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Abstract

Gunther Eysenbach**", MD, MPH

The Journal of Medical Internet Research is pleased to offer “ Research Letter” asanew article type. Research Lettersare similar
to original and short paper types in that they report the original results of studies in a peer-reviewed, structured scientific
communication. The Research Letter articletypeisoptimal for presenting new, early, or sometimes preliminary research findings,
including interesting observations from ongoing research with significant implicationsthat justify concise and rapid communication.

(J Med Internet Res 2022;24(7):e41046) doi:10.2196/41046
KEYWORDS

open science; open access publishing; publishing; scholarly publishing; scientific publishing; research; scientific research; research

letter

Did you know that Albert Einstein published hisfamous E=mc?
equation on mass-energy equivalence in roughly 2 pages [1]?
Or that the original and preliminary communication suggesting
the double-helix structure of DNA by Watson and Crick (Figure
1[2,3]) is aso only a little more than 1 page in length? If
winning a Nobel prize is evidence of brilliance, then one may
conclude that the length of a manuscript is not commensurate
with its value.

Becauselessis sometimes more, the Journal of Medical Internet
Research is now pleased to offer “Research Letter” as a new
articletype. Research Lettersin the Journal of Medical Internet
Research are similar to original and short paper types in that
they report the original results of studies in a peer-reviewed,
structured scientific communication. The Research Letter article
type is optimal for presenting new, early, or sometimes
preliminary research findings, including interesting observations
from ongoing research with significant implicationsthat justify
concise and rapid communication.

The Journal of Medical Internet Research is publishing
Research Letters for several reasons. First, the Research Letter

https://www.jmir.org/2022/7/e41046

isan optimal medium for quickly communicating transformative
work, offering authors an opportunity to submit their focused
research work for potentially more rapid peer review and
publication processes simply by the nature of the
communication. Second, larger and more extensive research on
contemporary issues might also produce focused findings that
may be incidental to the primary aims, yet still be valuable to
report. One interesting key result can be displayed in 1 or 2
tables or figures. Additionaly, students and early career
researchers are encouraged to submit Research Letters as a
pathway for reporting their impactful, targeted research projects;
this may offer a stepping stone for these researchers as they
publish work that contributes to the field and to their scientific
growth and professional advancement. For readers, who often
include busy scientists and professional's, Research Letters can
offer new ideas or approachesin abrief and quickly digestible,
yet robust and high-quality, manner. Taking experiences from
other high-impact journals, Research Letters are often highly
cited.
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Figurel. Archived scan of "Molecular Structure of Nucleic Acids: A Structurefor Deoxyribose Nucleic Acid," published on April 25, 1953, by Watson
and Crick [2]. Source: Linus Pauling and the Race for DNA [3].
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MOLECULAR STRUCTURE OF
NUCLEIC ACIDS

A Structure for Deoxyribose Nucleic Acid

“N}'E} wish to suggest a structure for the salt

of deoxyribose nucleic acid (D.N.A.). This
strueture has novel features which are of considerahle
biological interest.

A _slructure for nuecleic acid has nll'ou.rly been
proposed by Pauling and Corey'. They kindly made
their manuscript available to us in advance of
publication. Their model consists of three inter-
twined chains, with the phosphates near the fibre
axig, and the bases on the outside. In our opinion,
this structure is unsatisfactory for two reasons:
(1} We believe that the material which gives the

X-ray diagrams is the salt, not the free acid. Without

the acidie hydrogen atoms it is not clear what forees
would hold the structure together, especially as the
negatively charged phosphates mear the axis will
rapel each other. (2) Some of the van der Waals
distances appear to bé too small.

Another three-chain structure has also been sug-
gastcd by Fraser (in the press). In his maoidel the

‘phosphates are on the outside and the bases on the

inside, linked together by hydrogen bonds. This
structure as described is rather ill-defined, and for
this reason we shall not cormment,
on it.

We wish to put forward a
radieally different structure for
the salt of deoxyribose nucleic
acid. This structure has two
helical chains each coiled round
the same axis (see diagram)., We
have made the usual chemical
assumptions, namely, that each
chain consists of phosphate di-
ester groups joining B-n-deoxy-
ribofuranose residues with 3°,5°
linkages. The two chains (but
not their bases) are related by a
dyad perpendicular to the fibre
axis. Both chains follow right-
handed helices, but owing to
the dyad the sequences of the
atoms in the two chains run
in opposite directions. Hach
chain loosely resembles Fur-

- berg's® model No. 1; that is,
t—-* =N the bases are on the inside of
54 the helix and the phosphates on

g;"l‘ “f:.v::;iriﬁ’r'il|lnl-llr:\lc; the outside. The configuration
Hlibors svinolize the of the sugar and the atoms
B0 phosphate—sugar  pgar it is close to Furberg's
lﬁnhl'm:{;du.“. sof ‘standard confipuration’, the
bBasea holding the chalns  gygar being roughly perpendi-

line marks Lﬂ'ﬁ'nﬁéé‘d;.‘.ﬁ cular to the attached base, There

1.

A

Research Letters should still present origina work that has not
been previously published. Work presented at aconference that
has not been previously published in proceedings can be
submitted as a Research L etter. However, tables or figuresfrom
previously published or submitted papers would not be
considered in a Research Letter. Authors can refer to article
type information on the format of a Research Letter in IMIR
Publication’s Knowledge Base [4]. In this issue of the Journal
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is & residue on each chain every 3-4 A, in the z-direc-
tion. We have assumed an angle of 36° between
adjacent residues in the same chain, so that the
structure repeats after 10 residues on each chain, that
is, after 34 A. The distance of a phosphorus atom
from the fibre axis is 10 A.  As the phosphates are on
the ontside, eations have easy access to them.

The structure is an open one, and its water content
is rather high. At lower water contents we would
expect: the bases to tilt so that the structure could
1‘!‘:50“][! more f!i]lﬂl)ﬂ-l’!f-.

The novel feature of the structure is the manner
in which the two chains are held together by the
purine and pyrimidine bases. The planes of the bases
are perpendicular to the fibre axis. They are joined
together in pairs, a single base from one chain being
hydrogen-bonded to a single base from the other
chain, 8o that the two lie side by side with identical
z-eo-ordinates. One of the pair must be & purine and
the other a pyrimidine for bonding to occur. The
hydrogon bonds are made as follows : purine position
1 to pyrimidine position 1; purine position 6 to
pyrimidine position 6,

If it is assumed that the bases only oceur in the
structure in the most plausible tautomerie forms
(that is, with the keto rather than the enol con-
figurations) it is found that only specific pairs of
bases can bond together, These pairs « adenine
{purine) with thymine (pyrimidine), and guanine
(purine) with cytosine (pyrimidine).

In other words, if an adenine forms ons member of
a pair, on either chain, then on these assumptions
the other member must be thymine ; similarly for
guanine and eytosine. The sequence of bases on a
single chain does not appear to be restricted in any
way. However, if only specific pairs of bases can be
formed, it follows that if the sequence of bases on
one chain is given, then the sequence on the other
chain is automatically determined.

Tt has been found experimentally®* thal the ratio
of the amounts of adenme to thymine, and the ratio
of guanine to.cytosine, are always very close to unity
for deoxyribose nucleic acid,

It is probably impossible to build this structure
with a ribose sugar in place of the deoxyribose, as
the extra oxygen atom would make too close a van
der Waals contact.

The previously published X-ray data®® on deoxy-
ribose nucleie acid are insufficient for a rigorous test
of our structure. So far as we can tell, it is roughly
compatible with the experimental data, but it must
be regarded as unproved until it has been checked
against moro exnct results. Some of these are given
in the following communications. We were not aware
of the details of the results presented there when we
devised our structure, which rests mainly though not
entirely on published experimental data and stereo-
chemieal arguments,

It has not escaped our nolice that the specific
pairing we have postulated immediately suggests a
possible copying mechanism for the genetic material,

Full details of the structure, including the con-
ditions assumed n building it, together with a set
of co-ordinates for the atoms, will be published
elsewhere.

We are much indebted to Dr. Jerry Donohue for
constant advice and ecriticism, especially on inter-
atomic distances. We have also been stimulated by
a knowledge of the general nature of the nunpublished
experimental results and ideas of Dr. M. H. ¥.
Wilkins, Dr, R. E. Franklin and their co-workers at

of Medical Internet Research, the journal has published itsfirst
example [5], with additional Research Letters currently in

review.

We encourage authors to consider submitting their Research

Letters to the Journal of Medical

Internet Research.

Additionally, the journa editors may suggest to authors the
Research Letter article type as amore suitable format for their
work. Thisis not intended to undersell the contribution of the
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submission. Authors may not realize that the Research Letter  Einstein and other eminent Nobel Prize winners, brilliant ideas
is subject to the same rigorous peer-review process as other  can be expressed succinctly.

article types here at IMIR Publications. As we have seen from We look forward to reviewing and publishing your R ch

Letters!
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Abstract

Background: Chronic diseases contribute to high rates of disability and mortality. Patient engagement in chronic disease
self-management is an essential component of chronic disease models of health care. Wearables provide patient-centered health
data in real time, which can help inform self-management decision-making. Despite the perceived benefits of wearables in
improving chronic disease self-management, their influence on health care outcomes remains poorly understood.

Objective: Thisreview aimed to examinetheinfluence of wearables on health care outcomesin individual swith chronic diseases
through a systematic review of the literature.

Methods: A narrative systematic review was conducted by searching 6 databases for randomized and observational studies
published between January 1, 2016, and July 1, 2021, that included the use of awearable intervention in a chronic disease group
to assess itsimpact on a predefined outcome measure. These outcomes were defined as any influence on the patient or clinician
experience, cost-effectiveness, or health care outcomes as a result of the wearable intervention. Data from the included studies
were extracted based on 6 key themes, which formed the basis for a narrative qualitative synthesis. All outcomes were mapped
against each component of the Quadruple Aim of health care. The guidelines of the PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Anayses) statement were followed in this study.

