim of this study is to evaluate the effectiveness of telemedicine in preventing and treating pressure injury
among community-dwelling patients with spinal cord injury, and determine which telemedicine form is more effective.

Methods: This systematic review was performed according to the PRISMA-NMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses extension for Network Meta-Analysis) standards. Ten databases were searched to identify randomized
controlled trials and quasi-experimental studies related to the effectiveness of telemedicine intervention in patients with spinal
cord injury. Two researchers worked independently and blindly selected studies, extracted data, and assessed the risk of bias.
The results were described as relative risk (RR) and weighted mean difference and 95% ClI.

Results: The 35 studies comprised 25 randomized controlled trials and 10 quasi-experimental studiesinvolving 3131 patients.
The results showed that tel emedicine can significantly (P<.05) reduce theincidence of pressureinjury (RR 0.24, 95% CI 0.14-0.41,;
P<.05; 1°=0%), promote faster healing (RR 0.73, 95% Cl 0.62-0.85; P<.05; 1°=0%), and yield lower scores on the pressure ulcer
scale of healing (weighted mean difference=—1.98, 95% Cl —3.51 to —0.46; P<.05; 12=0%). Cumul ative ranking estimates showed
that combining telemedicine with conventional intervention (93.5%) was the most effective approach.

Conclusions: Telemedicineisafeasible way to prevent pressure injury among patients with spinal cord injuries. It can decrease
the incidence and severity of pressure injury and accelerate patients’ healing without imposing economic burden. It is best used
in tandem with other, more conventional interventions. Due to the limited quality and quantity of included studies, large-scale
and well-designed randomized controlled trials are warranted.

(J Med Internet Res 2022;24(9):€37618) doi:10.2196/37618

KEYWORDS
spinal cord injury; pressureinjury, telemedicine; systematic reviews; meta-analyses; network meta-analyses; review; spinal injury;
spinal cord; pressure injury; injury
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Introduction

Spinal cord injury (SCI) is a disabling and costly disease, the
incidence of whichisincreasing year by year. The incidence of
SCl is estimated to be between 12 and 65 cases per million
globally [1] and between 13 and 60 cases per million in China
[2]. Morethan 20% of patientswith SCI develop pressureinjury
as a result of motor and sensory dysfunction, limited body
movement, or the long period of time spent in a bed or
wheelchair [3]. The daily cost of pressure injury treatment per
adult patient ranges from €1.71 (US $1.70) to as much as€470
(US $468.31), and the cost of treating severe pressure injury is
even higher [4]. In addition, 7%-8% of deaths among patients
with SCI aredirectly attributableto pressureinjury [5]. Pressure
injury seriously affects the quality of life of patients with SCI
and places a heavy care burden and economic burden on their
families and society [6].

There are well-understood measures that can reduce the
incidence of pressure injury, and prevention is more
cost-effective than treatment [ 7]. However, most countries have
insufficient medical resources, and particularly insufficient
professional expertise in the community [8], to provide the
necessary long-term and multidisciplinary follow-up of
community-dwelling patients with SCI. That results in many
obstacles to preventing and treating pressure injury. Today,
however, it is becoming more feasible to provide medical
services including diagnosis and information about self-care
remotely through a variety of communication technologies,
including video consultation via mobile apps [9,10]. This has
been applied to the prevention and treatment of pressureinjury
among community-dwelling patients with SCI, but its
effectiveness and safety remainsinadequately confirmed because
systematic studies vary in their sample sizes and conclusions.

Until now, there has been no systematic review of the
applicability of telemedicinein preventing and treating pressure
injury among community-dwelling patients with SCI. That
motivated this systematic review and network meta-analysis.
Network meta-analysis can assess both direct and indirect
evidence [11]. The biggest advantage is allowing for the
simultaneous inclusion of multiple pairwise comparisonsin a
series of different interventions and ranking the interventions.
Therefore, systematic review and network meta-analysis was
used to evaluated the effectiveness of telemedicine on the
prevention and treatment of pressure injury among
community-dwelling patients with SCI, and determine which
telemedicineform ismore effective, to provided evidence useful
for clinical practice.

Methods

Study Design and Search Strategy

This systematic review and network meta-analysis was
performed according to the PRISMA-NMA (Preferred Reporting
Itemsfor Systematic Reviewsand Meta-Analyses extension for
Network Meta-Analysis) standards[12]. It wasregistered in the
PROSPERO database (International Prospective Register of
Systematic Reviews; |D: CRD42020194061).

https://www.jmir.org/2022/9/e37618
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The databases searched were the China National Key
Information corpus, Wanfang, CBM, VIP, Embase, PubMed,
Cochrane Library, Web of Science, Scopus, and ProQuest. The
dates searched were from establishment of each database to
September 30, 2021. Multimedia Appendix 1 shows the
keywords used to search each corpus. Keywords and search
strategy were designed by the first author, then reviewed by a
librarian. Other clinical trial registration websites (Science-paper
Online, Open Grey, ClinicalTrials.gov, and China’'s Clinical
Tria Registry) were searched manually, and referencesto related
papers and reviews were followed up.

Only  randomized controlled trials (RCTs) and
quasi-experimental studies were included in the systematic
review, and only RCTs were included in the network
meta-analysis. Beyond that, 4 other criteria were applied.

1. Participants: community-dwelling persons with an SCI.

2. Interventions. completeor partia telemedicineintervention.
In complete telemedicine intervention, there was no
face-to-face contact during the trial, only telemedicine
intervention by telephone, video, or mobile app. Treatment
involving only one form of telemedicine intervention was
designated as a single compl ete telemedicine intervention,
whiletherapy combining two or moreforms of telemedicine
intervention was called a mixed complete telemedicine
intervention. Partial telemedicine intervention designated
treatment combining telemedicine with a nontelemedicine
intervention (such as an outpatient follow-up visit or ahome
visit).

3. Controls: The “no telemedicing’” cases included
nontelemedicineintervention and also health guidance only
before discharge treated as a blank control. A second type
of control was where there was another group treated
differently from the experimental group, such as when the
experimental group used video and the control group used
the telephone. A third case was self-control studieswith no
control group.

4. QOutcomes. Primary and secondary outcomes were
considered. The primary outcomes were the incidence of
pressure injury, the rate of healing of the pressure injury,
and pressureinjury severity (size, depth, and Pressure Ulcer
Scale for Healing [PUSH]). Any economic data reported
were treated as a secondary outcome.

Certain reports had to be excluded, for example, academic
meeting abstracts or papers without full text; papers published
repeatedly; and papers for which adequate data could not be
obtained even after contacting the authors.

Data Extraction

Two authors (the first and the second author) worked
independently and blindly to screen titles, abstracts, and full
texts, and select studies applying the inclusion and exclusion
criteria. Any disagreements were resolved by discussion or by
consulting the corresponding author. EndNote X9 software
(Clarivate) was first used to exclude duplicates. Then, reading
the title and abstract was enough to exclude clearly irrelevant
papers. Finally, reading the full text allowed us to determine
whether or not astudy should beincluded. If necessary, authors
were contacted by email or telephone for further information.
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The first and second authors also worked independently and
blindly to extract data and assess the risk of bias, again
consulting the corresponding author if necessary. The data
extracted included each study’s characteristics, participant
characteristics, intervention and control treatments, and
outcomes. The Cochranerisk of biastool [13] was used to assess
the RCTs, and the Joanna Briggs I nstitute critical appraisal tool
[14] was used with the quasi-experimental studies.

Statistical Analysis

12 statistic was used to evaluate the consistency of the results
of included studies, with 25%, 50%, and 75% representing low,
moderate, and high heterogeneity, respectively [15]. The
fixed-effect model was used when the heterogeneity was

acceptable (12 <50%, P>.10), otherwise the random effect model
was used. If the heterogeneity was still too large after subgroup
analysisor sensitivity analysis, if the number of studieswastoo
small, or if the data could not be synthesized, only descriptive
analysiswas performed. Dichotomous datawere analyzed using
relativerisk (RR) and 95% Cls. Continuous datawere analyzed
using weighted mean difference (WMD) where the same tools
were used, and standardized mean difference where different
studies used different tools. When P<.05, the difference between
the two groups was statistically significant.

Song [16] has proposed that network meta-analysis should
satisfy hypotheses about homogeneity, similarity, and
consistency. Otherwise, the nonconformity needs to be
explained, or network meta-analysis should not be performed.
The evaluation and treatment of the homogeneity requirement
is the same as with the heterogeneity of traditional direct
comparison meta-analysis. There is no recognized statistical
test for verifying the similarity hypothesis, so it must be
evaluated based on the characteristics of the included studies.
The inconsistency model, node splitting, and inconsistency
factors are commonly used to eval uate consi stency, with P>.05
indicating good consistency in a closed loop if the 95% ClI
starting point of the inconsistency factor was O, indicating that
thedirect and indirect evidencewas consistent. RR, WMD, and
standardized mean difference were also computed with their
95% Cls. The surface under the cumulative ranking (SUCRA)
curve was used to calculate the ranking probabilities of the
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treatments. The SUCRA values range from 0% to 100%, and
the higher the value, the better the result. Comparison-adjusted
funnel plots were also used to assess the potential for small
study effects.

Results

Study Selection

The search found 3152 studies. Of those, 948 duplicates were
excluded through EndNote. Reading the titles and abstracts of
2204 reports led to 2148 being excluded as irrelevant. Finally,
56 studieswere screened in full text, of which 21 were excluded
and 35 werefinally included (Figure 1).

The 35 studies included 25 RCTs [7,17-40] and 10
quasi-experimental studies [41-50] (Multimedia Appendix 2).
The 3131 subjectswere community-dwelling patients with SCI,
aged 18-96 years old. Of 3131 patients, 2226 (71.1%) were
male. Trauma was the most common cause of injury. The top
specific causes weretraffic accidents, fall from height, fall with
heavy objects, and other fall. The study durations ranged from
1 week to 2 years. In most of the studies, nurses served as the
main researcher managing diet and nutrition, elimination, and
pressure injury, and preventing other complications. They also
provided related education and guidance.

Mixed complete telemedicine interventions mainly used the
WeChat app and telephone. The average utilization was about
1 hour every day to answer questions, once weekly to convey
relevant knowledge, and perhaps a weekly face-to-face video
chat if necessary. Telephone calls were made on average once
per month, when needed. Single complete telemedicine
interventionswere mainly delivered viatelephone. The average
frequency was about once per week. Partial telemedicine
intervention was usually a combination of telephone or video
telemedicine with outpatient follow-up or home visits. The
frequency was about once per week by telephone or face-to-face
video, and once per month for outpatient follow-up or home
visit. The main form of nontelemedicine intervention was
outpatient follow-up or home visit. The frequency was about
once per month. The blank control group only received health
education before discharge, but the patients could call amedical
professional when they needed help.
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Figure 1. Flowchart for search and selection of the included studies.
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Bias Assessment

The overall quality of the studies included was categorized as
acceptable. Approximately half of the studies reported
randomization, but some reports lacked details about any
allocation blinding, which could cause potential selection bias.
No study wasjudged as*“low risk” in terms of performance bias
because it is very difficult to blind patients in telemedicine
intervention trials. About one-quarter of the studies blinded the
outcome assessors. There was no evidence of attrition bias,
selective reporting bias, and other bias in any of the included
studies (Multimedia Appendix 3). In the quasi-experimental
studies, item 3 was judged to be “not applicable” to 4 studies
[41,46,47,50] because they were self-controlled. Item 7 was
judged as*“unclear” in 4 studies [44,45,48,49]. The other items
all received a“yes’ (see Multimedia Appendix 4 for details).

Meta-analysis and Descriptive Analysis Results

Overdl, 27 studies [17-21,23-29,31-35,37-40,42-45,48,49]
reported the incidence of pressure injury among their
community-dwelling subjects. Among the studies, 18 were
RCTs [17-21,24-29,31-35,37,38] andyzed by network
meta-analysis, 5 were quasi-experimental studies [42-44,48,49]
analyzed by meta-analysis, and 4 [23,39,40,45] could not be
combined for descriptive analysis.
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The meta-analysis showed that the incidence of pressureinjury
was significantly lower in the telemedicine intervention group
(n=468; RR 0.24, 95% Cl 0.14-0.41; P<.05; 1°=0%, fixed-effects
model; Multimedia Appendix 5). The other 4 studies which
could not be combined al so found that the incidence of pressure
injury in the intervention group was lower than in the control
group (P<.05).

A total of 9 studies [17,21,22,41,44,46,47,49,50] reported the
rate of pressureinjury healing. There were 3 RCTs[17,21,22]
and 6 quasi-experimental studies [41,44,46,47,49,50]. Due to
thelimited sample size, 4 studies[41,46,47,50] (self-controlled)
were classified asthe telemedicineintervention group. The other
5[17,21,22,44,49] were descriptive because the data could not
be combined. The meta-analysis showed that therate of pressure
injury healing was significantly faster in the telemedicine
intervention group (n=55; RR 0.73, 95% CI 0.62-0.85; P<.05;
12=0%, fixed-effects model; Figure 2). In the other 5 studies
without meta-analysis, 14 patients in the telemedicine
intervention group healed, along with 9 patients in the control
group.

A total of 4 RCTs[7,19,27,36] reported on the severity of the
pressureinjury studied. The meta-analysis showed that patients
in atelemedicineintervention group tended to have lower PUSH
scores (n=162; WMD=-1.98, 95% Cl -3.51 to —0.46; P=.01;
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12=0%, fixed-effects model; Figure 3). Although one study [7]
found no significant difference in the improvement of pressure
injury areaand depth, theimprovement in the other telemedicine
groupswas significantly better than in the corresponding control

group.
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Only one study (an RCT) [7] reported economic data. The
incremental cost-effectiveness ratio was 2306 Indian rupees
(approximately US $130) per 1 cm? reduction in pressureinjury
area and 44,915 Indian rupees (US $2523) per additional
quality-adjusted life year. Thisresult showsthat thetelemedicine
intervention was cost-effective, at least in India

Figure 2. The effectiveness of telemedicine on the healing rate of pressure injury. ES: effect size.

%
evecks total ES(95%C)  Weight
AhuaHuang2014 § 8 —1-— 0.75 (0.45, 1.05)15.06
Vesmarovich1999 6 8 ———— 0.75(0.45,1.0515.06
LiMa2020 8 10 0.80 (0.55, 1.05)22.06
XinHe2014 20 29 —i— 0,69 (0.52, 0.8647.82

(I-squared = 0.0%, p = 0.906)

Weights are from random efiects analysis

0.73 (0.62, 0.85)100,00

1.05

0 1.05

Figure 3. Comparison of the effectiveness of telemedicine and control on PUSH scores. PUSH: Pressure Ulcer Scale for Healing.

Experimental Control Mean Difference Mean Difference
Study or Subgroup Mean SD Total Mean SD Total Weight IV, Fixed, 95% CI IV, Fixed, 95% CI
Arara 2017 a1 A ar 8 83 88 B57% -2.90[4.78,-1.02]
Haossain 2020 1.3 34 7 14 38 14 21.8% -010[3.37, 3.17]
Hossiain 2017 107 1.2 3 13 a7 2 36% -230[10.32 4672
Houlihan 2013 2 B4 10 17 65 11 89% 0.30[-483 543]
Total (95% CI) [ 85 100.0% -1.98 [-3.51, -0.46] L]
Heterogeneity: Chif= 295, df= 3 (F =040}, F= 0% '—1DD —E:D ﬁ SID 1DD'

Testfor overall effect; £= 255 (P =0.01)

Network Meta-analysis Results

A total of 18 RCTs [17-21,24-26,28,29,31-35,37,38,45]
involving 5 forms of intervention were included in the network
meta-analysis. A network plot for the incidence of pressure
injury was produced using the STATA software package
(version 14.0; StataCorp LLC). Nodes indicated treatments,
with the size of each node proportional to the number of
observations in the sample. The thickness of the lines was
proportional to the number of studies directly comparing apair
of treatments. Two triangles were formed with the interventions
inthisstudy: triangle 134 and triangle 135. The most numerous
comparable studies involved partial telemedicine intervention
with ablank control (Figure 4).

A consistency test did not identify statistically significant
inconsistency (X?=3.76, P=.15). The loops were consistent,
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since their 95% CI included 0. Node splitting showed no
datistically significant difference between the direct and indirect
estimate of the summary effect (see Multimedia Appendix 6
for details).

The SUCRA estimates (Figure 5) and the SUCRA vaue
(Multimedia Appendix 7) show that mixed complete
telemedicine intervention was the best form of intervention for
reducing the incidence of pressure injury. Mixed complete
telemedicine intervention (93.5%) was better than partial
telemedicine intervention (80.5%), which was better than
nontelemedicine intervention (32.7%), single complete
telemedicine intervention (31.7%), and blank control (11.7%)
(see Table 1 for details). The comparison-adjusted funnel plot
was basically symmetrical, indicating that the possibility of
publication bias was small (Multimedia Appendix 8).
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Figure4. Network meta-analysis of eligible comparisonsfor incidence. 1: blank control; 2: nontelemedicineintervention; 3: single complete telemedicine
intervention; 4: mixed complete telemedicine intervention; 5: partial telemedicine intervention.

2

Figure 5. The surface under the cumulative ranking estimate. 1: blank control; 2: nontelemedicine intervention; 3: single complete telemedicine
intervention; 4: mixed complete telemedicine intervention; 5: partial telemedicine intervention.
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Table 1. The effectiveness of telemedicine in preventing pressure injury according to the network meta-analysis.
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MCTI?

PTI?

SCTI®

NTId

Blank control

MCTI
0.75 (0.33-1.70)
0.28 (0.16-0.51)
0.30 (0.10-0.93)
0.22 (0.10-0.46)

1.34 (0.59-3.06)
PTI

0.38 (0.19-0.78)
0.40 (0.18-0.88)
0.29 (0.18-0.48)

3.52 (1.95-6.36)
2.62 (1.29-5.36)
SCTI

1.05 (0.36-3.04)
0.76 (0.39-1.50)

3.35(1.07-10.48)
2.50 (1.13-5.49)
0.95 (0.33-2.75)
NTI

0.72 (0.28-1.84)

4,63 (2.16-9.93)
3.45(2.09-5.71)
1.31 (0.67-2.59)
1.38 (0.54-3.52)

Blank control

AW CTI: mixed complete telemedicine intervention.
bpT]: partial telemedicine intervention.

CSCTI: single complete telemedicine intervention.
INTI: nontelemedicine intervention.

Discussion

Principal Findings

This systematic review and network meta-analysis results show
that telemedicine intervention can reduce the incidence and
severity of pressure injury and improve the rate of healing of
such injuries without increasing the medical economic burden
on community-dwelling patients with SCI. In addition, the
resultsindicate that combining telemedicine with conventional
interventions is the most effective form of intervention for
preventing pressure injury.

Although the overall quality of the studies was regarded as
acceptable, none were able to blind the participants and
personnel. Some reports mentioned random sequence generation,
allocation concealment, and blinding, but without specifics.
That may relate to the space limitations of journal publications
or the design of the experiments. This review included only
studies published in Chinese or English, of which many were
Chinese. This may be related to the Quality Nursing Service
demonstration project launched by China's National Health
Commission in early 2010 [51] and to its “Internet+" policy
implemented in 2016 [52]. More than 10 studies in this
systematic review were conducted using QQ and WeChat, which
are Chinese social media platforms that support sending text,
pictures, and videos, and support multiperson group chats via
the internet. Such social media software, which have a high
penetration rate, broad mass base, rich features, and no extra
charge, are likely to be central to the future development of
telemedicine.

The results show that telemedicine intervention can reduce the
incidence and severity of pressure injury. As part of
rehabilitation, patients with SCI were usualy educated in
preventive skin care techniques, but they are often not continued
after discharge [53,54]. Contacting former patients in the
community through tel emedicine can improve compliance[36],
but the prevention and treatment of pressure injury after an SCI
involves several medical disciplines. In addition, it is also
necessary to pay attention to any motor or sensory dysfunction,
sdlf-care ability limitations, and nutritional status after discharge
[55,56]. Carlson’s study [23] has shown that telemedical support
from a multidisciplinary team can provide rehabilitation,
nutrition suggestions, and psychological guidance as well as
how to deal with the threat of pressure injury. When a
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discharged patient has health-related problems, they can get
appropriate help in time. Effort should be devoted in clinical
practice to promoting multidisciplinary team cooperation and
comprehensively promoting the physical and mental recovery
of patients with SCI.

The hospital stays of patients with SCI are shorter now than in
the past [57,58]. That alows less time for patients to receive
education, rehabilitation, and adjustment, making them more
likely to benefit from subsequent telemedicine. In
Vesmarovich's study [50], the patients and their families were
given guidance on dressing techniques before discharge, and
video was used to give continued medical care after discharge.
That improved therate of pressureinjury healing. Many primary
care doctors lack the expertise and skills to deal with the
complex needs of patients with SCI [59], but access to
specidized rehabilitation ingtitutions is costly and might be
difficult to arrange. When patients have insufficient resources
to cope with the disease, they are more likely to aggravate
pressure injury [60]. Huang [46] reports using a combination
of telemedicine and nontel emedi cine techniquesto help medical
staff change pressure injury dressings during home visits.
Families were trained by telephone. Home visits alow for
face-to-face treatment of pressure injury and providing
professional guidance. They can to some extent compensatefor
the reductionsin education time caused by shorter hospital stays.

The results show that using telemedicine did not increase the
economic burden of SCI. Most developed countries provide
patients with SCI with any equipment they may need to cope
with their injury. They receive training before discharge and
then remote written or oral guidance without the need for
professional sto enter the patient’shome. That helpsto minimize
the cost of an SCI [40]. A study by Xu [61] showed that
telemedicine can save money without reducing efficacy. The
studies included in this systematic review rarely discuss cost
considerations. In most of them, the patients received any
necessary equipment for free or at low cost. Future research
should conduct arigorous cost-benefit analysis to demonstrate
not only the impact on patient health, but also the value of
investing in telemedicine intervention.

The network meta-analysis showed that the best intervention
for preventing pressure injury combined two or more forms of
telemedicine. The most common combination wasinternet chat
(usually WeChat) with telephone conversations. Patients and
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their carers cannot be assumed able to identify pressure injury
early and take countermeasures soon enough of their own accord
[40Q]. Professionals, though, can observe patients' skin using
pictures or video and provide timely medical advice, thereby
reducing the incidence of pressure injury. At present, the
diagnostic accuracy from using images compared with that
achieved through face-to-face evaluation remains unclear. That
needs further documentation in well-designed studieswith large
samples. Of course, even if patients and carers receive the
knowledge they need, over time, that knowledge may well be
gradually forgotten. In China, thetypical caregiver isolder than
their patient. More than 30% of caregivers are over 60 years
old [62]. Moreover, even some middle-aged persons cannot
effectively use a smartphone and a networking platform. They
prefer telephoning or outpatient follow-up [63]. Nevertheless,
repeated instruction, whether by telephone or internet messaging,
and regular push messagesto remind caregivers, can effectively
reduce the incidence of pressureinjury [64]. Any telemedicine
intervention should of course suit theindividual patient’s needs,
condition, home situation, and level of medical understanding.

Limitations

This study was to some unknown extent restricted by being
limited to reports in either Chinese or English. Beyond that,
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than using telemedicine alone. Telemedicine can improve the
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Future studies could explore the research on telemedicine in
languages other than Chinese and English.
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Abstract

Background: Digital technologies are increasingly used in health research to collect real-world data from wider populations.
A new wave of digital health studiesrelies primarily on digital technologiesto conduct research entirely remotely. Remote digital
health studies hold promise to significant cost and time advantages over traditional, in-person studies. However, such studies
have been reported to typically suffer from participant ettrition, the sources for which are still largely understudied.

Objective: To contribute to future remote digital health study planning, we present a conceptual framework and hypotheses for
study enrollment and completion. The framework introduces 3 participation criteria that impact remote digital health study
outcomes: (1) participant motivation profile and incentives or nudges, (2) participant task complexity, and (3) scientific requirements.
The goal of this study is to inform the planning and implementation of remote digital health studies from a person-centered
perspective.

Methods: We conducted a scoping review to collect information on participation in remote digital health studies, focusing on
methodol ogical aspectsthat impact participant enrollment and retention. Comprehensive searches were conducted on the PubMed,
CINAHL, and Web of Science databases, and additional sourceswere included in our study from citation searching. We included
digital health studies that were fully conducted remotely, included information on at least one of the framework criteria during
recruitment, onboarding or retention phases of the studies, and included study enrollment or completion outcomes. Qualitative
analyses were performed to synthesize the findings from the included studies.

Results: Wereport qualitative findings from 37 included studiesthat reveal high values of achieved median participant enrollment
based on target sample size calculations, 128% (1QR 100%-234%), and median study completion, 48% (1QR 35%-76%). Increased
median study completion is observed for studies that provided incentives or nudgesto extrinsically motivated participants (62%,
QR 43%-78%). Reducing task complexity for participants in the absence of incentives or nudges did not improve median study
enrollment (103%, QR 102%-370%) or completion (43%, QR 22%-60%) in observational studies, in comparison to interventional
studies that provided more incentives or nudges (median study completion rate of 55%, QR 38%-79%). Furthermore, there were
inconsistenciesin measures of completion across the assessed remote digital health studies, where only around half of the studies
with completion measures (14/27, 52%) were based on participant retention throughout the study period.

Conclusions: Few studies reported on participatory factors and study outcomes in a consistent manner, which may have limited
the evidence base for our study. Our assessment may also have suffered from publication bias or unrepresentative study samples
dueto an observed preference for participantswith digital literacy skillsin digital health studies. Nevertheless, wefind that future
remote digital health study planning can benefit from targeting specific participant profiles, providing incentives and nudges, and
reducing study complexity to improve study outcomes.