Results: A total of 30 articles were included; studies reported 2446 participants (mean age: range 10.1-74.4 years), and the
influence of 14 types of wearables on 18 chronic diseases was presented. The most studied chronic diseases were type 2 diabetes
(4/30, 13%), Parkinson disease (3/30, 10%), and chronic lower back pain (3/30, 10%). The results were mixed when assessing
the impact on a predefined primary outcome, with 50% (15/30) of studies finding a positive influence on the studied outcome
and 50% (15/30) demonstrating anil effect. There was a positive effect of 3D virtua reality systemson chronic painin 7% (2/30)
of studiesthat evaluated 2 distinct chronic pain syndromes. Mixed results were observed in influencing exercise capacity; weight;
and biomarkers of disease, such as hemoglobin A, in diabetes. In total, 155 outcomes were studied. Most (139/155, 89.7%)

addressed the health care outcomes component. This included pain (11/155, 7.5%), quality of life (7/155, 4.8%), and physical
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function (5/155, 3.4%). Approximately 7.7% (12/155) of outcome measures represented the patient experience component, with

1.3% (2/155) addressing the clinician experience and cost.

Conclusions:  Given their popularity and capability, wearables may play an integral role in chronic disease management.
However, further research is required to generate a strong evidence base for safe and effective implementation.

Trial Registration:

PROSPERO International Prospective Register of Systematic Reviews CRD42021244562;

https://www.crd.york.ac.uk/prospero/display_record.php?Recordl D=244562

(J Med Internet Res 2022;24(7):€36690) doi:10.2196/36690

KEYWORDS
wearable; chronic disease; health care outcome

Introduction

Chronic diseases account for 73% of deathsworldwide[1]. The
World Health Organization categorizes chronic diseases into
the following four main categories: cardiovascular diseases,
cancers, chronic respiratory diseases, and diabetes [2]. Half of
the people with chronic disease experience disability, which is
defined asalimitation that restricts daily activities and lastsfor
at least 6 months. Disability resultsin increased dependence on
social services [3] and reduced quality of life [4]. Chronic
diseaseisresponsiblefor asignificant economic burden arising
from direct health care costs and lost productivity because of
illness and death. An estimated 36% of all alocated health care
expenditure is directed at supporting individuals with chronic
diseases[5].

Involving individuals with chronic diseases in active
self-management programs is recognized as an essential
component of chronic disease management [ 6-8]. Implementing
self-management programs presents numerous challenges,
including limited funding, awareness, and adherence to
prescribed self-management strategies [9]. A key strategic
priority areain the National Strategic Framework for Chronic
Conditions of Australia [10] is active engagement; that is,
providing a person-centered approach that puts people at the
center of their own health care and empowers them to play an
informed role according to their interests and abilities. The
Quadruple Aim of health care[11] provides astructured model
for an approach to health care that focuses on improving the
individual experience of health care delivery by improving
population health, minimizing heath expenditure, and
maintaining the well-being of health care providers.
Implementing the principle of self-management into chronic
disease programs to achieve the goals of the Quadruple Aim
may optimize their intended outcomes.

Patient engagement is essential to satisfy the Quadruple Aim
and promote self-management in chronic disease management.
Part of this engagement process involves providing patients
with autonomy over their own care, including active
involvement in decision-making on treatment choices and
healthy lifestyle changes. Commercially available technology,
including wearable devices (wearable) and mobile apps, can
provide users with feedback on their physiological parameters,
which may give them more awareness of their condition [12].
Wearables are defined as sensory devices that can be attached
to clothing or worn as an accessory, which allows the tracking

https://www.jmir.org/2022/7/e36690

of health information through a multitude of onboard sensors
without hindrance [13]. Initially designed for the health and
fitness industry to track wellness [14], most commercialy
available wearables can be used to monitor key health-related
metrics, including heart rate, sleep quality, energy expenditure,
and step count.

An evolving areaof research istheintegration of wearablesinto
the support of individuals with chronic diseases by promoting
self-management strategies [15,16]. Wearables unlock the
capability to perform the continuous, real-time monitoring of
health status [17]. This provides a comprehensive analysis of
the individual’s overall health, which can be presented in a
user-friendly format to patients and clinicians[18]. The ability
to monitor health status remotely also strengthens integration
into existing telehealth models of care, with the hypothetical
capability of reducing in-person consultations between patients
and clinicians[19].

Severd validity studies have demonstrated early promisein the
application of wearables for individuals with chronic diseases,
including the prevention and treatment of cardiovascular disease
[20], monitoring severity of Parkinson disease [21], and
promoting adherence to exercise goalsin diabetes mellitus and
chronic obstructive pulmonary disease (COPD) [22]. However,
implementing these devices into existing health care models
will require strong empirical evidence supporting the efficacy
of wearables on health care outcomes, clear implementation
guidance, and research funding models [23]. Research on
wearables in health care is currently in its infancy, with most
studies adopting an observational research design, having small
sample sizes, or focusing on healthy individuals [24]. Thereis
minimal known, synthesized evidence for the influence of
wearables on health care outcomes for individualswith chronic
diseases.

To addressthisresearch gap, we conducted a systematic review
addressing the question of the role of wearables in improving
health care outcomesin chronic diseases. Our hypothesisisthat
a qualitative synthesis of the limited evidence to date may
demonstrate early promise for wearablesto positively influence
health care outcomes, as defined by the Quadruple Aim. Our
aim was to examine the influence of wearables on health care
outcomesin patientswith chronic diseasesthrough asystematic
review of the literature. The Quadruple Aim has been used to
define health care outcomes as an internationally validated
framework to guide approachesto improving health care service
delivery. Thisresearchisrelevant to health careresearchersand
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clinicians exploring the capability of wearablesin health care,
aswell ashealth system managers and the wearabl e technol ogy
industry.

Methods

Design

A systematic review design using qualitative methods was used.
We adhered to the PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) statement [25]. Our
PRISMA checklistisprovided in MultimediaAppendix 1. This
review was registered with the PROSPERO (International
Prospective Register for Systematic Reviews) on April 22, 2021
(CRD42021244562).

Sear ch Strategy

A search of studies published between January 1, 2016, and
July 1, 2021, was performed using PubMed, EMBASE, Web
of Science, Scopus, CINAHL, and Cochrane Central Register
of Controlled Trials. Studies published before 2016 were
excluded to reflect the rate of technological advancement inthe
research and development of wearables [26]. Our strategy was
developed in consultation with a medical research librarian. A
combination of Medical Subject Headings (MeSH) terms and
free text keyword terms was used, including chronic disease
(MeSH), wearable electronic devices (MeSH), health care OR
outcome*, and select chronic conditions such as asthma. Our
full search strategy is available in Multimedia Appendix 2.

Eligibility Criteria

Chronic disease is defined as any health condition lasting =3
months, which may |ead to other health complications and may
be associated with functional impairment or disability [27]. A
health care outcome is defined as any parameter that
demonstrates an effect on the patient experience, hedth care
outcome (such asimprovement in glycemic control in diabetes),
clinician experience, or cost of health care delivery.

The inclusion criteria were (1) randomized controlled trials
(RCTs) and observational studies, (2) feasibility studies
observing the effect of wearables on a predefined health care
outcome, and (3) studies published in peer-reviewed journals
in English. Studiesinvolving adults and children wereincluded.

The exclusion criteriawere (1) pregnant patient population, (2)
studies demonstrating the validity or technological feasibility
of wearables, (3) studies reporting the accuracy of wearables
astheir primary aim, (4) books or book chapters, (5) conference
abstracts, and (6) systematic reviews.

https://www.jmir.org/2022/7/e36690
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Screening

Screening of potentially eligible studies was performed in 3
steps: duplicate removal, title and abstract screening, and
full-text screening. Duplicates were removed using EndNote
(version 20; Clarivate) and Covidence [28]. Additional
duplicates that were not removed during this process were
removed manually. A total of 2 review authors (GM and DF)
independently screened the titles and abstracts for inclusion
using the predefined inclusion and exclusion criteria specified
previously. All studies not discarded through this process were
then screened viaafull-text review process by 2 review authors
(GM and OC), from which studieswereidentified for inclusion.
Conflicts that could not be resolved between the 2 review
authors were resolved by a third investigator (CS). Full data
extraction, categorization, and labeling of paperswere performed
by 1 author (GM) and validated by a second author (OC).

Risk of Bias Assessment

A risk of bias assessment was conducted for all RCTs by 1
author (GM). The Cochrane Collaboration’s tool for assessing
therisk of bias [29] was used to assess each randomized study
for bias from the randomization process, selection bias, bias
because of missing outcome data, bias because of measurement
of the outcome, and other biases otherwise not addressed. These
are presented in Multimedia Appendix 3 [30-52]. For
nonrandomized studies, the Risk of Bias in Nonrandomized
Studies of Interventions tool [53] was used to assess bias
because of confounding, selection bias, biasin classification of
interventions, bias because of deviations from the intended
interventions, bias because of missing data, bias in the
measurement of outcomes, and selection of result bias. These
are presented in Multimedia Appendix 4 [54-59].

Data Extraction and Synthesis

All datawere extracted from the identified studies under 6 key
extraction themes that were most suited to address our original
research question [60] (Textbox 1). A widerange of subheadings
was selected, given the high variance in disease populations
and outcome measures. A narrative qualitative synthesis of the
included studieswas conducted. The high heterogeneity of study
designs, disease groups, patient populations, and outcome
measures precluded the completion of the meta-analysis. Our
results are based on the disease group, with relevant findings
across all studies reported within the disease group in question.
All outcomes were categorized as a component of patient
experience, clinician experience, health care outcomes, or cost
in alignment with the Quadruple Aim. A robust assessment of
the synthesis is subsequently presented through critical
reflection.
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Textbox 1. Data extracted from included studies (adapted from Institute of Medicine standards [60]).