(J Med I nternet Res 2022;24(9):€39910) doi:10.2196/39910
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Introduction

Background

The widespread availability of smartphones (estimated to be
3.6 billion users worldwide [1]) presents the opportunity to
involve diverse population groups in health research. Mobile
technologies, such as smartphones and wearables, have come
to play a central role in health research, giving rise to digital
health studies that are conducted partly or entirely remotely.
Although thereisno unified definition, we define remote digital
health studies as longitudina studies that use mobile
technologies to conduct all key steps of a study completely
online [2]. Remote digital health studies promise significant
cost, time, and scalability advantages when compared with
traditional studies, by alowing key steps of the study
investigationsto be conducted in real-time and without in-person
presence [3,4]. Overcoming the barriers of time and physical
presence, remote digital health studies allow for the long-term
monitoring of larger populations and thus promise to advance
health research and patient care delivery [5-7].

Despite these opportunities, recent studiesreport high participant
attrition rates, likely partially attributableto the lack of in-person
interactions between researchers and study participants. Other
studies highlight the risk of recruitment bias, especialy with
younger, more affluent, and often healthier populations being
overrepresented in studies with digital technologies [8-10].
These concerns point toward a possible imbalance between
participantswho typically join remotedigital health studiesand
participants who are often underrepresented, but may benefit
the most from remote digital health research and monitoring.
This may be a result from a lack of understanding of the
motivators, facilitators, and barriersthat enable participationin
remote digital health studies[11,12].

Trends of participant enrollment and retention have been widely
investigated in traditional research settings [13-15] and with
digital health studies following Eysenbach’s Law of Attrition
[16]. However, thereisapaucity of evidence that supports study
planning in remote digital health research. Furthermore, most
study planning recommendations for remote digital health
studies are based on qualitative methods and focus on scientific,

https://www.jmir.org/2022/9/€39910

rather than participant-specific requirements [17,18]. This
presents an unmet need for quantitative, evidence-based
guidance that informs remote digital health study planning to
enable high enrollment and retention through a person-centered
lens.

Aims

Thisreview aimsto explore participant enrollment and retention
for remote digital health studies. We introduce aframework on
the interplay between 3 criteria explored and validated in
previousdigital health studies: (1) participant motivation profile
and incentives or nudges, (2) participant task complexity, and
(3) scientific requirements. We propose hypotheses and explore
them with a scoping review of remote digital health studies
specifically, focusing on methodological aspects that affect
participant enrollment and retention. The goal of this scoping
review isto inform the planning and implementation of remote
digital health studies from a person-centered perspective.

Conceptual Framework and Hypotheses

We introduce a conceptual framework that encompasses the
main factors that affect digital health study enrollment and
retention from a person-centered lens, to guide the extraction
of relevant information. The framework is based on the notion
that enrollment and retention in remote digital health studies
areinfluenced by 3 elements: (1) participant motivation profile
and incentives or nudges, (2) participant task complexity, and
(3) scientific requirements (Figure 1). Our conceptua framework
and hypotheses were informed by Eysenbach [16], previous
large-scale remote digital health studies [5,19], as well as by
our personal experiences in planning and conducting 2
longitudinal remote digital health studies [20,21]. A more
detailed description of the framework devel opment process can
be found in Multimedia Appendix 1[2,5,14,16,19-28].

We define hypotheses to explore in this study. Specifically, we
expect that incentives and nudgesincrease participant motivation
to enroll in and complete a study (Hypothesis 1). On the
contrary, we expect a decrease in enrollment and study
completion with increased complexity of study tasks (Hypothesis
2a). Finally, we also expect that participants in interventional
studies may be willing to endure higher task complexity than
participants enrolled in observational studies (Hypothesis 2b).
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Figure 1. Guiding framework for remote digital health studies.
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Conceptual Framework Definitions

Motivation Profileof Participantsand Offered I ncentives

Participants’ mativation to enroll and complete remote digital
health studies can beintrinsic or extrinsic. Intrinsic participation
may be motivated by altruistic motives or by hopesfor medical
advances, especially among individuals with chronic diseases.
Extrinsic participation can be motivated, among others, by
investigators in the form of monetary incentives or clinical
referrals [29,30]. The provision of incentives or nudges may
help extrinsically motivated participantsto enroll and participate
in a study. Incentives are predominantly offered in the form of
monetary compensation, while nudges mainly comeintheform
of remindersor personal contact [31-34]. Intrinsically motivated
participants do not necessarily require incentives or nudges to
enroll or participate in a study. It is to be noted, however, that
intrinsic and extrinsic motivations are not necessarily mutually
exclusive from one another and may coincidein astudy. Inthis
review, we conduct an exploratory assessment based on the
aforesaid definitions. Different approaches to assessing
participant motivations may exist.

Complexity of Tasks Required From Participants

The frequency and complexity of tasks required from the
participants, along with the expected duration of the study, can
impact study completion. Tasks can be categorized as physical
and mental tasks. Typical physical tasksrequired of participants
include physical activity tasks, such aswalking acertain number
of steps every day, as well as other essential tasks to fulfill the
study’srequirements, such assigning an informed consent form,
filling out questionnaires at baseline or at follow-up, or logging
of health-related outcomes [27,35,36]. Mental tasks, such as
the measure of cognitive burden of a participant, are harder to
quantify as they typically rely on patient-reported outcome
measures [37,38]. In digital heath studies, task complexity is
compounded by el ectronic measurements and device handling,
which may require high digital literacy skills [39-41]. Task
complexity can be reduced by accompanying measures, such

https://www.jmir.org/2022/9/€39910
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as passive data collection, or technical support. Applied to
remote digital health studies, high-complexity tasks come in
the form of many required tasks over long study periods.
Provision of assistance during participant onboarding may
improvedigital literacy skills of participants, whileasoinstilling
a sense of trust between the participant and the researcher
through personal interactions [42,43].

Scientific Requirements of the Study

Scientific requirements define the study design and expected
target sample size. Therefore, scientific requirements set the
goal of the study, whiletask complexity or incentives or nudges
enable study goal achievement. Target sample sizesare generaly
estimated through statistical power analyses for enrollment
goals [27,44]. Consideration of participant requirements may
help increase the statistical power and reduce selection bias of
the study. However, sample size cal culation methods often may
not anticipate participant losses to follow-up and failure to
complete tasks [45]. Sensitivity analyses may be conducted
after the study to assess the impact of deviationsin participant
enrollment or retention.

Methods

Study Outcome Definitions

In our study we refer to 3 phases of participants' involvement
in remote digital health studies: recruitment, onboarding, and
retention (Tables 1 and 2). We summarize the outcomes of the
3 phases of participant involvement in remote digital health
studies as study enrollment and completion. A detailed approach
for defining each phase of the study and the outcomes can be
found in Multimedia Appendix 1.

The 3 criteriain our proposed framework can affect al phases
of remote digital health studies. In the next sections, we will
explore our hypotheses by assessing the outcomes of interest
for each framework criteriaacrossall 3 phases of remotedigital
health studies.
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Table 1. Phases of digital health studies.
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Phases Definition

Recruitment Fulfillment of requirements for study enrollment
Onboarding Provision of (technical) assistance to start study tasks
Retention Fulfillment of requirements for study completion

Table 2. Outcomes of digital health studies.

Outcomes

Measure

Study enrollment target
Study completion

(Achieved enrollment/target enrollment) x 100%

Percentage of enrolled participants who completed the study

Search Strategy and Study Selection

To explore our hypotheses, we conducted a scoping review
according to the PRISMA-ScR (Preferred Reporting Items for
Systematic reviews and Meta-analyses Extension for Scoping
Reviews) checklist [46] (Multimedia Appendix 2). Our search
was performed on the PubMed, CINAHL, and Web of Science
databases for primary research articles published between
January 1, 2016, and June 31, 2021. We limited our search to
this period based on the results of apreliminary search revealing
apaucity of remote digital health studies published before 2016
[19,47]. We a so assessed reviews and included relevant primary
studies for a full-text review based on citation searches. The

Textbox 1. Literature inclusion criteria.

complete search strategy for each database can be found in
Multimedia Appendix 3.

Our selection was guided by the criteria outlined in Textbox 1.
Screening was conducted in 2 phases. Initialy, we screened
titles and abstracts and then the full texts. For both phases, the
entire screening was conducted by oneinvestigator (PD), while
a second investigator (VN) performed checks on a randomly
selected sample of studies in the title and abstract screening
(80/662 articles, 12.1%) and in the full-text screening (50/150,
33.3%). Any disagreements were discussed and, if required,
consensus was achieved through the third investigator (VVW).
Agreement was 75/80 articles (94%) for title and abstract
screening and 45/50 articles (90%) for full-text screening.

«  Studiesthat match the definition of aremote digital health study (ie, digital health study where all steps are conducted online and without in-person

interactions between participants and study investigators).

«  Studiesthat mention their approach to recruit, onboard, or retain participants.
o  Studiesthat mention approaches to at least one of the proposed framework criteria.

«  Studiesthat provide evidence on study enrollment or study completion.

Data Extraction and Synthesis

Data extraction was standardized yet developed iteratively. In
caseswhereresearch articlesreferenced to the original protocol
for the same study, the additional protocols were assessed to
collect missing information of interest. Theinitial dataextraction
was based on standard study characteristics (eg, study design,
participant characteristics) and guided by the conceptual
framework (Figure 1). During the full-text screening, other
criteria of interest (eg, measure of study completion) were
identified as relevant and retrospectively included.

We conducted qualitative analyses to explore our hypotheses.
Qualitative analyses are presented for the entire study sample,
as well as for samples stratified based on the median study
duration. Descriptions of qualitative data were provided to
summarize key findings from the included studies within the
structure of the conceptual framework. We also conducted an
exploratory quantitative assessment of the framework criteria
with the study enrollment and completion outcomes. The
correl ations between measures relevant to our study’sframework
criteria and the study enrollment and completion outcomes
retrieved from the included studies were assessed using

https://www.jmir.org/2022/9/€39910

Spearman rank correlation for continuous variables and the
Kruskal-Wallis rank-sum test for categorical variables.

All screening and extraction procedures were completed inMS
Excel (Microsoft, Inc.). All statistical analyseswere completed
in R, version 4.0.0 (R Foundation for Statistical Computing)
using ggplot2, version 3.3.3, for plots. The threshold for
statistical significance was set at P<.05 (2-tailed testing).

Data Availability

The data from the papers that support the findings of this study
arepublicly available. All dataused in thisreview can befound
in Multimedia Appendices 4-6 [6,7,43,48-81].

Results

Data Search and I dentification of Articles

Our database searchesyielded 662 references (Figure 2). Twenty
studiesfulfilled all inclusion criteria and were finally included.
An additional 38 studies were identified through citation
searches in relevant systematic reviews, of which 17 met all
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inclusion criteria. Overall, 37 studies were included for

Figure 2. Flowchart for study identification, screening, and inclusion.
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General Description of Included Studies

The study characteristics, study requirements, and framework
criteria outcomes of the final study sample are presented in
Multimedia Appendix 1 and summarized in Multimedia
Appendices4-6[6,7,43,48-81], respectively. Of the 37 included
studies, 19/37 (51%) were randomized control trias, 11/37
(30%) nonexperimental studies, and 7/37  (19%)
guasi-experimental studies. All studieswerelongitudinal, 28/37
(76%) of which were interventional and 9/37 (24%)
observational studies.

The most prevalent therapeutic areas in our study sample were
psychiatry (11/37 studies, 30%), neurology (4/37 studies, 11%),
and addiction (4/37 studies, 11%). Most studies (12/37, 32%)
measured physical activity levels, 3/37 (8%) measured smoking
cessation, 3/37 (8%) measured depression management, 2/37
(5%) measured stress management, 2/37 (5%) measured pain
management, and the rest of the studies (15/37, 41%) measured
other outcomes. Most studies relied on smartphones for the
study procedure (23/37, 62%) and predominantly measured step
counts (7/37, 19%). Most studies (34/37, 92%) collected
patient-reported outcomes.

Most studies (25/37, 68%) targeted participantswith an existing
health condition, mainly enrolled females (median femae
enrollment of 77%, IQR 52%-88%) and participants with a
median age of 39 years (IQR 35-47 years). A median of 43%
(IQR 32-49%) of enrolled participants had alower educational
background, while information on enrolled participant income
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(27137, 73%) and employment status (25/37, 68%) was largely
missing from the studies.

Description of Included Studies According to
Framewor k

A description of the included studies based on our framework’s
criteria is found in Table 3. The table summarizes the
participants’ motivation profiles, the most prevalent incentives
and nudges provided at each stage of the study (more
information is available in Multimedia Appendix 6), the
frequencies of the tasks for the studies and measures provided
to reduce participant burden, the target sample size of the
studies, and the study outcomes. Given the scarcity of mental
task measures in the assessed studies, our review only included
measures of physical tasks. Thetableisstratified by the median
duration of the included studies (12 weeks, IQR 12-26 weeks).

A total of 27 studiesreported on study completion (Multimedia
Appendix 5); 14/27 (52%) studies assessed for completion based
on participant retention throughout the study period, 10/27
(37%) studies assessed for completion based on
researcher-defined metrics (eg, completion of 1 task within a
30-day period) and 3/27 (11%) studies assessed for completion
based on the fulfillment of all study tasks.

In the next sections, study enrollment and completion are
assessed based on our study’s hypotheses. An assessment of
the task frequencies and study durations is made against
measures provided to reduce participant burden, as well as
incentives or nudges provided to participants. Further
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descriptions and correlations between the studies’ framework  criteria and outcomes are reported in Multimedia Appendix 7.

Table 3. Summary statistics of included studies based on framework criteria

Profile Study duration® <12 Study duration: >12 Study duration: unknown  Overall (n=37)

weeks (n=15) duration (n=3)

weeks (n=19)

Motivation profile of participants and offered incentives or nudges

Motivation profiles, n (%)

Extrinsic 14 (74) 8(53) 0(0) 22 (59)
Intrinsic 5(26) 7(47) 3(100) 15 (41)
I ncentives/nudges: recruitmentb, n (%)
Monetary 4(21) 3(20) 2(67) 9(24)
Referral source 3(16) 1(7) 0(0) 4(11)
Vested interest 0(0) 2(13) 1(33) 3(8)
I ncentives/nudges: onboarding, n (%)
Personal assistance 1(5) 5(33) 0(0) 6 (16)
Peer support 0(0) 1(7) 0(0) 1(3)
I ncentives/nudges: retention, n (%)
Monetary 10 (53) 6 (40) 1(33) 15 (41)
Reminders 10 (53) 5(33) 0(0) 15 (41)
Personal contact 9 (47) 3(20) 0(0) 12 (32)
Incentives'nudges: minimum one phase®, n (%)  18(95) 13(87) 2(67) 33(89)
Complexity of tasks required from participants
Task complexity: study tasks
Monthly steps, median (IQR)° 16 (5-30) 30 (29-36) _e 28 (8-31)
Total steps, median (IQR)f 35 (12-93) 99 (14-180) 3.00 (3.0-3.0) 58 (10-120)
Task complexity: reduction of burden, n (%)
Passive monitoring 7 (37) 9 (60) 0(0) 16 (43)
Short, repetitive daily tasks 6(32) 8(53) 0(0) 14 (38)
At least one burden reduction? 947 12 (80) 0(0) 21(57)
Scientific requirements of the study
Target sample size, median (IQR) 72 (50-120) 313 (238-838) 473 (336-609) 200 (50-350)
Study outcomes
Enrolled participants, median (IQR) 281 (89-450) 560 (150-2800) 100 (55-200) 300 (89-950)
Retained participants, median (IQR) 110 (45-240) 800 (190-1700) — 180 (70-690)
Enrollment target (%), median (IQR) 150 (124-302) 101 (96-125) 82 (48-116) 128 (100-234)
Study completion (%), median (IQR) 48 (38-73) 55 (32-79) — 48 (35-76)

#The duration of the study as defined in the study protocol.

bThe top 3 recruitment and retention incentives and nudges are reported; more information is available in Multimedia Appendix 6.

CIncentive or nudge provided in at |east one of the study phases: recruitment, onboarding, or retention.

%The number of physical tasksinvestigators required participantsto do on amonthly basisthroughout the study duration as defined in the study protocol.
®Not available.

"The total number of physical tasks investigators required participants to do throughout the study duration as defined in the study protocol.

9Burden reduction for participants either through 1 of the 2 approaches, passive monitoring or short, repetitive daily tasks, provided in a study.
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Evidence for Hypotheses

Hypothesis 1: Study Outcomes Based on Motivation
Profiles and I ncentives or Nudges

In this section welink evidence from the studies’ task complexity
with the participant motivation profile and incentives or nudges
criteria of our framework to assess study enrollment and
completion outcomes. The 15 studiesthat enrolled intrinsically
motivated participants reached a median enrollment target of
137% (IQR 98%-226%), and the 22 studies that enrolled
extrinsically motivated participants reached amedian enrollment
target of 126% (IQR 102%-213%). The median completion rate
of studies that focused on intrinsically motivated participants
was 41% (IQR 20%-49%), whereas those that included
extrinsically motivated participants had a median study
completion of 62% (1QR 43%-78%; Figure 3).

Studies that enrolled intrinsically motivated participants had a
median duration of 14 weeks (IQR 12-26) and had participants
complete a median of 30 (IQR 12-36) tasks per month.
Approximately half of these studies (7/15, 47%) offered passive
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monitoring of health data or had participants complete lower
complexity, repetitive daily tasks (7/15, 47%).

Studies that enrolled extrinsically motivated participants had a
median duration of 12 weeks (IQR 12-14) and had participants
complete amedian of 26 (IQR 7-30) tasks per month. Some of
the studies (9/22, 41%) offered passive monitoring of health
dataand fewer offered participants|ower complexity, repetitive
daily tasks (7/22, 32%).

Incentives or nudges for recruitment of intrinsically motivated
participants were offered only in 4/15 (27%) studies and
incentives or nudges for retention were offered in 9/15 (60%)
studies. For studies that targeted extrinsically motivated
participants, incentives or nudges for recruitment were offered
in 12/22 (55%) studies and incentives or nudges for retention
were offered in all (22/22, 100%) studies.

Statistical significance testing did not reveal evidence for an
effect of intrinsic or extrinsic study motivations or the provision
of incentives and nudges on study enrollment or completion
outcomes (Multimedia Appendix 7).

Figure 3. Study completion based on participant motivations and study requirements.
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Hypothesis 2: Study Outcomes Based on Task
Complexity and Study Design

In this section we link evidence from the study task complexity
with the scientific requirements criteria of our framework to
assess study enrollment and completion outcomes.
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Interventional studies achieved a median enrollment target of
128% (IQR 100%-150%) and observational studies a median
enrollment target of 103% (IQR 102%-370%). | nterventional
studies achieved a median study completion of 55% (IQR
38%-79%) and observational studies achieved a median study
completion of 43% (IQR 22%-60%; Figure 4).
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A total of 28 interventional studies had a median duration of
12 weeks (IQR 12-14) and had participants complete amedian
of 16 (IQR 4-30) tasks per month. Few interventional studies
(8/28, 29%) offered passive monitoring of health data and had
participants complete lower complexity, repetitive daily tasks
(8/28, 29%).

Nine observational studies had a median duration of 26 weeks
(IQR 12-26 weeks) and required participants to complete a
median of 30 (IQR 29-35) tasks per month. Most observational
studies (7/9, 78%) offered passive monitoring of health data
and had participants complete lower complexity, repetitive daily
tasks (6/9, 67%).

Figure 4. Study completion based on study design and requirements.
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Approximately half of the interventional studies (15/28, 54%)
provided incentives or nudges for recruitment, and 26
interventional studies (26/28, 93%) provided incentives or
nudges for retention. Only 1 observational study (1/9, 11%)
provided an incentive for recruitment, while 5 (5/9, 56%) of the
observational studies provided incentives or nudges for
participant retention.

Statistical analyses did not reveal evidence for an effect of task
complexity or study design on study enrollment or completion
outcomes (Multimedia Appendix 7). The observed coefficients
only suggest weak or no correlations, which were not
statistically significant (Multimedia Appendix 7).
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Principal Findings

The studies from our sample were primarily interventional.
Most studies targeted extrinsically motivated participants for
shorter-length studies and provided incentives or nudges to
recruit or retain participants. Around half of the studies provided
measures to reduce participant burden through passive data
collection or by requiring participants to complete frequent,
shorter tasks. The study samplerevealed high values of achieved
target participant enrollment and retention. These findings
suggest that the criteria defined in our framework may have an
impact on the studies’ enrollment and compl etion outcomes.
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in studiesthat targeted intrinsically motivated participants. Study
completion in these studies waslower than in those that targeted
extrinsically motivated participants. This may be due to
researchers requiring intrinsically motivated participants to
complete more tasks per month in comparison to studies with
extrinsically motivated participants or due the provision of
additional incentives in studies with extrinsically motivated
participants. Furthermore, the provision of lower complexity,
daily repetitive tasks was similar between studies with
intrinsically or extrinsically motivated participants. Our study’s
preliminary qualitative analyses, although the results did not
reach statistical significance, indicate that the provision of
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incentives or nudges as well as the reduction of required tasks
from participants may contribute to higher study completion.

Exploring our second hypothesis, differencesin study enrollment
and completion outcomes are aso observed between
interventional and observational study designs. Here, higher
enrollment is observed in interventional studies, despite higher
efforts from most of the observational studiesin our sampleto
achieve wider reach study recruitment and simplify enrollment
procedures. Interventional studies revealed a higher study
completion, although fewer measures to reduce participant
burden were provided. We find that our framework provides
preliminary relevant criteria and findings relevant to remote
digital health study participation to guide researchers in study
planning.

Comparison With Prior Work

Descriptive Assessment of Participation Strategiesin
Remote Digital Health Studies

Descriptive results from our study sample revea a preference
for investigators to provide incentives and nudges to retain
rather than recruit participants. Researchers’ choiceto focuson
retaining participants could be in response to reported high
attrition ratesin digital health studies[15,83-85]. If participants
are not retained, the quality of the evidence base of a study is
decreased. From our study sample, the lower provision of
incentives or nudges at recruitment could have likely been
motivated by higher participant reach through open social
networks, multimodal recruitment strategies, and user-friendly
interfaces [48-64,80,81]. The replacement of in-person
enrollment procedures with mobile-forward proceduresthat are
easy to use, specificaly, enables easier study enrollment, as
mentioned in 8 of our studies [6,50,53,55-57,65,66]. However,
it isimportant to consider that successful recruitment strategies
do not necessarily trandate into high participant retention. This
could be due, in part, to unrepresentative samplesthat enroll in
astudy to collect financial incentives and then dropout [86,87].
Studies may be highly effective if they place equal importance
on their recruitment and retention strategies, while applying
sample validation approaches to ensure the representativeness
of their study sample.

Studies of shorter durations reported lower study completion
than those of longer durations. This is inconsistent with the
observation that studies that ran for 12 weeks or less required
less tasks to be completed by participants than in studies' that
ran for over 12 weeks. However, half of the longer duration
studies reduced participant burden by asking them to complete
repetitive, short-length tasks once aday [52,54,56,62,67-69,80].
For most of these studies, these tasks could be completed at any
point in time during the day and the compl etion of all taskswas
made optiona. The majority of longer duration studies also
collected data passively through smartphones or wearable
sensors [7,48,51,54,60,61,67,70,71]. These findingsarein line
with recent literature on best practicesto maximize participation
in longitudinal digital health studies [88,89]. Specificaly,
evidence aligns with our observations that the integration of
short, repetitive tasks that align with participants’ daily livesis
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more likely to achieve higher participation in comparison to
longer, infrequent taskswith higher cognitive burden [49,72,90].

Few studiesin our sample involved onboarding procedures for
participants. This may be due to investigators possible
preference for in-person interactions during study enrollment.
Previous literature on this topic suggests that interacting with
participants virtually, rather than in person, may contribute to
higher study attrition [16,83,91]. However, a growing body of
recent literature points to the potential of leveraging a
combination of user-centered methodologies and easier user
interfaces to personalize study designs and maintain high
engagement through personal (remote) contact by allowing
participantsto build trust with researchers[92-95]. Furthermore,
survey responses from 2 studies in our cohort that compared
in-person and remote procedures reported high participant
satisfaction with the remote interactions with investigators
[43,51]. Neverthel ess, amore thorough investigation on therole
of in-person versus remote onboarding procedures is missing
in the literature. This calls attention to a potentially essential
step in remote digital health research that is understudied yet
could significantly impact study participation.

Exploration of Hypotheses From Relationships Between
Framework Criteria and Outcomes

On average, the studiesin our sample enrolled more participants
than their target sample size calculations, with studies that ran
for 12 weeks or less achieving higher enrollment targets than
studies that ran for longer than 12 weeks. The median study
completion rate was approximately 50%, which is relatively
high when considering that retention rates as low as 10% are
common in digital health research [7,28,96].

A description of our study sample provides indications of a
possible higher study completion for studies that provide
incentives or nudges. This was observed with interventional
studies that, despite providing fewer lower complexity tasks
from participants than the observational studiesin our sample,
managed to achieve higher study completion. The higher study
completion could be due to interventional studies providing
more incentives or nudges to participants than observational
studies. The provision of incentivesin studiesis consistent with
recent approaches that use willingness to accept estimations or
incentive matching with local wages to enable higher study
enrollment and completion [97-101]. Furthermore, the choice
of offering nudges to study participants is supported by recent
adaptations to the nudge theory, which claims that providing
motivational elements in digital health research may affect
decision making in study participants [102]. In recent studies,
different forms of nudges, or motivational strategies, such as
gamification, personalization of the digital solution, and peer
support (eg, through citizen science methodologies [2]), have
been reported as successful in maintaining high user retention
[103-105]. The creation of online communities and support
groups was also mentioned in 9 of our studies as a key
contributor for participant retention
[49,51,60,62,65,70,73,74,81].