General information
. Study ID, title, lead author contact details, citation, study funding sources, and country in which the study was conducted

Characteristics

. Aim, study design, start or end date, possible conflict of interest for authors, recruitment procedures used, population demographic, chronic
disease studies, inclusion or exclusion criterig, and total number of participants

I ntervention and setting

«  Setting, intervention, cointervention (if any), control (if any), number of participants enrolled, number of participantsin analysis, and number of
withdrawals or exclusions lost to follow-up

Outcome data

« Unit of assessment, statistical analysis used, primary outcome (nature and measurement used), secondary outcomes (nature and measurements
used), and length of follow-up

Results of study analysis

« Resultswith regards to primary, secondary, and exploratory outcome measures

Additional information

o Costs (if known), resources used (if known), and adverse events (if any)

Results Table 1. Of the 30 publications, 19 (63%) studied wearables

placed on the waist (n=10, 53%) and wrist (n=9, 47%), with 3

Classification of Wear ables (10%) publications studying wearables placed on multiple sites

i i ) of the body. Multipletypes of wearableswere studied, including

The wearables used in these studies were designed to be Worn o meters, smartbands, virtual and augmented redlity (AR)

either continuously or intermittently on the body. Their g qems flash glucose monitoring systems, and intelligent shoe
capabilities and commercial availabilities are summarized in - q)es.
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Table 1. Wearable technology for the management of chronic diseases identified in studies within this review.

Mattison et al

Siteworn  Wearable technology Chronic disease studied Capability Coexisting  Commercial
mobileapp  availability
Arm Inertial motion unit—shoulder and ~ Stroke Movement feedback in upper limbs No No
forearm placement [41] and estimation of angular displace-
ment
Arm SenseWear armband (model MF-SW)  Progressive multiple sclerosis  Skin temperature measurement, No No
[55] limb motion detection, step count,
and metabolic equivalents
Chest Chest-worn wearable sensor [49] Ischemic heart disease Heart rate, respiratory rate, electro- Yes Yes
cardiogram measurement, and ac-
celerometry
Foot SurroSense Rx intelligent insole [44]  Diabetesmellituswith digbet- Measurement of static plantar press No No
ic foot ulceration sure
Hand Kinesia—finger placement [50] Parkinson disease Feedback on finger movement No No
Head EaseVRx HMD?—3D applied VvRP  Chronic lower back pain 3D VR delivery No No
[39]
Head Oculus Rift HMD [37] Chronic neuropathicpainafter 3D VR delivery No Yes
spinal cord injury
Head Google Glass [57] Parkinson disease Augmented reality No Yes
Multiple  Oculus Rift HMD and OptiTrack Cerebral palsy and develop- VR ddivery andlinear pathtracking No No
V120—motion-tracking devices[60] mental dyspraxia
Multiple  Gamepad (wearable 6-inertial sensor  Parkinson disease Visual feedback on movement No No
system) [52]
Multiple  Digita medicineoffering—ingestible Hypertension and diabetes Medication ingestion adherence Yes No
sensor and smart patch [43] mellitus
Waist Pedometer (unspecified) [34] Multiple chronic diseases Step count No Yes
Waist Yamax DigiWalker CW-701 pedome-  Chronic lower back pain Step count No Yes
ter [33]
Waist Fitbit Zip [38,40,56] COPDE, rheumatoid arthritis, Step count and calories No Yes
and type 2 diabetes
Waist Omron HJ-321 pedometer [48] COPD Step count No Yes
Waist Omron HJ-720ITC pedometer [31]  Juvenileidiopathic arthritis ~ Step count No Yes
Waist Coffee WALKIE+Dv3 pedometer Metabolic syndrome Step count No Yes
[54]
Waist Omron HJ-112 [45,59] Obesity with multimorbidity — Step count No Yes
Wrist Fitbit Charge [46] Type 2 diabetes mellitus Step count and calories Yes Yes
Wrist Fitbit Charge HR [39] Advanced liver disease Step count, heart rate, and calories  Yes Yes
Wrist Fitbit Flex [48] Osteoarthritis (knee) Step count, distance, calories,and  Yes Yes
sleep stage estimation
Wrist Heart Rate Smart Wristband Chronic kidney disease Step count, calories, and sleep stage  Yes Yes
GSH405-B6 [61] estimation
Wrist Fitbit Charge 2 [58] Osteoarthritis Step count, calories, heart rate, Yes Yes
floors climbed
Wrist Fitbit Flex 2 [36] Rheumatoid arthritisand sys-  Step count, calories, and leep stage  Yes Yes
temic lupus erythematosus estimation
Wrist Nike+ FuelBand [51] Peripheral vascular disease  Step count and calories Yes Yes
Wrist Samsung Charm [32] Obstructive sleep apnea Step count, calories, and distance  Yes Yes

3HMD: head-mounted display.
BVR: virtual redlity.
SCOPD: chronic obstructive pulmonary disease.
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Study Selection

The study selection sequence is outlined in a PRISMA
flowchart, which is presented in Figure 1. Our search yielded
2078 articles, with a further 7 articles identified through
snowballing. From atotal of 2085 articles, 409 (19.62%) were
identified as duplicates and were thus removed, and a further

Mattison et al

1576 (75.59%) studies were excluded after screening abstracts
between July and August 2021, leaving 129 (6.19%) studies
assessed for eligibility viafull-text review, of which 99 (4.75%)
were excluded. One study was identified through snowballing.
A total of 31 studies met the inclusion criteria. Following peer
review, 1 study was removed, leaving 30 studies included in
our qualitative synthesis.

Figurel. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart outlining the study selection sequence.

Identification of studies via databases and registers

Study Characteristics

Multimedia Appendix 5 [30-52,54-59] presents the
characteristics of al included studies. A total of 2446
participants across 9 countrieswereincluded. These participants
had a mean age ranging from 10.1 to 74.4 years and 56.42%
(1380/2446) were female. Of the 30 studies, 2 (7%) targeted a
pediatric population (aged<18 years[30,31], 21 (70%) studied
adults with a mean age between 40 and 65 years
[32-49,54,55,61], and 6 (20%) evaluated individuals aged >65
years [50-52,56-58]. Approximately 50% (15/30) of studies
recruited participants from specialist tertiary clinics, with the
remaining 50% (15/30) recruiting participantsin the community
(eg, primary care settings and rehabilitation centers). Of the 30

https://www.jmir.org/2022/7/e36690
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studies, 24 (80%) were randomized, with the remaining 6 (20%)
using a nonrandomized methodology. All randomized studies
were subject to arisk of bias in the blinding of participants
because of the nature of the wearableintervention being present
or absent, with anotabl e exception being the use of sham virtual
reality (VR) headsetsin a study, which used identical hardware
with different software with which the user interacted [35].

Chronic Disease M anagement

Within the literature synthesized, wearables and their influence
on hedlth care outcomesin 8 disease systems were studied across
18 chronic diseases. There were predominantly mixed findings
within the studiesincluded in thisreview, which are summarized
in the following sections.
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Stroke and Neurological Disease

Stroke

Lin et a [41] explored the capability of inertial measurement
units (IMUs) in detecting full-body human motion in 20
participants recovering from stroke and assessed the effect of
physical activity sessions 3 times per week on upper limb
neurological recovery guided by IMUs compared with
conventional rehabilitation across 6 weeks. In this study, all 5
Fugl-Meyer assessment (an outcome measure for sensorimotor
stroke recovery [62]) subscores improved in both arms, with
the deviation angle of shoulder extension rotation during
shoulder abduction substantially improving in the IMU group
(P=.02) but not in the control group.

Neurological Disease

Approximately 10% (3/30) of studies [50,52,57] explored the
effect of a range of wearable systems on motor assessment
scoring, balance, self-selected gait speed, and symptom severity
scoring in Parkinson disease. These were all perceived as
acceptable and enjoyable to use. However, the only positive
outcome was the influence of a wearable 6-inertial system on
balance and self-selected gait speed when compared with
conventional physiotherapy [52]. VR [30,37] and AR [57]
systems had mixed results on their desired primary outcomes,
although a positive effect was observed in 3D VR interfaceson
chronic neuropathic pain after spinal cord injury when compared
with sham VR. The reviewed study on the impact of VR on
neuropathic pain was limited in size, with only 17 participants
being recruited. However, a similar and larger study that
incorporated 188 participants demonstrated a positive impact
on symptoms in people with chronic lower back pain [35].

Rheumatological and Musculoskeletal Disease

Chronic Lower Back Pain

Chronic lower back pain was studied in 10% (3/30) of
publications, with atotal of 430 adult participants. Both Amorim
et a [42] and Lang et a [33] used commercialy available
wearablesto observetheir effects on care-seeking episodes[42]
and perceived disability [33], respectively, when compared with
usual care. They found no influence on the studied primary
outcome. Amorim et a [42] aso observed a statisticaly
significant increase of 183.1 min/week in walking time using
a Fitbit wearable. However, this did not affect the number of
care-seeking episodes in this group. In contrast, Garcia et al
[35] studied subjective pain scoring following the
implementation of a 3D VR headset (incorporating cognitive
behavioral therapy and mindfulness practices) compared with
the use of a 2D sham VR system. They found a positive
influence of the 3D VR system on subjective pain scoring in
addition to secondary outcome measures of pain inference on
perceived physical activity, mood, sleep, and stress levels.

Inflammatory Arthritis

Measurement of physical activity was observed in 7% (2/30)
of studies that involved people with chronic inflammatory
arthritis [31,36], with contrasting results. Blitz et al [31] found
a positive influence on the 6-minute walk test (6BMWT) in
adolescents with juvenile idiopathic arthritis with lower
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extremity involvement through the use of pedometersand guided
education when compared with a pedometer group without
education. Li et a [36] found no effect on the moderate to
vigorous activity timein peoplewith either rheumatoid arthritis
or systemic lupus erythematosus when using a Fitbit Flex 2
compared with people who received usua care. The use of a
pedometer coupled with guided education was demonstrated to
positively affect subjective fatigue in rheumatoid arthritisin a
study by Katz et al [38], who a so noted a statistically significant
increase in step count in the pedometer group.