Enroliment for interventional studies was higher than for
observational studies. This was observed despite wider reach
study recruitment and easier enrollment procedures efforts
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through digital recruitment channels and mobile technologies
observed in most observational studies from our sample
[49,54,61,75,76]. Observational studies also achieved lower
completion outcomes despite providing tasks that reduce
participant burden, which pointsto apossiblelack of appropriate
nudges to avoid participants dropping out after enrollment. It
was also observed that studiesfocused on intrinsically motivated
participants enrolled participantsfor longer studies and required
them to complete more tasks, while providing less incentives
or nudges than in studies focused on extrinsically motivated
participants. This may have contributed to selection of specific
participant profiles and higher loss to follow up, as evidenced
by lower completion of studies with intrinsically motivated
participants. Conversely, the studieswith intrinsically motivated
participants that achieved study completion values higher than
the median of this group of studies predominantly focused on
participantsat risk or with chronic conditionsin an observational
study format [54,67,69,71,75]. This observation aligns with
recent literature on the prominent role of disease status in
enabling higher study retentionin digital health studiesthrough
intrinsic motivations [19,106,107].

Our analyses yielded no statistical evidence to support our
hypothesis of an interaction between factors that affect
participation in remote digital health studies and the study
outcomes. However, the lack of statistical support for the other
criteria does not invalidate our hypotheses. First, only few
remote digital health studies were identified that provided
detailed information on approaches used to enhance study
enrollment and retention in their methodol ogies. Thiswarrants
more systematic reporting of remote digital health study
operations. Second, publication bias may have influenced our
statistical calculations. For example, studiesthat failed to reach
the target sample size may not have gotten published in
peer-reviewed journals. This may have biased our correlations
toward the null hypothesis. Third, there were observed
preferencesfor thetarget participant profiles (eg, levelsof digita
literacy) and the study procedure that likely had an impact on
the studies outcomes. To enable future assessments that
evaluate whether specific participation factors, such as mental
tasks that impact cognitive burden, have an impact on study
outcomes, it isrecommended to report these factorsindividually
in remote digital health studies. The availability of these data
could enable more comprehensive reviews that can thoroughly
investigate these interactions through statistical analyses, as
well as morein-depth explorations of participation enablers and
inhibitors through digital survey studies.

I nconsistencies of Study Completion Measures

Heterogeneity in researchers choices to measure study
compl etion was observed in our sample. Although all the studies
we assessed outlined the expected tasksfor the study participants
to complete in their methodologies (or in referenced larger
studies or protocols [55,108-115]), only 3 measured study
compl etion based on the achievement of all tasks defined inthe
study [64,77,81]. Interestingly, 9 studies measured study
completion based on researcher-defined criteria for task
completion (eg, completion of 1 task within a 30-day period)
specific to their study design [49,53-55,60,61,73,75,80]. Given
the novelty of digital health research, the choice of different
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study completion metrics by researchers is not surprising.
However, this poses difficulties in alowing for direct
comparisons between studies, as the former approach can be
regarded as more conservative, while the latter more lenient. It
is, therefore, important that study completion metrics are studied
in moredetail to determine whether aone-size-fits-all approach
should be taken for al studies, or if bespoke approaches to
measure completion are more suitable.

Future Directions for Remote Digital Health Study
Planning

Although our statistical analyses were inconclusive, we
conducted an initial exploratory assessment of the study’s
qualitative data. We adapted the conceptual framework based
on best practices found from an assessment of our study
sample's descriptive results that can inform future planning of
remote digital health studies:

Adapt incentives and nudges provided to participants based
on their motivation profile: offer different incentives or
nudges at each key step of the study procedure. Monetary
incentives may contribute to higher study enrollment
[48,53,55-57,70,78], after sample validation [86,87],
whereas nudgesin the form of assi stance during onboarding
[48,55] and the provision of reminders[50,53,55,60,64,73]
or aparticipant community (eg, through citizen science[2])
could contribute to higher retention. Astechnology replaces
in-person interactions, the procedures set in place should
be user-friendly [50,53,55-57,65,66] and enable participants
to build persona relationships, with either study participants
or study investigators [116]. An adequate assessment of
participant profiles and their motivations to join the study
can help adapt the provision of incentives or nudges. It is
recommended that study investigators do not underestimate
the requirement for additional incentives or nudges with
intrinsically motivated participantsin their study planning.

« Reduceand simplify the study’ stasks: reducing the number
of tasks required from participants in combination with
providing incentives may achieve higher enrollment and
completion in studies with intrinsically motivated
participants, especialy if they align with participants' daily
lives[53-55,60,78,79]. The use of digital toolswith simpler
user interfaces and passive monitoring can also facilitate
task compl etion by reducing participants’ cognitive burden
[49,54,60,73,78,79]. The implementation of onboarding
procedures may also increase participants trust,
understanding of, and confidencein the study [43,51]. Based
on our preliminary assessment of the upper quantile of our
results, the required number of physical tasks in studies
with intrinsically motivated participants should ideally not
exceed 36 steps per month.

« Broaden the scientific requirements: adjust the design of
the investigation and target sample size by simplifying the
study’s research question. Broader research questions that
affect larger population groups may help with achieving a
representative study sample, which can be generalized to
wider populations [49,54,61,67,75]. Study designs that
consider participant motivations, the provision of incentives
or nudges, and task complexities can contribute to higher
study enrollment and compl etion outcomes.
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We al so suggest more systematic reporting on these criteriafor
study enrollment and completion to facilitate further quantitative
assessments and knowledge exchange. This is particularly
relevant because, compared with traditional health studies,
remote digital health studies bring upon additional, less
well-studied challenges. To facilitate the devel opment of remote
digita health study methodologies, revised study planning
approaches, as voiced previously by others[16], are necessary.
Thisisalso of relevancefor hybrid or fully decentralized trials,
where their reliance on remote procedures aso affects
participation [117,118]. There is aso a need for systematic
reporting of additional procedural aspects of study execution
with remote digital health studies. Specifically, different
reporting requirements are encouraged, such as adapted sample
size calculations, approaches to remote recruitment, and
onboarding of participantsin the“Methods’ sections of studies,
aswell asdetailed participant descriptionsand aligned reporting
of study completion measures in the “Results’ sections of
studies. The formulation of reporting guidelines, similar to
STROBE (STrengthening the Reporting of OBservational
studies in Epidemiology) [119], mERA (mobile health
[mHealth] evidence reporting and assessment) guidelines[120],
and CONSORT-EHEALTH standards [27], as well as further
refining our conceptual framework with more evidence asit is
made available, could be afirst step in this direction.

Strengths and Limitations

To our knowledge, our study isthefirst inthefield that provides
a comprehensive overview of the facilitators and barriers to
participation in remote digital health studies. Our study isalso
the first to provide evidence-based guidelines to inform future
remote digital health study planning. However, our study has
limitations. First, thereisno unified definition of aremote digital
health study. As such, a broader definition could have yielded
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more studies of interest from our search strategy. Second, the
analysis is reliant on inconsistent criteria for the outcomes of
interest defined by the investigators of our study sample, such
as approaches to calculate study completion. In this study, we
grouped these criteriainto 3 categories of outcome measures,
however, a comparison of study outcomes with full accuracy
was not possible. Third, the studies are classified based on
criteria and assumptions defined by the investigators (eg,
definition of task complexity), which we attempted to keep as
broad as possible based on available literature in the field.
Nevertheless, other variables as well as measures for the
classifications and definitions could be possible. Fourth, the
analyses were conducted based on a limited set of hypotheses
defined in this study; more hypotheses could also be possible.
Lastly, our study’s dua review approach, based on random
screenings, instead of a complete dual screening, may have led
to missing studiesin our final study sample.

Conclusion

In this study, we describe a conceptual framework to introduce
criteriathat affect remote digital health study participation from
a person-centered lens. We apply this framework to remote
digital health studies to explore hypotheses on the factors that
affect participation outcomes. The compiled data from our
scoping review reveal that targeting specific participant profiles,
the provision of incentives and nudges, or the reduction of study
complexity at any stage of the study may improve study
outcomes. Future remote digital health study planning requires
a focus on participant requirements, as well as broadening
scientific requirements to increase participation in studies. Our
proposed framework provides an initial structure to facilitate
remote digital health study planning, but we highlight the need
for systematic reporting guidelinesto enable further assessments
and knowledge exchange.
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Abstract

Background: Communicating strategically isakey issuefor health organizations. Over the past decade, health care communication
via social media and websites has generated a great deal of studies examining different realities of communication strategies.
However, when it comes to systematic reviews, there is fragmentary evidence on this type of communication.

Objective: The aim of this systematic review was to summarize the evidence on web ingtitutional health communication for
public health authorities to eval uate possible aim-specific key points based on these existing studies.

Methods: Guided by the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) statement, we
conducted acomprehensive review across 2 el ectronic databases (PubMed and Web of Science) from January 1, 2011, to October
7, 2021, searching for studies investigating institutional health communication. In total, 2 independent researchers (AN and SS)
reviewed the articles for inclusion, and the assessment of methodological quality was based on the Kmet appraisal checklist.

Results: A tota of 78 articles were selected. Most studies (35/78, 45%) targeted health promotion and disease prevention,
followed by crisis communication (24/78, 31%), general health (13/78, 17%), and misinformation correction and health promotion
(6/78, 8%). Engagement and message framing were the most analyzed aspects. Few studies (14/78, 18%) focused on campaign
effectiveness. Only 23% (18/78) of the studies had an experimental design. The Kmet eval uation was used to distinguish studies
presenting a solid structure from lacking studies. In particular, considering the 0.75-point threshold, 36% (28/78) of the studies
were excluded. Studies above this threshold were used to identify a series of aim-specific and medium-specific suggestions as
the communication strategies used differed greatly.

Conclusions. Overdl, thefindings suggest that no single strategy works best in the case of web-based health care communication.
The extreme variability of outcomes and the lack of aunitary measure for ng the end points of aspecific campaign or study
lead us to reconsider the tools we use to evaluate the efficacy of web-based health communication.

(J Med Internet Res 2022;24(9):€38541) doi:10.2196/38541
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internet-based communication; websites; social media; public health; efficacy; systematic review; communication; internet-based;
health information; exchange; health care; web-based; campaigns
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Introduction

Background

Communicating strategically requires aclearly defined strategy
with specific goals established in advance. The core agenda of
strategic communication is the analysis and explanation of
intentional and purposeful communicative rel ationships between
organizationsand the public[1]. That being said, it isimportant
to point out that organizations make strategic decisions about
the level and nature of resources they devote to such efforts,
modulating their tone and tenor of communication depending
on the audience they want to appeal to [2]. In the field of
institutional health care communication, thisthemeisespecially
relevant, as illustrated by the WHO fact sheet on the Strategic
Communications Framework for Effective Communications[3].
In this document, the World Health Organization wanted to
establish a framework to describe a strategic approach for
effectively communicating heath care—related information,
advice, and guidance acrossabroad range of healthissues. This
resulted in the identification of 6 key principles: accessibility,
actionability, credibility and trustworthiness, relevancy,
timeliness, and understandability. However, we can observe
that these guidelines are not specific enough and, on the
contrary, appear to be too broad. Looking at the existing
literature, it is also possible to observe a lack of specific
evidence regarding the effectiveness of those studies on
ingtitutional health care communication. Therefore, it is
important to be ableto effectively communicate with the public
at large. This would allow public health officials to minimize
damage and possibly prevent widespread illness and diseases.
Providing accurate and verifiableinformation is also paramount
to keep the public informed and alow them to take the
appropriate action. One of the main aims of this systematic
review wasto analyze acorpus of studies on institutional health
care communication to see whether it is possible to extrapolate
aim-specific key points based on these existing studies.

Asof January 2021, there were 4.66 billion active internet users
on the web; 59.5% of the entire population [4]. With the
dramatic increase in internet access, there has been a parallel
increase in the use of the internet as a platform for the delivery
of public health interventions across awide range of conditions
and population segments [5]. Over the past decade, health care
communication via social media and websites has generated a
great deal of studies examining different redlities of
communication strategies [6-8]. However, this vast diffusion
of internet health care communication isadouble-edged sword,
as demonstrated by the infodemic [9] occurring during the
ongoing COVID-19 pandemic. In this context, along with the
diffusion of trustworthy information and guidelines from
governments and health care organizations, a massive wave of
falseinformation has also spread. Although misinformation has
spread throughout history, social media and technological
advancesin communication have amplified itsimpact, making
it difficult for information from official sources to spread
effectively without being drowned by this false information
[10]. Thus, the absence of specific guidelines to effectively
communicate viasocial mediaor websites has posed aproblem
that isyet to be addressed properly, as public health institutions
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have struggled to find their footing in this area, as well as a
unified communication strategy for the diffusion of official

messages [11].

The current evidence on internet-based health care
communication appears to be rather fragmentary and localized
according to topic- and platform-specific criteria. A number of
other systematic reviews were published over the past 10 years
[12-18]. In particular, the systematic review by Moorhead et al
[18] claimsthat thereisalack of communication about the uses,
beliefs, and limitations of social media for health
communication. In total, 2 other systematic reviews [14,17]
deal with providing evidence of effectiveness for studies on
web-based communication, concluding that effectiveness was
only sparsely reported and reach was only being assessed among
those involved in the research process. Going into even more
specific accounts asrel ated to web-based health communication,
the studies by Alamoodi et a [12], Kim [15], and Lehto and
Oinas-Kukkonen [16] deal with the public’s perception of this
type of communication in 3 different instances: trust in websites,
persuasive features of web-based interventions, and application
of sentiment analysis. Even in this case, the conclusions leave
asubstantial gap to befilled with future research. Onelast study
[13] focuses on a completely different aspect of social media
communication by basing its text collection on studies on
specific social media platforms rather than on specific
interventions made on the web at large. More specificaly,
picture-based social media such aslnstagram, Pinterest, Tumblr,
and Flickr arethe platforms taken into account. In this case, the
focus is on images used as vehicles for hedth care
communication. However, most of these studies appear to be
observational, and only few provide more specific intervention
tools.

Objectives

The objective of this systematic review was to form a more
comprehensive and extensive account on the matter of
web-based health communi cation (especially making reference
to national health care institutions and nongovernmental
organizations) than the aforementioned studies through a
comprehensive bibliographic search of articlesdealing with this
topic over multiple platforms. In addition to identifying the
most relevant articles on this matter, this review tried to define
a series of key points as comprehensively as possible that can
be applied to heath campaigns spread through websites or
different social media by health organizations.

Methods

This systematic review was carried out according to the
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) guidelines[19].

Information Sources

The literature search covered the period from January 1, 2011,
to October 7, 2021—as web-based communication has
undergone arapid and drastic change over the past decade and
research published before this date can appear to be rather
obsolete and misleading for the scope of this study—and was
carried out using electronic databases. The research processwas
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separated into 2 parts: (1) research via electronic databases
(PubMed and Web of Science) and (2) research through analysis
of relevant systematic reviews (bibliographies were analyzed,
and suitable articles were assessed for eligibility).

Search Strategies and Study Selection

A bibliographic search was conducted on PubMed and Web of
Science using the following search string: (Social Media OR
Twitter OR Facebook OR Instagram OR Website) AND
(communication strategy*) AND (health OR public health OR
organization* OR agenc* OR risk) NOT (hospital* OR
practitioner*).

Duplicates were identified via Zotero (Corporation for Digital
Scholarship) [20,21] and eliminated.

Search results were initially evaluated based on the title and
abstract by 2 independent reviewers (AN and SS), which
resultedinthe exclusion of al clearly irrelevant articles. In case
of disagreement between the 2 parties, a third member of the
team (FC) wasincluded to resolve all conflicts.

All studiesidentified in this preliminary evaluation phase were
considered eligible for assessment based on the exclusion and
inclusion criteria stated in the following section.

Inclusion and Exclusion Criteria

We included articles according to the following criteria
peer-reviewed or book section; published between January 1,
2011 and October 7, 2021; and written in English.

Asfor the research topic, we included research papers focused
on social media—or website-based institutional communication
strategies for health care promotion and health care promotion
campaigns organized by public authorities or health care-related
nongovernmental organizations spread via social media or
websites and that illustrated their communication strategies.

Weexcluded al publicationsrelated to communi cation strategies
applied to physician-patient communication, telemedicine, and
hospital portals addressing patients; articlesrelated to marketing
communication and private ingtitutions were also left out. The
exclusion criteria also comprised qualitative studies and
preliminary and exploratory articles.

Quality Assessment

The methodological quality of each study was assessed by 2 of
the authors (FC and AB) using the Kmet tool for evaluating
guantitative and qualitative research [22]. A score between 0
and 1 was assigned to each paper based on a series of questions
related to the type of study. Examples of items include the
following: description of the research objective, appropriateness
of the study design, description of participant characteristics,
blinding, sample size, analytic methods, estimates of variance,
control of confounding factors, and reporting of results and
conclusions. A score of >0.75% was considered good quality,
0.55% to 0.75% was considered adequate quality, and <0.55%
was considered poor quality. Any disagreements were resolved
through discussion among the authors until a consensus was
reached. Interrater reliability for the Kmet ratings was
established based on k calculations.
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To further analyze the difference in the distribution of studies
according to their quality, chi-square or Fischer exact testswere
carried out analyzing the differences between the number of
studies above and below the 0.75-point threshold.

Data Collection and Analysis

We categorized the studiesinto 4 groups according to the topic
addressed: crisis communication, health promotion and disease
prevention, general health, and misinformation correction and
health literacy. For public health emergencies, risk
communication includes a range of communication capacities
with the aim of encouraging positive decision-making, positive
behavior change, and the maintenance of trust. This definition
seems to be applicable to both the crisis communication and
health promotion and disease prevention categories [23].
However, there is an important difference in the aims of these
2 types of communication: in the case of health promotion and
disease prevention, health messaging advocates for an ongoing
behavior change (ie, a behavior that requires an individual to
keep up with ahabitual activity); differently, inthe case of crisis
communication, the behavior changethat ispromotedis episodic
and valid only in the case of aspecific emergency [24]. Finally,
those studies not dealing with any of the aforementioned
categories were classified under general health. This was the
casefor studies analyzing theimpact of acertain communication
theory on communication or studies that globally analyzed a
certain communication medium.

We further categorized articles according to their primary
evaluation aspects. These are engagement, message framing,
and campaign effectiveness. First, engagement is defined as a
psychological and behavioral attribute of connection, interaction,
participation, and involvement designed to icit an outcome at
the individua or socia level [25]. In particular, in the case of
social media, it is closely related to the concept of interaction
with posts, where engagement is measured as the sum of the
number of likes, comments, and shares[26]. Second, campaign
effectiveness is closely related to the change in one's attitudes
and behaviors regarding a certain issue [27]. Finaly, message
framing constitutes the way in which a certain message is
expressed and carried out (eg, gain- or loss-framed messages),
and its content and connotative structure can prove effectivein
motivating individuals to engage in health-related behaviors
[28].

Regarding study design, we categorized as experimental those
studies where a specific intervention was recorded. More
specifically, this can mean subjecting a group of individualsto
different iterations of apost to see how itsframing affectsthem.
In the observational category, we included cross-sectional
studies aimed at analyzing how a popul ation sample reacted to
a specific intervention (eg, the implementation of a certain
campaign). Finaly, content analysis refers to the analysis of a
specific collection of posts with regard to their characteristics
and the engagement generated.

To further analyze the effects of the threshold applied to the
studies in this systematic review, the Fischer exact test was
carried out analyzing the differences between the number of
studies above and below the 0.75-point cutoff for all
communication media.
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Reported in Figure 1 is the PRISMA flow diagram for this  specific systematic review.

Figure1l. PRISMA (Preferred Reporting Items for Systematic Reviews and

Meta-Analyses) flowchart for this systematic review.
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Results (50%) were carried out in the United States, 3 (13%) were
carried out in China, and 3 (13%) were carried out in Canada.
Overview Engagement was the most represented primary eval uated aspect

Of the 288 relevant articles selected, 78 (27.1%) met the
inclusion criteriaand were considered for this systematic review.
These articles were divided into 4 categories according to the
primary evaluated aspect of the study: (1) studies on crisis
communication, (2) studies on health promotion and disease
prevention, (3) studies on general health, and (4) studies on
health literacy and misinformation correction. In particular, the
latter category comprised studies on topics that appeared only
afew times throughout the corpus, making it difficult to group
them by themselves. Overall, the Kmet score of the evidence
reviewed ranged from 0.40 to 0.93, with an average score of
0.75 (SD 0.10) and a correlation coefficient of 0.80 between
the 2 reviewers.

Studies on Crisis Communication

Overview

We selected 24 studies dealing with health care ingtitution
interventions on crisis communication (Table 1), of which 12
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(17/24, 71%), followed by message framing (4/24, 17%) and
campaign effectiveness (3/24, 13%). In this category, the Kmet
evauation score resulted in an average of 0.73 points, with a
correlation coefficient of 0.85.

Overadl, in this group, studies focused for the most part on the
analysis of collections of posts and inquiries (21/24, 88%),
whereas the rest (3/24, 13%) focused on the analysis of people
as participants. Consequently, the design of these studies
included a high percentage of content analyses (14/24, 58%),
observational studies (5/24, 21%), and network analyses (4/24,
17%). As for the media channels analyzed in this group, 83%
(20/24) of the studies focused on only 1 communication
medium, whereas 17% (4/24) dealt with multiple media. Finally,
half of the studies (12/24, 50%) referred to a specific
communication theory.
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Table 1. List of studieson crisis communication (see Multimedia Appendix 1 [24-101] for more details; N=24).

Primary evaluated aspect and communication medium Reference Studies, n (%)
Engagement
Facebook o Dimanlig-Cruz et al [31] 2(8)
« Lwinetd [37]
Twitter « Kimeta [25] 12 (50)
o Dimanlig-Cruz et a [31]
o Hagenetal [32]
« Lauraneta [33]
o Saviketa [34]
«  Mclnnes and Hornmoen [35]
« Voseta [36]
« Suttonetal [38]
« Youngetal [40]
o Guidry et [42]
« Renshaw et a [43]
o Voseta [44]
Instagram « Dimanlig-Cruz et a [31] 2(8)
o Guidry eta [42]
Other social media (SinaWeibo, TikTok, and YouTube) « Cheneta [26,30] 3(13
o Dimanlig-Cruz et a [31]
M essage framing
Facebook » Jang and Baek [47] 1(4)
Twitter « Suttonetal [38] 2(8)
o  Pascua-Ferrd et al [45]
Website o  Ortand Fahr [46] 1(4)
Other social media (Kakao Talk) « Jang and Baek [47] 1(4)
Campaign effectiveness
Facebook « MacKay et a [29] 2(8)
« Duong et a [49]
Website « Harris-Sagaribay et a [50] 1(4)
Other social media (YouTube and Zalo) o Duong et al [49] 1(4)
that posts displaying positive emotions can include more videos
Engagement P pargp

In 71% (17/24) of the studies, the primary aim was to assess
the success of engagement techniques in web-based
communication both on websites and social media

First, what emerged in the study by MacKay et a [29] was that
public health agencies and news media should use guiding
principles consistently to increase positive sentiment and build
trust among followers.

Another study by Alamoodi et al [12] was focused on TikTok
with the aim of determining the factors and influencing
mechanisms related to citizen engagement with the TikTok
account of the National Health Commission of China during
the COVID-19 pandemic. The result of this was that shorter
videos are preferred to longer ones, and a positive emotion is
better suited than a negative one. Similarly, a study carried out
in China[30], thistime on the platform Sina Weibo, concluded
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or pictures, whereas plain text is more suitable for posts with
negative emations.

The studies by Dimanlig-Cruz et al [31], Hagen et a [32],
Lauran et a [33], and Slavik et al [34] dealt with targeting
specific population groups. The first and most generalizable
study is the one by Lauran et al [33], who stated that deciding
on 1 actor and 1 (homogeneous) stakeholder group is not the
right strategy. What is advisable is to take the perspectives of
the multiple stakeholdersinto account (and find opinion leaders
within those groups) when deciding on the communication
strategiesto use and to refrain from introducing anew, unrelated
issue into the discussion before the original issue is handled.
Similarly, according to Hagen et a [32], public heath
organizations can benefit from understanding the types of
content that are transmitted through specific socia media
platforms and identifying key participants who are authoritative,
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popular, and connected with disparate communitiesto efficiently
communicatewith the public. Asfor the study by Dimanlig-Cruz
et al [31], given the high number of youths on Instagram and
YouTube, public health officials may want to consider targeting
youths on these sites; similarly, Slavik et al [34] tried to assess
tweeting practices during public health crises to improve risk
communication and maximize engagement. What emerged was
the need for public health agenciesto monitor Twitter analytics
to understand their audience and leverage whatever Twitter
engagement strategies help maximize the shares of their
communications.