Osteoarthritis

Both Zaslavsky et al [58] and Smith et a [47] studied the effect
of Fithit wearables on both sleep quality [58] and exercise
capacity (BMWT) [63] in osteoarthritis. Both interventions
involved the use of a Fitbit device combined with motivational
outputs based on the data provided by the wearable. Theresults
were mixed; Zadavsky et a [58] found a positive effect of
Fitbit-guided exercise on subjective d eep quaity, whereas Smith
et a [47] did not demonstrate adifferenceinthe BMWT between
the Fitbit and non-Fitbit groups. Sleep quality outcomes were
similarly mixed, with improved subjective scoring of sleep
quality. However, the objective sleep quality assessed using
wrist actigraphy was not affected.

Respiratory Disease

COPD Management

Pulmonary rehabilitation (PR) is a critical component of the
nonpharmacol ogical management of COPD [63]. Approximately
7% (2/30) of publications studied the effects of
pedometer-guided exercise on adherence to exercise targets[56]
and the BMWT [48] in 70 participants with stable COPD. Ward
et al [56] demonstrated 53% adherence to prescribed step count
targets with a 20% increase in total step count from week 1 to
week 6 of exercise and observed statistically significant
improvements in subjective dyspnea, emotional functioning,
and disease mastery. Widyastuti et al [48] noted animprovement
in the BMWT using a pedometer from the start of PR to
completion; however, this was not greater than the
improvements noted in the control group.

Obstructive Sleep Apnea

A randomized, 3-armed study performed by Kim et a [32]
recruited 60 individuals with clinician-diagnosed obstructive
sleep apnea to assess the effects of a mobile app
(MyHealthK eeper) and wearable (Samsung Charm) on weight
reduction across 4 weeks compared with an app-only group and
an education-only group. They observed significant weight loss
in both the app and wearable group (mean weight loss 1.4 kg;
P=.02) and app-only group (mean weight loss 2.0 kg; P=.02),
which did not trandate into secondary outcome measures
addressing symptom scoring (snoring frequency, daytime
sleepiness, and witnessed apnea).

Cardiovascular Disease: |schemic Heart Disease

Maddison et al [49] performed arandomized pilot study in 2019
comparing cardiac tel erehabilitation with center-based programs
for adults with coronary heart disease. Participants were
randomized to either a telerehabilitation group—comprising
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exercise coaching and monitoring using achest-worn sensor—or
a conventional cardiac rehabilitation group across 12 weeks.
The chest-worn sensor allowed real-time monitoring of heart
rate, respiratory rate, electrocardiogram, and accelerometry
during rehabilitation. The primary outcome measure studied
was maximal oxygen consumption (VO, max), which refersto
the maximum amount of oxygen that an individual can use
during maximal exercise and is used as a marker of
cardiovascular fitness. VO, max was comparablein both groups
at 12 weeks, demonstrating noninferiority of telerehabilitation
compared with center-based rehabilitation (adjusted mean
difference VO, max 0.51, 95% CI —0.97 to —1.98 ml/kg/min;
P=.48).

Endocrine Disease: Type 2 Diabetes Méllitus

Abbott et a [44] studied an intelligent wearable insole
(SurroSense Dx) and its ability to prevent diabetic foot
ulceration in 58 people with diabetes who recovered from prior
foot ulceration. The insole detects high-pressure areas and, in
the intervention group, feeds this information back via an
integrated app to offload pressure on the affected area. The
study did not demonstrate areduction in the number of diabetic
foot ulcer episodes between the groups, despite good adherence
to the technology use.

Theinfluence of step count and goal setting on hemoglobin A
(HbA ) levelsin type 2 diabetes mellitus was studied by both
Kooiman et al [40] (using aFitbit Zip pedometer and web-based
self-tracking program) and Lystrup et a [46] (using a Fitbit
Charge smartwatch and web-based | eaderboards). Both studies
reported no significant differences in HbA . levels after these
interventions.

A multifaceted wearable system was studied by Friaset a [43]
for people with both diabetes and uncontrolled hypertension
comprising an ingestible sensor and an accompanying patch
used to detect adherence to prescribed medication in a digital
medicine offering. They observed a significant reduction in
systolic blood pressure at 4 weeks as the primary outcome of
the study, as well as a reduction in systolic blood pressure at
12 weeks, HbA ,, fasting blood glucose, and serum |ow-density

lipoprotein as secondary outcome measures.

Obesity and Metabolic Syndrome

Takahashi et al [45] performed an RCT to determine the effect
of pedometer use and behavioral goal setting compared with
counseling on exercise and nutrition, step count, gait speed, and
grip strength in adults who were overweight and obese with
multimorbidities (defined as having>6 comorbid medical
conditions). There was no significant improvement in step count
between the groups, and although the pedometer and goal-setting
groups demonstrated statistically higher grip strength (1 kg;
P=.01) at 4 months, the clinical importance of thisimprovement
in strength isuncertain. A secondary analysis of this study [59]
found no significant differences in within-group weight loss.

Huh et al [54] explored the potential of applying a Coffee
WALKIE pedometer with an accompanying mobile app for
metabolic syndrome management. They recruited 53 participants
with metabolic syndrome and observed the daily step count,
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calorie expenditure, and proportion of resolved cases of
metabolic syndrome following a 12-week study period. Only
20 participants completed the study, and 32 reported
communication issues between the wearable and mabile apps,
thus leading to withdrawal; however, they observed a mean
reduction in systolic blood pressure (mean percentage reduction
of 6.71%) and diastolic blood pressure (mean percentage
reduction of 7.98%) leading to resolution of metabolic syndrome
in 9 participants (P=.02).

Chronic Kidney Disease

Li et a [61] studied the ability of a health management platform,
incorporating a smart wristband (Heart Rate Smart Wristband
GSH405-B6) and accompanying app (WowGoHealth app) to
improve participants' self-management abilities and delay the
progression of renal decline in chronic kidney disease. All 60
participantswere adults, had clinician-diagnosed chronic kidney
disease (stages 1 to 4), and were randomized into either the
health management platform group or usua care group for a
period of 90 days. The intervention group had significantly
higher self-efficacy and self-management scores at the end of
the study period. The mean kidney disease—related quality of
life scores were also significantly higher in the intervention
group than in the control group. This translated into reduced
rates of rena decline, with a significantly slower decline in
estimated glomerular filtration rate observed in theintervention
group (—0.56 mL/min/1.73 m?) than control (—4.58 mL/min/1.73
m?).

Liver Disease

Chen et a [39] evaluated the impact of a home-based physical
activity program on physical fitness using persona activity
trackers (Fithit Charge HR) to remotely monitor and guide
exercise efforts in people with advanced liver disease. All 20
participants were provided with a high protein and amino acid
diet as a separate exploratory outcome of the study. Physical
fitness was assessed using the 6MWT, and computed
tomography—based anthropometry was used to assess skeletal
muscle volume. The study found a statistically significant
improvement in the BMWT in the home-based physical activity
program group versus the control group, with a between-group
walking distance difference of 151 m. This did not translate
into differences in the computed tomography—based
anthropometrics or quality of life outcome measures.

Peripheral Vascular Disease

Normahani et a [51] set out to determine whether the use of a
feedback-enabled wearable could improve walking distance
and quality of life in people with peripheral vascular disease
and intermittent claudication. A total of 37 participants were
randomized into an intervention group to use aNike+ FuelBand
with access to data via mobile device pairing and a computer
or a control group who received usual care. After 6 months,
participantsin the Nike+ FuelBand group almost doubled their
median maximal walking distance (MWD) from baseline (178
m vs 80 m), and this was sustained at 12 months. Statistically
significant improvements were also observed in the distance to
the onset of claudication, with this distanceimproving by 75m
from the baseline at 6 months (112 m vs 40 m). Participantsin
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the control group did not display improvements in MWD or
distance to claudication onset. An improvement in Vascular
Quality of Life Questionnaire scores at 12 months was also
observed in the Nike+ FuelBand group, which correlated with
improvements in the MWD and claudication distance.

Theoretical Aspectsof Wearablesin Improving Health
Care Outcomes

Of the 30 studies, 15 (50%) found a positive impact of wearables
on the primary outcome studied. These findings were observed
in studiesinvolving multiple chronic disease systems and using
multiple wearables. Wearables can be used to deliver
nonpharmacological therapy to improve subjective pain scoring,
as demonstrated by both Austin et al [37] and Garciaet a [35]
inusing 3D VR systemsto deliver cognitive behavioral therapy
and mindfulness practices to users with chronic pain. Tunur et
a [59] found a lack of effect in delivering therapy through
AR-based dance interventions in Parkinson disease, although
the outcome studied was motor assessment, and only 7
participants were enrolled in the study.

Approximately 37% (11/30) of studies observed the capability
of wearablesto encourage and improve physical activity. There
was no uniform measurement system to quantify physical
activity across the included studies, with the 6MWT
[31,39,47,48], 10-minute walk test [52], minutes of moderate
tovigorousphysical activity time[34,36], step count [45], MWD
[51], VO, max [49], and adherence to prescribed walking
therapy [56] used to measure exercise capacity. A positive
impact was observed in 17% (5/30) of studies assessing the
influence of wearables on physical activity. Theredid not appear
to be astrong rel ationship between wearables and improvement
in physical activity in these studies.

Approximately 20% (6/30) of studies[33,35,37,38,58,61] used
subjective scoring systemsto assess theinfluence of the studied
wearables on primary outcome measures. Of these 6 studies, 5
(83%) [35,37,38,58,61] found a positive effect on the primary
outcome across multiple chronic diseases. Given the potential
for wearables to empower users with additional health-related
data, subjective scoring systems may improve significantly
using wearables, which may bereflected in health-rel ated quality
of life assessments. However, further research is required in
this area.