Creating a community was also a very important point in these
studies as coordinating communication efforts by frequently
interacting with other organizations to boost one's network
position can facilitate further communication efforts [25]. In
particular, what emerged is that organizations should consider
retweeting content from health information sources with ahigh
number of Twitter followersif they want to build up their own
follower base and that health agencies should coordinate their
communication efforts by frequently interacting with each other.
This will boost their network position and facilitate further
communication efforts. Another key strategy for public health
agencies might beto develop acommunity of trusted userswith
their own significant base of followers who will pass on tweets
from health authorities[35]. In the event of an outbreak, prompt
responses from the authorities can bevital in crisis management,
as explained by Vos et al [36], who stated that public health
officials may want to emphasize the severity of an emerging
infectious disease. Efficacy information isan important message
element in encouraging an effective response. Precise guidelines
have also been proposed in the event of a specific outbreak
(COVID-19) or with regard to specific communication channels
(Twitter). In the case of COVID-19, Lwin et al [37] focused on
the dissemination of posts regarding the COVID-19 pandemic,
and their findings showed that the public liked and shared the
most in the preoutbreak phase and engaged with posts much
less during the outbreak, aswell asthefact that the public liked
the most the posts that encouraged self-efficacy. Furthermore,
in an uncertain environment, public agencies can reach the
public—and increase message sharing—with a wide range of
practical information regarding the health impacts of COVID-19,
protective action measures, and the progress of the pandemic
itself. At the same time, some tactics useful in other disasters
(such as sentence styles that use exclamatory and interrogative
punctuation) were counterproductive during the COVID-19
pandemic [38]. Asfor studies on Twitter, according to Tang et
a [39], the main takeaway was that public health agencies
should continue to use Twitter to disseminate information,
promote action, and build communities, especially by targeting
specific population groups. Similarly, Young et a [40] focused
on chats, concluding that this means of communication was
effective at answering questions about disease, creating aforum
for targeted criticism, and promoting conversation among
participants. Government accounts could also take full advantage
of social media functions, especially mentions, hashtags, and
the number of original posts, and add pictures and text length
appropriately to increase interactions with the public and
improve the level of engagement [41].
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Asfor the strategiesthat proposed taking more technical aspects
into account, the studies by Guidry et a [42], Renshaw et al
[43], and Vos et al [44] offered interesting insights. First,
according to Renshaw et a [43], focusing on useful content
rather than gimmicks to go viral would be helpful in the long
run. Having meaningful content such as relevant images
embedded in posts might be crucial for success and, according
to Guidry et a [42] and Vos et a [44], organizations should
create messages that illustrate information visually and try to
include threat and efficacy information in messages. They should
also engage social media audiences before public health crises
emerge.

Message Framing

This group comprises 17% (4/24) of the studies, all aimed at
assessing theway in which acertain messageisframed to make
communication as effective as possible. To begin with,
Pascual-Ferréa et a [45] concluded that the integration of social
network analysis is recommended as a best practice in crisis
communication on social media. Ort and Fahr [46] conducted
astudy focused on the interaction between perception of threat
and self-efficacy in a crisis situation. Even in this case, health
messages promoting people’s self-efficacy perceptions may be
preferable to threatening messages. Another study aimed at a
specific part of the population—public health officials—carried
out by Jang and Baek [47] in South Korea concluded that lower
perceived credibility of information from public health officials
was associated with agreater tendency to use web-based news,
interpersonal networks, and social media. The last study [48]
focused on how message construction, style, content, and the
textual content of tweets and embedded images aff ected message
retransmission over the course of the pandemic. In particular,
thefocuswas on tweet effectiveness, thistime studying hashtags
and concluding that public health—oriented hashtag campaigns
may help engage individuals to help them feel part of alarger
collective body and participate locally by contributing
information about their local context.

Campaign Effectiveness

The last group in this category comprised 8% (2/24) of the
studies, aimed at assessing the success of certain campaigns.
First, Duong et al [49] investigated the content and format of
physical distancing messages directed at Vietnamese youths
during the COVID-19 pandemic, concluding that perceived
norms and self-efficacy did not fully account for the association
between interpersonal communication and behavioral intentions.
Second, Harris-Sagaribay et al [50] summarized the lessons
learned through an observational retrospective study when it
comes to improving information dissemination during a health
care crisis. Other than content, the effectiveness of
website-based communication was measured through ease of
navigation and trust in the information provided by the website.

Studies on Disease Prevention and Health Promotion

Overview

This section comprises 45% (35/78) of the articles, all
concerning studiesthat deal with the themes of health promotion
and disease prevention (Table 2). Of these 35 studies, 19 (54%)
were carried out in the United States, 5 (14%) were carried out
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in Australia, and 4 (11%) were carried out in the United
Kingdom. Most studies had to do with engagement (19/35,
54%), 23% (8/35) had to do with campaign effectiveness
strategies and, finally, 23% (8/35) had to do with message
framing. The Kmet evaluation resulted in an average of 0.77
points, with a correlation coefficient of 0.78.

Studies on these 2 topics were mostly based on the analysis of
collections of posts (21/35, 60%) rather than being studies on
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groups of people (14/35, 40%). The study designs were aso
diversified in thisgroup, with the most represented being content
analyses (16/35, 46%) and observational studies (9/35, 26%).
In this group, most studies (27/35, 77%) were conducted on
only 1 communication medium, whereas the remaining 23%
(8/35) dealt with multiple platforms. As for communication
theories, 71% (25/35) of the studies referred to one or more
specific communication theories, and 29% (10/35) did not.
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Table 2. List of studies on disease prevention and health promotion (see Multimedia Appendix 1 for more details; N=35).

Primary evaluated aspect and communication medium Reference Studies, n (%)

Engagement

Facebook Alonso-Cafladas et a [51] 13(37)
Loft et a [52]

Syred et a [53]

Zhang and Zhou [54]
Kiteet a [56]

Lister et a [57]

Parackal et al [58]

Reuter et a [60]

Barklamb et al [61]
Klassen et a [63]

Rus and Cameron [66]
Strekalova and Krieger [67]
Theisset a [68]

Twitter Zhang et a [55] 7 (20)
Lister et a [57]

Rabarison et al [59]

Reuter et a [60]

Kimet al [62]

Guidry et al [64]

Chung [65]

Instagram Reuter et a [60] 4(11)
Barklamb et al [61]
Klassen et a [63]

Alkazemi et al [69]

Website o Listereta [57] 1(3)
Other social media (anonymous discussion platform) o Zhangetal [55] 1(3)

M essage framing

Facebook «  Dockter et a [24] 4(11)
« Borahand Xiao [28]
« Yooetad [70]
o Parackad etal [72]

Twitter « Yooetad [70] 2(6)
o Choetd [71]
« ChungandLim[74]

Instagram « Yooetd [70] 2(6)
« Nobleseta [73]

Website e« ChungandLim[74] 3(9)
«  Whittenetal [75]

Other social media (YouTube, Flickr, Kakao Story, and Naver « Yooetd [70] 1(3)

Band)

Campaign effectiveness
Facebook . Potenteetal [27] 1(3)
Twitter « Allenetd [77] 2(6)

« Yooetad [79]

Website o Harriseta [76] 5(14)
o Frischetal [78]
« Nguyeneta [80]
o Perrault and Silk [81]
Other social media (YouTube and Myspace) « Potenteetal [27] 1(3)
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Engagement
In this group, 54% (19/35) of the studies analyzed the

engagement of campaigns or interventions aimed at promoting
disease prevention or health promaotion measures.

One of the main takeaways from these studies is that the
message format affects the level of users web-based
commitment to health organizationsviasocial media[51]. Other
studies (2/35, 6%) were tied to the assessment of the
effectiveness of different types of posts on Facebook. A study
analyzed the extent to which a post can resonate with an
indecisive parent when it comes to the human papillomavirus
vaccine [52], concluding that designing factual posts so that
they include an emational dimension increased the engagement
with these posts, sponsored content can generate more negative
comments than organic content, and all people should be
addressed in an accommodating manner regardless of their tone.
Although Syred et a [53] stated that moderation can help
maintain the discussion quality and generate new interest and
discussion on acertaintopic, Loft et a [52], by contrast, focused
more on the technical aspects of Facebook posts by stating that
photoswith short commentswere the most effectivein engaging
information consumers and greater use of this post type could
encourage greater audience engagement. At the same time,
professional videos may not be as effective as amechanism for
active audience engagement on social media platforms. Zhang
and Zhou [54] analyzed message efficacy, this time with
particular attention to fear, and proposed a strategy where the
inclusion of more emotional cues such as picturesis emphasized
to arouse fear to motivate information dissemination on social
media. In the social media context (in this case, Twitter and
anonymous web-based discussion platforms), the relative
importance of having clear informational content sent from
organizations would be much greater for generating highly
viewed and shared cancer prevention messages [55].

The studies by Kite et a [56], Lister et a [57], Parackal et a
[58], Rabarison et a [59], and Reuter et al [60] measured
engagement in and of itsalf. In particular, the study by Rabarison
et a [59] focused on a specific aspect of the social mediain
question: Twitter chats. Specifically, chats of this kind should
be used as an engagement tool with the audience by sharing
messages and responding to questions from the public. Focusing
on Twitter, Instagram, and Facebook, Reuter et a [60]
concluded that engagement with a health message on social
media does not indicate user engagement on a website and,
therefore, it is recommended that both metrics be taken into
account when designing health promotion strategies. It wasalso
suggested to combine organic and advertising messagesin health
promotion campaigns. More specificaly, with regard to
Facebook, communication effectiveness could be enhanced
using a two-way communication format, which enables the
promoter to respond to negative comments [58]. Finaly,
according to the studies by Kite et al [56] and Lister et al [57],
effective engagement through Facebook requires both
maximizing the reach of posts through paid boosts and
delivering content that users want to engage with and share to
capitalize on word-of-mouth marketing.
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In total, 6% (2/35) of the studies suggested social media
strategies with the aim of improving engagement by comparing
the work of ingtitutional social media with that of lifestyle
influencers [61] or by investigating the way in which network
structures explain retweeting behaviors[62]. More specifically,
Klassen et a [63] and Kim et a [62] stated, respectively, that
health promotion organizations should try to build relationships
with their usersin asimilar fashion to lifestyle brands and that
influential people should be identified and targeted as their
messages are more likely to be disseminated.

Regarding more technical aspects, the study by Guidry et a
[64] states that, in the case of crisis communication, public
health organi zations should be present on all major social media
platforms, but Instagram may yield the greatest return and user
engagement. The study by Chung [65] was aimed at examining
whether dialogic messages induced greater risk-preventive
behavioral intentions than monologic messages, reaching the
conclusion that frequent posting of tweets with images and
graphsinstead of videos and hyperlinksisbeneficial. Similarly,
according to Barklamb et al [61], strategiesthat were associated
with higher engagement included the use of hashtags and
announcements compared with not prompting engagement
strategies. However, imagery should be carefully used as it
appeared to be apowerful tool for attracting attention and briefly
engaging users (ie, increasing likes) as well as increasing
message transmission (ie, increasing shares). However, the use
of images with information about illness consequences and
control or with messages conveying negative affect could mute
responses[66]. In particul ar, communication effectiveness could
also be enhanced by designing factual posts so that they include
an emotional dimension that could increase engagement [67].
Moreover, according to Strekalovaand Krieger [67], sponsored
content can generate more negative comments than organic
content, and all people should be addressed in an
accommodating manner regardless of their tone. Finaly, users
were more likely to click, share, comment, or like the content
of posts that had photos. Branded, visual content was more
effective in facilitating engagement [68].

Finally, 3% (1/35) of the studies focused on the effectiveness
of communication theories, in particular that of the health belief
model. Analyzing the Instagram accounts of the health
departments of the Gulf Cooperation Council, it wasfound that
the health belief model should be included more in
internet-based communication [69].

Message Framing

Considerably less studies (8/35, 23%) dealt with the topic of
message framing in this category. Thefirst study inthis category
was by Dockter et al [24], stating that content should be
transmitted or retransmitted by well-known, credible sources.
On a more specific note relating to content engagement, Yoo
et a [70] recommended the use of content-oriented social media
when trying to influence risk perception during campaigns, with
particular attention to posts with photos as users were more
likely to click, share, comment, or like this type of content.
Borah and Xiao [28] and Cho et al [71] investigated the effect
of health message framing and the moderating effects of social
endorsement and source type on credibility perceptions of posts,
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resulting in a superiority of gain-framed messages to reach a
positive campaign outcome. Other studies (4/35, 11%) were
tied to the assessment of the effectiveness of different types of
posts on Facebook when it comes to engagement [72]. In
particular, communication effectiveness could be enhanced
using a two-way communication format, which enables the
promoter to respond to negative comments. Nobles et al [73]
examined the demographic profile in photos concerning HIV
prevention and diagnosis, underlining a disparity in the
representation of minorities and marginalized communities.
Another study by Chung and Lim [74] focused on a
long-running campaign on National Breast Cancer Awareness
Month and concluded with 2 observations regarding the efficacy
of frequent posting and the positive impact of photos and images
instead of videos and hyperlinks. Finally, Whitten et al [75]
addressed the presence of information targeting low-literacy,
racially diverse, non—English-speaking, and age-diverse
audiences on breast cancer websites. Theresultswerethree-fold:
if content were tagged according to ethnicity or language, then
this would allow users to browse websites according to the
information that is most personally relevant; it would be
beneficial for websites containing lower-literacy material to
avoid statistical data; and storytelling evidence has demonstrated
the ability to serve asagreater motivator for healthy behaviors.

Campaign Effectiveness

This last group included 23% (8/35) of the studies, which
focused on the assessment of the success of a particular
campaign. Starting again from a more general framework, the
study by Harris et a [76] stated that there are 4 qualities that
are key to influencing trust and the subsequent decision to act
on the advice given. These are information quality,
personalization, perceived impartiality, and design credibility.
Delving deeply into the issue of trust, the studies described in
this section proposed different strategiesto maximizetrust from
theweb users. Socia mediacan also be used effectively in socia
marketing campaigns and is an essential tool in the promotional
mix when targeting young people. According to Potente et al
[27], entertaining peer-to-peer messages can be used to engage
youths with an important health message for skin cancer
prevention. By contrast, Allen et a [77], on the promation of
the human papillomavirus vaccine, recorded no statistically
significant change in the intent to be vaccinated in the next 6
or 12 months after the campaign among those who had not yet
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started or completed vaccination. Focusing on more technical
aspects, Frisch et al [78] stated that websites designed for health
education should include visual presentations of information
such as pictures, charts, or graphs. Similarly, Yoo et a [79]
were concerned with more technical aspects of Twitter
communication, especially when devel oping a Twitter campaign.
Theresultsincluded the need to consider incorporating features
such as hyperlinks to related websites or live chats with health
care providers as well as the creation of tailored messages or
edutainment, which may also be considered to engage people
inthe process of information selection and transmission. Moving
forward from just design structure, theway content is presented
isalso agreat source of studies. In this case, Nguyen et a [80]
offered useful insights, concluding that mode tailoring may be
atool to reduce or prevent the information overload that may
occur when too much information is placed on a nontailored
web page at one time. Other than content, the effectiveness of
website-based communication is measured through ease of
navigation and trust in the information provided by the website.
Perrault and Silk [81] used socia cognitive theory and media
richness theory to prove that the exposure to videos was
responsible for the increased engagement in risk-reduction
behaviors. Another communication theory isthe transtheoretical
model. This was used in the study by Pirzadeh et a [82], who
stated that the transtheoretical model was the most effective
education strategy when it comesto prompting behavior change.

Studieson General Health

Overview

In the category of general health (Table 3), 17% (13/78) of the
studieswereincluded. Of these 13 studies, 9 (69%) werecarried
out in the United States, whereas 3 (23%) were carried out in
the United Kingdom. Engagement was, once again, the most
represented topic (9/13, 69%), followed by message framing
(4/13, 31%). The same proportion holds true when it comesto
studies on collections of posts (9/13, 69%) versus studies on
human samples (4/13, 31%). The study designswere not overly
diversified in this group as 46% (6/13) were observational
studies and 38% (5/13) were content analyses. In thisgroup, all
studies (13/13, 100%) were conducted on a single
communication medium, but only 31% (4/13) were connected
with aspecific communication theory (the remaining 9/13, 69%
were not). The Kmet evaluation resulted in an average of 0.76
points, with a correlation coefficient of 0.82.
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Table 3. List of studies on general health (see Multimedia Appendix 1 for more details; N=13).

Primary evaluated aspect and communication medium Reference Studies, n (%)
Engagement
Facebook « Bhattacharyaet a [86] 3(23)
. Kiteeta [87]
«  Campbell and Rudan [88]
Twitter « Bhattacharyaet a [83] 4(31)
o Fungetal [84]
« Mengeta [85]
e Paketa [90]
Instagram « Kimand Kim[89] 1(8)
Website o Pangetal [91] 5(38)
«  Hungand Stones[92]
o Lazard and Mackert [93]
o Shimand Jo [94]
« Sillenceeta [95]
behavior should be supported as accessto adynamic information
Engagement

In this group, 15% (2/13) of the studies [83,84] focused on the
content of health organizations' Twitter profiles, concluding
that the use of hashtags, URLSs, visual cues, and user mentions
was positively associated with retweets. Another study focusing
on retweets and on the type of message brought on by health
organizations is the one by Meng et al [85]. They defined a
series of recommendations on the matter (ie, designing
efficacious information is the key to increasing the aggregated
number of retweets, crafting information that can raise risk
perception is important to increase the diffusion chain through
person-to-person transmission, and tweets that induce negative
emotions could be more effective in catching users attention
and expanding sharing of the information). A similar study by
Bhattacharya et a [86], this time on Facebook, also stated that
posts containing media or links and expressing positive
sentiments correlated with higher or longer engagement.
Facebook was also the topic of research of Kite et a [87], who
concluded that content providers must encourage engagement
and adapt to the Facebook algorithm to maximize message
exposure while also ensuring that the content is of high quality.
Language also plays an important role in the effectiveness of a
post, as explained by Campbell and Rudan [88], who claimed
that adjusting the language and presentation can be of more
appeal to popular culture. Kim and Kim [89], by contrast,
centered their study on the Instagram presence of the Centers
for Disease Control and Prevention (CDC), stating that the
message design should be different depending on whether the
aim isto increase the number of likes and comments or induce
amore positive response from the public. The dissemination of
health information isalso atopical areaof research, in particular
by Park et al [90], who provided guidelines such as retweeting
content from health information sources with a high number of
Twitter followers to build up an organization’'s follower base.
The study by Pang et al [91] was aimed at creating adesign for
aconsumer health website by supporting different health-seeking
behaviors. In particular, different types of information-seeking
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scopeiscritical for health information seeking.

Message Framing

Thisgroup comprised 4 studies: the studies by Hung and Stones
[92], Lazard and Mackert [93], Shim and Jo [94], and Sillence
et a [95].

Concerning design and website presentation, Lazard and
Mackert [93] stated that high design complexity is often
associated with a better perceived comprehensibility, a greater
perceived usefulness, a greater message quality, and higher
perceptions of visual informativeness. Other than content, the
effectiveness of website-based communication is measured
through ease of navigation and trust in the information provided
by the website. Sillence et a [95] identified the key factors
influencing UK and US citizens' trust and intention to act on
advicefound on health websites (ie, credibility and impartiality).
Moving forward from just design structure, the way content is
presented is also a great source of studies. In this case, Hung
and Stones[92] offered useful insights, stating that, among other
guidelines, to appeal to the public, general terms should
substitute professional terms and simplified text-based content
should be used. Delving deeply into theissue of trust, Shim and
Jo [94] applied theinformation systems success model, ng
that service quality had a significant association with user
satisfaction and that its impact on perceived benefits occurred
indirectly to user satisfaction and intention, thus maximizing
trust from the web users.

Health Literacy and Misinformation Correction

This is the smallest group in this corpus (Table 4), with only
8% (6/78) of the studies. They are divided into 2 categories:
misinformation correction (4/6, 67%) and health literacy (2/6,
33%). Given the scarcity of examples of these types of
interventions, they were grouped together. Of these 6 studies,
4 (67%) were carried out in the United States. Contrary to the
other groups, studies focused on the analysis of engagement
were not present in this group, and only message framing and
campaign effectiveness were represented. All the studies (6/6,

JMed Internet Res 2022 | vol. 24 | iss. 9 [e38541 | p.125
(page number not for citation purposes)


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

JOURNAL OF MEDICAL INTERNET RESEARCH

100%) had groups of participants as their main sample. All the
studies in this group (6/6, 100%) referred to a single
communication medium. Of the 6 studies, 1 (17%) did not
present a reference to a specific communication theory. The
Kmet evaluation resulted in an average of 0.80 points, with a
correlation coefficient of 0.59.

The misinformation correction studies were those by Bode and
Vraga [96], Gesser-Edelsburg et a [97], and Vraga and Bode
[98,99]. First, Bode and Vraga [96] stated that corrective
information provided via an algorithm or social connections
reduces misinformation and is effective as they are considered
credible, whereas Gesser-Edelsburg et al [97] stated that it is
important for organizations to correct misinformation
transparently while at the same time addressing the emotional
aspectsthat may comeinto play in case of conflicts of opinion.
The study by Vraga and Bode [99] was carried out to test the
efficacy of shareableinfographicsto debunk COVID-19 myths.
In particular, one of the solutions found by the authors was that
organizations can debunk misinformation circulating in society
by sharing high-quality information on social media,
emphasizing the facts without waiting to see them shared
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directly in their feeds, which expands the opportunities for
observational correction to occur. Information correction is an
areaof interest that isalso reported in this group, with the study
by Vragaand Bode [98] testing whether the number and source
(user vsthe CDC) of corrective responses affect the successful
reduction of misperceptions. Thus, this study suggests that
organizations should speak up when they see misinformation
on social media and reputable organizations such as the CDC
should monitor social media feeds and immediately attempt to
rebut misinformation when it arises.

The last 33% (2/6) of the studies dealt with health literacy and
were all designed to develop different approaches aimed at
different categories. Thefirst of these studiesisthe oneby Chin
et a [100], which focused on older adults and proposed a
multifaceted approach guided by theories of text comprehension
and document design to improve readability for websites, in
particular claiming that increasing document readability alone
isinsufficient for improving text comprehension in older adults.
Meppelink et a [101] added to this statement by suggesting the
use of a visua representation of information to improve the
retention of information.

Table4. List of studies on misinformation correction and health literacy (see Multimedia Appendix 1 for more details; N=6).

Primary evaluated aspect and communication medium Reference Studies, n (%)
M essage framing

Facebook o  Gesser-Edelsburg et a [97] 2(33

« Vragaand Bode[99]

Website « Chinetal [100] 1(17)
Campaign effectiveness

Facebook « Bodeand Vraga[96] 1(17)

Twitter « Vragaand Bode[98] 1(17)

Website « Meppelink et a [101] 1(17)

Quality Assessment

The Kmet evaluation was used to distinguish between studies
presenting a solid structure and studies lacking those factors,
as made explicit by the low score obtained for the Kmet
evaluation. In particular, considering the 0.75-point threshold,
36% (28/78) of the studies were excluded. To be more specific,
of the 78 studies, 3 (4%) had <0.55 points, 25 (32%) were

between the 0.55- and the 0.75-point mark, and 50 (64%) were
above the 0.75-point threshold.

Table 5 shows the distribution of the studies' quality for each
research category using the 0.75-point mark asathreshold. The
health promotion and disease prevention category had a higher
percentage of good-quality studies than the other categories
(P=.02).

Table 5. Research categories and distribution of quality studies according to the 0.75-point Kmet score threshold (N=78).

Studies below cutoff, n (%)

Studies above cutoff, n (%)

Crisis communication (n=24) 13 (54) 11 (46)
Health promotion and disease prevention (n=35) 10 (29) 25 (71)
General health (n=13) 9 (69) 4(31)
Misinformation correction and health literacy (n=6) 1(17) 5(83)
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Discussion

Principal Findings

Our review providesinsightsinto topics regarding the different
modes of communication used by health care authorities to
engage with the public in different situations, namely, crisis
communication and health promotion and disease prevention.
Previous systematic reviews have dealt with this topic by
focusing on certain specific aspects such as communication
effectiveness for specific channels and situations. This
systematic review aimed to provide amore comprehensive view
of internet-based health communication. The amount of works
included in this study also suggests a high interest in this
particular topic. It is aso worth mentioning that health
communication represents avital point for public health asthe
rapid diffusion of information to the largest possible number of
usersis key when trying to effectively communicate important
information, as also recently seen during the COVID-19
pandemic.

Theresults of this systematic review raise animportant question:
isit possibleto define aseries of key pointsto addressthe basics
of internet-based communication for public health?

To do so, aflowchart (Figure 2) was created, starting from the
basi ¢ distinction between the 2 main themes that are addressed
by the selected studies: crisis communication and health
promotion and disease prevention. The other 2 categories
identified in this review (general health and health literacy and
misinformation correction) were not considered as they were
of too general or too narrow scope to constitute a relevant
sample. This distinction was made necessary as these 2 types
of communication account for 2 almost opposite situations and
purposes.

Going further into thisanaysis, it wasvital to make adistinction
between the different primary eval uated aspects (ie, engagement,
message framing, and campaign effectiveness). This was done
because the conventions and communication strategies used
differed greatly, especially given the different nature of
communication for those purposes. An important point to be
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made regardsthe criteriaaccording to which the key pointswere
chosen to be included in this flowchart. A first measure is
represented by the Kmet score of the study. Asthisscoreisused
to address the overall soundness of the research process, only
the studies that recorded a score =0.75 points were taken into
account. Another measureincluded wasthe repetition of certain
suggested recommendations or conclusionsthroughout the group
in question. What this entailsis that a certain specific proposed
strategy that was repeated at least two times was included in
the final flowchart asit can be assumed that it was more easily
applicable in a more general context. Figure 2 offers a more
thorough rundown of the included key pointsidentified in this
systematic review. Aswe can see, not al the primary evaluated
aspects are paired with one or more key pointsas, in some cases,
the studiesin question did not meet the selected criteria. Asfor
crisis communication, only the engagement category presented
2 key points: one regarding the need to create messages that
visually convey information and the other addressing the need
for health agencies to place themselves in advantageous
positionswhen it comesto rel ationship building on social media.
As for health promotion and disease prevention, engagement
recorded 4 key points having to do with creating effective visual
information, promoting the use of a positive tone in messages,
combining organic and advertising messages, and implementing
a two-way communication. One last indication was made for
message framing, underlying the greater effectiveness of
gain-framed communication.

To be noted is al so the fact that the key points proposed are not
universally applicableto al communication channelsbut, rather,
to specific ones. The proposed flowchart includes indications
as to which communication channel the proposed key points
are applicable to (ie, websites, Facebook, Twitter, Instagram,
and Sina Weibo).

This systematic review met the criteria of Assessing the
Methodological Quality of Systematic Reviews [102], a
measurement tool to assess the methodological quality of
systematic reviews, thus ensuring the accuracy of the reviewed
data. However, som