Associations Between Wear ables and Outcome
M easures

Several associationswere noted between the types of wearables
used and the studied outcomes. One such observation was the
positive effect of 3D VR systems on pain scoring in 2 distinct
chronic pain syndromes [35,37], in which both studies used
sham VR asthe comparator. Both publicationsreported minimal
side effects of using these immersive systems, with specialized
programs used to counter the possible effects of cybersickness
(motion sickness specific to the use of VR headsets). The use
of either pedometers or smartbands (eg, Fitbit devices) had
mixed effects on exercise capacity, with 10% (3/30) of studies
[31,39,51] reporting improvements in walking distance using
these devices and 7% (2/30) of studies [48,63] finding no
influence on this outcome. Mixed results were also observed
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when studying theinfluence of either pedometers or smartbands
on weight. Kim et al [32] found a significant reduction in BMI
through the use of a Samsung Charm fitness tracker in people
with obstructive sleep apnea. Thisisin contrast with the findings
of both Lystrup et al [46] (using a Fitbit Charge) and Takahashi
et a [63] (using a pedometer).

Mapping Outcomesto the Quadruple Aim of Health
Care

A total of 155 outcome measures were studied within the
included studies. Of these 155 outcomes, 139 (89.7%) addressed
the health care outcomes component of the Quadruple Aim,
with 12 (7.7%) representing the patient experience of using
wearables. Approximately 1.3% (2/155) of outcome measures
evaluated the clinician experiences of wearables, with the
remaining 1.3% (2/155) addressing cost. Within the health care
outcomes, the most frequently studied included pain (11/155,
7.1%), quality of life (7/155, 4.5%), step count (7/155, 4.5%),
and physical function (5/155, 3.2%). Approximately 7% (2/30)
of studies explored the impact of wearables on patient
experience as their primary outcome [51,57]. All outcome
measures mapped to the patient experienceincluded acceptance
of thetechnology [57], adherence to wearing the device[36,44],
compliance [50], engagement [35], presence (using VR) [37],
satisfaction [31,35] and usability [50]. A summary of all
outcomes in the included studies is presented in Multimedia
Appendix 6 [30-52,54-59].

There were no studies in which the primary outcome could be
classified as addressing either the clinician experience or cost
of health care provision, with only 4 secondary or exploratory
outcomes representing these facets of the Quadruple Aim. In
the management of Parkinson disease, it was noted that when
using data generated by afinger-worn wearable, the consultation
time spent with a neurologist was significantly reduced when
compared with an in-person clinical assessment, although this
was reported with a statistical statement of inequality (range
29-45 minutes vs 45-60 minutes; P<.05) [50]. Widyastuti et al
[48] peformed a cost-effectiveness anaysis  of
pedometer-guided PR in COPD compared with conventional
center-based PR and found that the cost of establishing
pedometer-guided care was significantly cheaper than that of
conventional PR, with amean cost-saving of €76.3 (US $80.30)
per patient. Maddison et a [49] dso performed a
cost-effectiveness  analysis of telerehabilitation versus
center-based rehabilitation, reporting a per capita program
delivery difference of £1185 (US $1247.10; P=.02); however,
hospital service use costs were not significantly different
(P=.20).

Robust Assessment of the Narrative Qualitative
Synthesis

A critical reflection of the synthesis process was performed
[64]. The methodol ogy used for this synthesiswas aligned with
the PRISMA guidelines and registered with PROSPERO, and
data extraction was performed based on 6 main themes. It was
believed that this enabled researchers to answer the predefined
research question. Although a wide range of chronic diseases
and wearables were studied and included in our synthesis,
certain patient populations were not represented, including those
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with underlying mental health conditions, chronic skin
conditions, or malignancy. This may reflect alimitation of our
search strategy or may equally reflect alack of understanding
of the use of wearables for certain disease groups.

The evidence used was not subject to major bias. Most
publicationsinvolved arelatively small number of participants,
and only 80% (24/30) of the studies were randomized. No
assumptions were made regarding adherence, acceptability,
intended use, or anticipated outcomes in the included studies.
No discrepancies were identified within the included studies,
and focus areas of future research are highlighted in the
Discussion section. The strict search criteria precluded the
identification of ongoing studies. However, by reviewing the
many trial protocolsin our abstract screening and review of the
gray literature, it is anticipated that the rate of technological
advancement and interest in thefield will strengthen the existing
evidence basein wearables and health care outcomesin chronic
disease management. The aspects that may influence the
implementation of wearables in existing health care platforms
are highlighted in the Discussion section.

Discussion

Principal Findings

A total of 30 studies published between 2016 and 2021
investigated the effectiveness of wearablesin improving health
care outcomes in individuals with chronic diseases. Our
systematic review found both positive and neutral results when
studying the influence of wearables on health care outcomesin
chronic disease. Encouragingly, none of the identified studies
demonstrated a negative impact of wearables on outcomes, such
as adverse effects, treatment burden, or the inability of study
participantsto effectively usethe prescribed technology because
of poor inadequate digital literacy.

We identified several studies demonstrating the positive
influence of the studied wearables on primary heath care
outcomes. One such exampleisthe positiveinfluence of guided
exercise prescription using the Nike+ FuelBand on peripheral
vascular disease with intermittent claudication [51].
Approximately 7% (2/30) of RCTs found a significant
improvement in quality of lifeindices[51,61], which correlated
with either greater self-efficacy in chronic disease management
[61] or functional capacity [51].

A key finding was the lack of a clear association between the
use of aparticular wearable and its acceptability within achronic
disease population. Most health apps synchronizing with
wearables, including those studied in this review, are disease
focused and provide information on the studied conditions, such
aspressure pointsin diabetic foot ulceration. Although this does
provide clinically useful information, it is unclear whether
patients use this information effectively to guide their
self-management or even find it useful. We also have limited
knowledge of the acceptability of wearables to patients with
chronic disease or whether there are any barriers to
implementation within specific chronic disease groups.
Supporting mobile apps should be designed using a
patient-centered approach, incorporating personalized advice
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and recommendations from the health data provided by the
accompanying wearable. This may unlock the potential of
wearablesin chronic diseases.

To rationalize theincorporation of wearablesinto existing health
care models, it is important to demonstrate cost-effectiveness;
however, economic outcomes were not incorporated into the
publicationsidentified in this review. Wearables enable remote
monitoring, which has its own economic advantages. One of
the studies involving patients with implantable cardiac
defibrillators found that remote monitoring reduced health care
costs by 25% [65]. Transferring even a small proportion of
center-based monitoring services established for people with
chronic disease remotely through the use of wearables has the
potential to substantialy reduce the cost of care delivery in
many chronic disease settings. Robust economic analyses
incorporating the number needed to treat analyses should be
inherent to future studies on wearabl e technol ogies.

Implicationsfor Clinical Practice

Thereare several challengesin theimplementation of wearables
in health care. Wearables were initially designed for the health
and fitness industry and are not subject to the regulatory
standards required for medical equipment. Only a handful of
wearabl e technol ogies have been approved by the US Food and
Drug Administration, such as the Apple Watch Series 6
electrocardiogram app for detecting atrial fibrillation [66]. Most
commercialy available wearables are classified as honmedical
devices, and although some software within these are accurate,
they cannot support clinical decision-making without legal
regulation [67]. We noted that 73% (22/30) of studiesincluded
inthissystematic review used commercially available wearable
technology that is not currently legislated under either the US
Food and Drug Administration or the Therapeutic Goods
Administration (Australia); therefore, this may represent a
limitation in applicability to health care settings. Wearables can
also collect many different aspects of user information using
sensor technology, which requires stringent data security and
privacy processes. The accuracy of recently implemented
software in wearables is variable and must be recognized to
prevent  avoidable misdiagnosis and  unnecessary
patient-clinician interfaces and minimize patient anxiety [68].
Until these challenges are clearly addressed, it is difficult to
envision the safeimplementation of wearablesin existing health
care models.

Thereisahigh degree of variancein the chronic diseases studied
and in the wearables used, which limits the ability to provide a
strong evidence base to support the use of a specific wearable
to treat a specific cause. Further research needsto focus on the
impact of a specific wearable for a specific chronic disease to
generate evidence for its use, especialy given the multiple
capabilities of most wearables. In addition, there may be several
applications within the studied wearables for which only one
wearable is particularly effective for a chronic disease group.
Understanding these capabilities through targeted research is
essential for theimplementation of wearablesin chronic disease
management.

A finding from this systematic review was the lack of studies
focusing on the clinician experience of wearablesin health care.
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Without a deep understanding of the perceived benefits and
risks of wearables in chronic disease management from the
clinician’s perspective, it isdifficult to envision their integration
into clinical practice. Challenges to more established digital
health transformative initiatives, such asintroducing electronic
health records, likely exist for the use of wearables in health
care. Theseinclude changesto clinical workflows, patient safety
concerns, learning curves of practitionersin understanding new
technology, and challenges in integrating systems [69].
Interdisciplinary teams, including clinicians, data scientists, and
experts in artificial intelligence, will be required to shape the
future of wearables in health care because of the limited
familiarity of clinicianswith big dataand artificial intelligence
[70]. Alongside observational and randomized controlled
guantitative analyses, qualitative research into the clinician’'s
perspective will prove invaluable in optimizing the use of
wearablesin health care.

Strengthsand Limitations of This Review

There were several strengths of our review. Given the rapid
shift to care decentralization amidst a global pandemic [71],
thisreview provides afoundational evidence basefor the effect
of wearablesin improving health care outcomesfor individuals
with chronic diseases. A large number of participants was
obtained, encompassing arange of chronic diseases, withawide
mean age range and reasonably equal gender distribution.
Approximately 80% (24/30) of studies implemented a
randomized controlled design, generating acomparator to assess
the effect of the wearable intervention studied, which was
predominantly the gold standard of carefor the studied chronic
disease. Although pedometers have been outdated commercially
by newer technology, their inclusion as wearables in this study
remains a strength because of the long-term evidence of their
ability to encourage physical activity [72].

Our review has severa limitations, such as the use of now
outdated wearables. All smartwatch brands used in these studies
have since been superseded by more advanced devices with
greater technical capabilities. Although this may simply reflect
therate of technological advancement, it may also indicate that
the studies published in this review may not reflect the
capabilities of wearable technology from 2021 onward. It is
unknown whether advanced information, including heart rate
variability, Firstbeat algorithms such as stress levels and
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Garmin’s Body Battery, and advanced sleep stage estimation
may infer real-time information on disease status. The rate of
increasing technical capability of wearablesjustifiesthe regular
systematic review of the literature, given the increasing
publication outputs and commercial availability of more
advanced wearables.

Theinterventions used as comparators differed greatly between
studies, which made the comparison of the results challenging.
The heterogeneity of the participants in each study precluded
the ability to perform ameta-analysis, leading to an inability to
assess the strength of evidence for a particular wearable on a
predefined health care outcome. Although there were no
apparent major risks of biasin our risk of bias assessments, this
process was conducted by only 1 researcher. In addition, within
theincluded studies, therewas alack of multicenter trials, which
we propose should be conducted to increase the statistical
robustness. All outcome measures reported were quantitative
in nature, which represents a limitation, as qualitative research
strengthens the existing evidence base. Given the increasing
number of publications in this field, it is highly likely that a
meta-analysis will be feasible for future systematic reviews of
this nature. In future studies, all 4 end points of the Quadruple
Aim should be represented to aid implementation in health care
systems. We believe that further research is worth conducting
to strengthen the evidence regarding wearables in chronic
disease management.

Conclusions

Our systematic review did not find a clear role of wearablesin
improving health care outcomes in chronic disease. However,
wearables are becoming increasingly popular within the
community, and as research and development in wearable
technology progress, it is anticipated that these devices will
play an increasing role in supporting healthy lifestyle
modifications for their users. More research is required to
ascertain a clear causality between wearables and health care
outcomes, as defined by the Quadruple Aim, for people with
chronic disease. As the evidence base for the use of wearables
in chronic disease management is strengthened, further
challenges will need to be overcome to allow widespread
adoption in the health care setting, including stringent regulatory
approval, data privacy and confidentiaity, and software
accuracy.
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Abstract

Background: Web-based interventionsaimed at supporting informal caregiversof peopleliving with dementiahave the potential
toimprove caregivers well-being and psychological health. However, few interventions are widely implemented for this population,
and none of the prior reviews have systematically examined the use of behavior change techniques (BCTS), theories, and agents
in web-based interventions for informal caregivers of peopleliving with dementia. To better understand this implementation gap,
we reviewed the literature to map behavioral factors (BCTs, theories, and agents) deployed in the studies. Furthermore, because
there is an emerging consensus that retention could be shaped by participant characteristics and behavioral factors, we explored
rel ationships between these features and retention rates across studies.

Objective: We pursued 3 objectives: to map behaviora factorsinvolved in the web-based interventions for informal caregivers
of peopleliving with dementia; to examine the rel ationship between behavioral change elements and retention in the studies; and
to examine the relationship between participant characteristics (gender, age, and spouse or adult children caregiver proportion)
and study retention.

Methods: We conducted a literature review using the following keywords and their corresponding Medical Subject Headings
terms: dementia, caregivers, and web-based intervention. The time limits were January 1998 to March 2022. Using the BCTv1
taxonomy, which specifies active behavioral components in interventions, 2 coders collected, summarized, and analyzed the
frequency distributions of BCTs. Similarly, they abstracted and analyzed participant characteristics, behavior change theories,
behavior change agents, and retention rates in the studies.

Results: The average age was 61.5 (SD 7.4) years, and the average proportion of spousal informal caregivers, adult children
informal caregivers, and retention rates were 51.2% (SD 24.8%), 44.8% (SD 22%), and 70.4% (SD 17%), respectively. Only
53% (17/32) of the studies used behavior change theories, but 81% (26/32) included behavior change agents. The most common
BCTv1 clusters were shaping knowl edge and social support. The median number of BCTv1 clusterswas 5 (IQR 3). We observed
anegative correlation between the proportion of spousal informal caregivers and the retention rate (r=—0.45; P=.02) and between
the number of BCTv1 clusters and retention rates (r=—0.47; P=.01). We also found that the proportion of adult children informal
caregivers in the study was significantly and positively correlated with the retention rate (r=0.5; P=.03). No other participant
characteristics or behavioral factors were associated with retention rates.

Conclusions: We found that almost half of the studies were not informed by behavior change theories. In addition, spousal
involvement and a higher number of BCTswere each associated with lower retention rates, while theinvolvement of adult children
caregivers in the study was associated with higher retention. In planning future studies, researchers should consider matching
participant characteristics with their intended intervention as the alignment might improve their retention rates.
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Introduction

Behavioral Change I nterventionsfor Dementia
Caregivers

People living with dementiamay have difficulty independently
managing their care and typically rely on family and friend
caregivers. In fact, 83% of the help provided to older adults
with dementia in the United States comes from informal
caregivers including family members, friends, or other unpaid
caregivers[1]. Given the demand of careinvolved in dementia,
informal caregiversoften experience avariety of adverse health
complications[1-4]. Compared with caregivers of peopleliving
without dementia, informal caregivers of people living with
dementia experience 1.5 times higher chances of stroke and a
10% higher occurrence of coronary heart disease, cardiovascular
disease, diabetes, and cancer [1,4]. In addition, caregivers of
people living with dementia face increased risks of stress,
burden, depression, anxiety, and poor quality of life[1-3].

Several behavioral interventions were developed to enhance
caregiving knowledge, competencies, and mental health in this
population [5-7]. Specifically, cognitive behavioral therapy
(CBT) significantly improved depressive symptomsand reduced
emotional burden experienced by informal caregiversof people
living with dementia [5]. Psychoeducational approaches were
also effective in improving caregiving knowledge, well-being,
and satisfaction, aswell asin reducing caregiver burden, anxiety,
and depressive symptoms in caregivers of people living with
dementia [6,7]. However, informal caregivers of people living
with dementia who are heavily engaged in caregiving tasks or
who are at work might not be able to fully participate in the
interventions because some behavior programs require
face-to-face delivery [8]. Moreover, some specific behavioral
interventions are not practical in pandemic settings when
in-person contact is discouraged.

The Use of Web-Based I nterventions for Dementia
Caregivers

Technology isone method to improve accessto care by making
psychosocial interventions readily accessible. Web-based
interventions, which have been used interchangeably with
internet- or web-based interventions, are self-guided or
therapist-assisted programs that aim to improve knowledge,
provide support, care, or treatment to diverse populations with
arange of health problems [9]. Web-based interventions that
integrate behavioral change interventions have the ability to
incorporate professional and social support, and provide
instructions to change behavior and problems in informal
caregiversof peopleliving with dementia[10] without requiring
face-to-face delivery. Recent studies also indicated that

https://www.jmir.org/2022/7/e38595

web-based intervention programs can benefit the mental health
of caregivers of adults living with chronic conditions, and
particularly improve depression, stress and distress, and anxiety
in caregivers [8,11]. Thus, web-based interventions aimed at
supporting informal caregivers of people living with dementia
have the potential to improve their psychological health;
however, few interventions are widely implemented for this
population [12,13]. A recent review assessing the role and
effectiveness of web-based and app-based interventions in the
self-management of dementiareported that few studies showed
positive outcomes and were effective in improving
self-management of people living with dementia[14]. Another
meta-analysis that examined the effect of web-based
interventions on the mental health outcomes of family caregivers
of people living with dementia also found that most
internet-based interventionswere generally effectivein reducing
anxiety and depression in caregivers of people living with
dementia [13]. However, little research has been done to ook
under the hood concerning the factors relating to behavioral
change, such as behavior change theory, behavior change
technique (BCT), and behavior change agent (BCA) that informs
and shapes the interventions [15,16].

Behavior Change Theory, BCT, and BCA

In keeping with the definitions provided in Textbox 1, behavior
change theories are abstract representations of interrelated
concepts, definitions, and propositions that explain behavior
change [17]. BCTs are observable, replicable, irreducible, and
active ingredients within the intervention designed to change
behavior [18]. A BCA is a putative mechanism or process that
is measurable and modifiable and is hypothesized to play a
causal role in producing behavior change [19]. To date, none
of the prior reviews have systematically examined the use of
the BCTs and BCAs in web-based interventions for informal
caregivers of people living with dementia [12]. More
specifically, the extent to which behavior change components
areinvolved inthe web-based interventionsis still unclear [16].
Moreover, to the best of our knowledge, there is no report to
datethat explorestherelationship of BCTs, BCAs, and retention.
Failing to retain a sufficient number of participantsin behavior
interventions may not only lead to uncertainty about intervention
effectiveness and pose a threat to the externa validity of the
results, but may also be associated with implementation
challenges such asincreased burden and low engagement [20].
Being able to identify and specify the behavioral active
components of web-based interventions and cross-reference
them with retention in the studies will provide a better
mechanistic understanding of web-based interventionsand allow
future studies to be replicated more successfully in terms of
retention across different settings and popul ations.
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Textbox 1. Definitions for behavior change theory, behavior change technique (BCT), and behavior change agent (BCA).

Definitions

1. Behavior changetheory: an abstract representation of an interrelated concept or theory explaining behavior change in the intervention (eg, Stress
and Coping model, Cognitive Behavior Therapy Model, Adaption-Coping model, or Transition Theory).

2. BCT: an active, observable, replicable, and intricated component in the intervention which induces the behavior change (eg, goal planning,

feedback on behavior, or demonstration of behavior).

3. BCA: aputative target or amediator variable in the mechanism of behavior change (eg, self-efficacy, caregiver burden, or caregiver stress).

Considering the gaps in behavioral change mechanisms in
web-based interventionsfor informal caregiversof peopleliving
with dementia and the increasing number of web-based
interventions, it istimely to conduct a scoping review to explore
and analyze the emerging literature [21]. This study reviewed
theliteratureto map BCTSs, theories, and agentsdeployed in the
web-based interventionsfor informal caregiversof peopleliving
with dementia. Furthermore, there is an emerging consensus
that in addition to intervention characteristics, retention could
also be shaped by participant characteristics [22-25]. For
example, in 2020, Ashford et a [22] identified that
sociodemographic variables such as race and education level
were associated with decreased task completion and enrollment
in web-based interventions for older adults. Another study by
Teles et a [25] describing the access and retention in
psychosocial interventions for informal caregivers of people
living with dementia suggested that caregiver education, their
perceived mental health, and the number of hours spent in
caregiving had adirect correlation with the retention or dropout
rates of the study. As such, this study has three objectives: (1)
to map behaviora theories, BCAs, and BCTs involved in
web-based interventionsfor informal caregiversof peopleliving
with dementia; (2) to examine the relationship between
behavioral change elements and retention in the studies; (3) to
examine the rel ationship between participant characteristicsand
retention in the studies.

Methods

Overview

Thisscoping review followed guidelinesfrom the PRISMA-ScR
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses extension for Scoping Reviews) [26], which
was built upon prior scoping review frameworks of the Joanna
Briggs Ingtitute [27] and Arksey and O'Malley [28]. The
PRISMA-ScR framework deleted 5 items (eg, risk of biasacross
studies, risk of bias within studies, and further analysis) from
theorigina PRISMA (Preferred Reporting Itemsfor Systematic
Reviewsand Meta-Analyses) checklist, and it had the following
main steps. (1) indicate whether a protocol and registration
exist, (2) eigibility criteria, (3) information sourcesand search,
(4) selection of sources of evidence, (5) charting data from the
selected studies, and (6) synthesis of results [26].

Stage 1: Protocol and Registration

The protocol of this paper was modeled on our previous scoping
review concerning behavior change factors and retention in
dietary interventions for older adults [29]. Our protocol was
drafted using the PRISMA Protocols [26]. The final protocol
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was registered prospectively with the Open Science Framework
on February 18, 2022 (registered from the website [30];
registration DOI: 10.17605/OSF.10/9M 7K 2).

Stage 2: Eligibility Criteria
Inclusion Criteria

Studies meeting the following inclusion criteriawere included:
(2) the intervention was aimed at informal caregivers (defined
as afamily member or friend providing unpaid care) of people
living with dementia, (2) digital interventions delivered viathe
internet or apps, (3) the article considered aspecific intervention
and provided a description of it, (4) experimental design
including quasi-experimental studies (ie, nonequivalent control
with pretest-posttest design, nonequivalent control with posttest
only, one group pre-post, and time series designs) and
randomized controlled trias, (5) feasibility study, (6) published
from January 1998 to March 2022, and (7) publishedin English.

Exclusion Criteria

Studies meeting the following exclusion criteriawere excluded:
(1) studies that focused on people living with early-onset
dementia; (2) theintervention was solely delivered by telephone
or was telemedicine based; (3) the interventions solely used
Skype or other means of web-based calling; (4) theintervention
had alarge face-to-face component; (5) the results or outcomes
of the intervention were not reported; (6) the intervention was
focused on the person with dementia; (7) the study was not
published in a peer-reviewed journal; (8) basic science articles
(eg, animal studies, neuroanatomy, neuroimaging, anatomy,
physiology, bacteriology, pathology, or biochemistry)
fundamental to the study of medicine; (9) pertained to caregivers
aged <18 years (per the definition of adults according to the
National Ingtitutes of Health); (10) focused on delirium,
developmenta disorders, or other; (11) letters to the editor,
editorials, essays, or other op-ed pieces; (11) gray literatureand
review articles; (12) other (case study, proposed studies, or
study protocal).

We excluded telephone-based support and extensive face-to-face
interventions from our study as we intended to focus on digital
technologies that could be used by caregivers without
professional input.

Stage 3: Information Sources and Search

A systemic literature search was conducted in 3 databases to
identify all relevant literature: PubMed, PsycINFO, and
EMBASE. Keywords and Medical Subject Headings (MeSH)
terms were used regarding the concepts of mobile health,
telehealth, web-based, web, dementia, caregiver. Thefollowing
were specific keywords used in the searching strategies:
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(caregiver OR caregivers OR carer OR carers OR Caregivers
[MeSH] OR carepartner OR care partners) AND (Dementia
[MeSH] OR dementia OR  dementias) AND
(“ Inter net-BasedI ntervention [MeSH] OR online OR web-based
OR internet OR on-line OR electronic OR MobileApplications
[MeSH] OR mabile application OR mobile applications OR
mobile app OR mobile apps OR tablet OR iPad) AND (support
OR supportive OR Social Support [MeSH] OR Saf-Help Groups
[MeSH]). Detailed search strategies are provided in Multimedia
Appendix 1. Reference checking was performed to include
potentially relevant studies. The research period was from
January 1999 to March 2022, considering that the internet was
widely used by the general public in 1999.
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Stage 4: Selection of Sources of Evidence

All citations were uploaded to Rayyan [31], a web-based
research tool that helps researchers to collaborate in systemic
reviews and other knowledge synthesis projects. Duplicates
were removed, and 2 reviewers (K-CW and Y S) subsequently
screened al the articles by title, abstract, and full text. The
reviewers a so reviewed each other’s results before proceeding
to the next step to avoid screening bias. When a disagreement
occurred, they discussed the eligibility of the article regarding
the research goal and the inclusion and exclusion criteria until
aconsensuswas reached. In addition, athird reviewer (OZ) was
involved to arbitrage disagreements between the 2 reviewers.
The detailed screening processisillustrated in Figure 1.

Figurel. PRISMA-ScR (Preferred Reporting Itemsfor Systematic Reviews and Meta-Analyses extension for Scoping Reviews) flow diagram showing

the study selection process.
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MNo intervention description (n=3)
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S Studies included in review
S (n=32)
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Stage 5: Charting the Data

After reviewing al eligible studies, 2 reviewers (K-CW and
YS) independently coded the literature using the BCTv1l
taxonomy [18]. A BCTv1 taxonomy isataxonomy methodology
that comprises 93 individual BCTs grouped in 16 hierarchical
clusters(eg, goalsand planning, feedback and monitoring, social
support, and shaping knowledge) that can specify the active
ingredients in interventions. A data-reporting table was
generated to guide the data abstraction process and display a
summary of these study features: citation, study design, study
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RenderX

location, sample characteristic, intervention characteristic,
behavior changetheory, retention rate, BCT, BCA, and outcome
measures.

Stage 6: Synthesis of Results

We reported results in the following order: (1) sample
characteristics; (2) outcomes; (3) theory; (4) BCT; (5) BCA;
(6) retention; and (7) relationship among sample characteristics,
theory, BCT, BCA, and retention. Sample characteristics
included study design, location, caregiver characteristics (type,
mean age, and male proportion) and composition. Outcome
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measures were primary outcomes specified in the objectives
and were measured before and after the intervention [32].
Behavior changetheorieswereidentified if they were explicitly
referenced as the guiding theory or framework for an
intervention. When a construct used in the intervention aligned
with the behavior change theory or was mentioned in the
intervention as a mediator, and was measured before and after
the intervention, it would be considered a BCA. To further
differentiate BCAs, we categorized each BCA into 3 BCA
domains according to the methodology introduced by the
Science of Behavior Change [33]. The retention rate was
calculated as the percentage of participants who completed the
study procedures as prescribed in the protocol. In this study,
retention rates were either explicitly stated by the researchers
or calculated from flow charts or comparable sources. The
relationshi ps between variables and retention rates were assessed
using the Spearman rank correlation coefficient because of the
observed monotonic but nonlinear trends between the variables,
with P<.05 indicating statistical significance.

Results

Study Selection

The literature review from the PubMed, PsycINFO, and
EMBASE databases yielded 2474 results, and 2381 articles
were|eft after duplicates were removed. After abstract and title
screening, 2315 irrelevant articleswere removed, and 66 studies
were retrieved for the full article review. In total, 32 articles
wereincluded inthefinal list after full article eigibility criteria
were applied (see Figure 1 for the PRISMA-ScR flow diagram).

Table 1. Intervention period of reported studies (n=32).
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Sample Characteristics

Among the 32 articles, 16 (50%) were conducted in the United
States, 10 (31%) were conducted in a European country, 4 (13%)
in Canada, 1 (3%) in India, and 1 (3%) in Mexico and South
America. Intotal, 17 studies used arandomized controlled trial
in the study design, 8 studies were pilot studies, 4 were
feasibility studies, 6 were mixed methods studies, and 3 studies
were quasi-experimental. In total, 29 out of the 32 studies
included a pretest or posttest design. The reported mean
participant age ranged from 44 to 76 years, with a median of
62.4 (IQR 9.52) years and amean age of 61.48 (SD 7.35) years.
The sample sizes ranged from 10 to 486 participants with a
median of 63 (IQR 109) participants. The average of reported
male proportion was 24.93% (SD 11%; range 0%-53.6%). The
mean of the reported spousal and adult children caregiver
proportion were 51.24% (SD 25%) and 44.81% (SD 22%),
respectively. The main characteristics of the included studies
are presented in Multimedia Appendix 2 [34-65].

I nterventions

Almost 80% (25/32) of the interventions were web-based
interventions only, while the remaining 20% (7/32) integrated
web-based intervention with other telehealth modalities (eg,
telephone, virtual reality, email contact, and video conferences);
47% (15/32) of the studies did not include interventionists or
facilitators when delivering their interventions. Only 10 studies
reported their breakdown by sessions, which ranged from 4 to
8 modules. In addition, 81% (26/32) of the included studies
reported the duration of their interventions. Table 1 presents
the length of the intervention from the reported studies. The
intervention durations varied from 2 weeks to 12 months with
amedian of 90 (IQR 138) days.

Intervention duration

Studies, n (%)

12 weeks
24 weeks

N/AZ

4 weeks
8 weeks
16 weeks
48 weeks
6 weeks
2 weeks
26 weeks
3 weeks

7(22)
6 (19)
6 (19)
4(13)
2(6)
2(6)
1(3)
1(3)
1(3)
1(3)
1(3)

8N/A: not applicable.

Outcomes

There were at least 18 outcomes measured in different studies.
The most common outcometype was the health indicator (25/32,
78%) of informal caregivers, including caregiver burden, stress,
depression, pain, and loneliness. The second most measured
outcomes were perceived competence (11/32, 34%). Other

https://www.jmir.org/2022/7/e38595

common outcomes found in the studies were problematic
behaviors of care recipients (7/32, 22%), self-efficacy (7/32,
22%), perceived socia support (6/32, 19%), quality of life (5/32,
16%), caregiving knowledge (4/32, 13%), quality of the
relationship with care recipients (4/32, 13%), perceived health
(4/32, 13%), and intervention usability and feasibility (4/32,
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13%). Some peculiar outcomes include eHealth literacy, heart
rate variability, costing, and cost-effectiveness.

Theories

In total, 53% (17/32) of the studies explicitly mentioned using
behavior change theories or modelsto guidetheir interventions.
Of these, only 4 studies mentioned more than one model. As
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Table 2 shows, the most used theory was the Stress and coping
theory (6/17, 35%) and the CBT (6/17, 35%). Other theories or
models were psychoeducationa intervention (5/17, 29%),
Transition theory (2/17, 12%), Trigger behavior response (1/17,
6%0), Adaption-coping model (1/17, 6%), Social cognitivetheory
(1/17, 6%), Stress process model (1/17, 6%), and Communities
of practice theory (1/17, 6%).

Table 2. Theories specified in guiding the interventions (n=32). An intervention could be guided by more than one theory.

Theory Studies, n (%)
N/A2 15(88)
Stress and coping model 6 (35)
Cognitive behavioral therapy 6 (35)
Psychoeducation 5(29)
Transition theory 2(12)
Trigger behavior response 1(6)
Stress process model 1(6)
Adaption-coping model 1(6)
Socia cognitive theory 1(6)
Communities of practice theory 1(6)

3N/A: not applicable.

BCAsand BCA Domains

We found BCAs in 81% (26/32) of the studies. The most
common BCA was caregiver burden or strain (14/26, 54%).
Other common BCAs included self-efficacy or confidence
(10/26, 38%), caregiver stress or distress (10/26, 38%), social
support (8/26, 31%), and caregiving competence or skill mastery
(8/26, 31%). In addition, using the approach adopted from
Nielsen et a [19] and the Science of Behavior Change
taxonomy, which clusters BCAs into 3 major groups
(interpersonal, stress reactivity, and self-regulation), we found
that stress reactivity (20/26, 77%) was the most common BCA
featured in 16 studies. The second commonly used BCA was
self-regulation (18/26, 69%), and the least common was
interpersonal (11/26, 42%).

https://www.jmir.org/2022/7/e38595

Behavior Change Techniques

All 32 articles included at least one BCT, and 97% (31/32) of
the studies included at least 2 BCTsin their intervention. The
total number of individual BCT included in the studies ranged
from 1 to 14, with amedian of 5 (IQR 4) techniques. The total
number of BCTv1 clusters ranged from 1 to 9 with a median
of 4.5 (IQR 3) clusters. The individual BCT in each study is
listed in Multimedia Appendix 3, and the frequency distribution
of BCTv1 clusters specified in each study is presented in Table
3. The most frequently deployed BCTv1 cluster was shaping
knowledge (27/32, 84%). The other common clusters include
social support (19/32, 59%), comparison of outcomes (19/32,
59%), comparison of behavior (18/32, 56%), and goals and
planning (17/32, 53%).
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Table3. Behavior changetechniques (BCTs) taxonomy specified in guiding theinterventions. One BCT cluster might appear in multiple studies (n=32).

BCT cluster

Studies, n (%)

1. Goals and planning

2. Feedback and monitoring
3. Social support

4. shaping knowledge

5. Natura consequences

6. Comparison of behaviors
7. Associations

8. Repetition and substitution
9. Comparison of outcomes
10. Reward and threat

11. Regulation

12. Antecedents

13. Identity

14. Scheduled consequences
15. Self-belief

16. Covert learning

17 (53)
13 (41)
19 (59)
27 (84)
3(9)
18 (56)
4(13)
4(13)
19 (59)
1(3)
1(3)
10 (31)
10 (31)
0(0)
4(13)
0(0)

Retention

Retention rateswere extracted from 91% (29/32) of the studies.
The range of the retention rates from included studies varied
from 32.6% to 97.4%, with an average of 70.44% (SD 17%)
and a median of 74.6% (IQR 15%). Considering 80% as the
third quantile of the retention rate in the included studies, we
defined any study with an 80% retention or above as a high
retention rate study. Only 28% (9/32)
[34,41,44,48,49,52,53,55,63] of the interventions were high
retention rate studies.

Retention With BCA, BCT, and SampleChar acteristics

As shown in Figure 2, when examining high or low retention
studies by 3 BCA domains (stress reactivity, self-regulation,
and interpersonal), we found that stress reactivity was more
common in low retention studies (n=16) while self-regulation
(n=8) and interpersonal (n=6) were more common in high
retention studies.

https://www.jmir.org/2022/7/e38595

Figure 3 shows the relationships between retention rate and
BCTv1 clusters or BCA domains. The Spearman coefficient
suggested no significant relationship between the retention rates
and the BCA domains (r=0.1; P=.60). However, there was a
significant and negative relationship between the retention rate
and the number of BCTv1 clusters (r=—0.47; P=.01).

Figure 4 presents the relationships of retention rate to age,
gender, and spouse or adult children proportion. According to
the Spearman correl ation coefficient, no significant differences
were found between the retention rate and informal caregiver’'s
age (r=-0.03; P=.90) and gender (r=0; P=.99). However, we
found that the proportion of spousal caregiverswas significantly
and negatively correlated with the retention rate (r=—0.45;
P=.02), whereas the proportion of the adult children caregivers
was significantly and positively correlated with the retention
rate (r=0.5; P=.03) in the studies.
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Figure 2. Behavior change agent (BCA) domains used in high vs low retention studies.
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Figure 3. Relationships of retention rate to behavior change technique (BCT) clusters and behavior change agent (BCA) domains.
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Discussion

Principal Findings

The goals of this scoping review were to describe the level of
evidence of behavioral factors (theory, BCA, and BCT) in
web-based interventions for the informal caregivers of people
living with dementia and to examine the relationship between
sample characteristics, behavioral change factors, and study
retention rates. We have 3 mgjor findings. First, only about a
half of the studies described their theoretical framework, but
BCTs and BCA were more common. Second, we found that
average retention rate has been around 70%, suggesting that it
is a chalenge for most web-based interventions in this
population to retain participants. Third, the number of BCTv1
clusters and proportion of spousal caregivers are significantly
and negatively correlated with retention rates while the
involvement of adult children caregivers is significantly and
positively correlated with the retention rate in the studies.

Comparison With Prior Work

The first finding indicates that about half of the web-based
interventions lacked theory to guide their intervention. This
finding is congruent with the results of 3 systematic reviews of
health interventionsin peoplewith chronic conditions. In 2017,
areview of exerciseinterventionsin peopleliving with dementia
found 33% included studies used behavior change theories[66].
A review in 2019 of interventionstargeting peoplewith chronic
neurological conditions and their caregivers found 59% of the
studies did not mention theory, and only 22% were explicitly
theory-based [67]. Another review of interventions among
dementia caregivers revealed that only 37.5% of the studies
used theory to inform interventions [68]. As mentioned by
Walsh et a [15], there is a distinct lack of theoretical
underpinnings in most dementia interventions [15], and
interventions that make extensive use of theory may be ableto
have larger effects on behavior and improve the intervention
sustainability than those that lack theory [15,69]. The explicit
application of theory can help a study to better understand key
aspects of the intervention, the participants, and the context,
and offer ageneralizable framework to inform the devel opment
of intervention as well as provide insights to possible causal
mechanisms [15,70]. Therefore, we strongly advocate future
research in the dementia caregiving context to include a
theoretical basisin their intervention design.

In this study, we found that stress and coping theory, CBT, and
psychoeducation are the most commonly adopted theories
among web-based interventions for informal caregivers of
people living with dementia. This finding partially aligns with
several studies which specified CBT and psychoeducational
approaches as the most effective and common theories in
caregiver interventions which aimed to improve caregiving
knowledge, well-being, and satisfaction as well as to reduce
caregiver burden, anxiety, and depressive symptoms in
caregiversof peopleliving with dementia[5-7]. However, these
reviews focused less on web-based interventions and may not
provide the full picture of how theoretical underpinnings could
guide interventions delivered on the web or in web-based
settings. On the contrary, a meta-analysis released in 2021,
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which explored how web-based interventions improve mental
health in home caregivers of people living with dementia,
provided agood rationalefor our finding in the stressand coping
theory. The meta-analysis found that stress management
program showed better outcomes in web-based interventions
than other modified multicomponent integration programs[14].
Therefore, we suggest that future web-based intervention studies
should retain the systemic integrity of the stress coping model
when building their interventions.

In our review, 80% of the studies included BCA and all the
studiesincluded at least one BCT in their intervention, but the
number of BCTs varied substantially. A recent review which
assessed BCTs in clinical interventions confirmed their
effectiveness in retention context [16] that is in sync with our
results. Furthermore, both studies described a range BCTs in
terms of numbersguiding their intervention design. For example,
Fakolade et a [67] found that, “ across 27 studies, two to 17
BCTs (mean 6.8, SD 4.02) were used.” We found the top three
frequently deployed BCTv1 clusters were shaping knowledge,
social support, and comparison of outcomes. These results are
similar to a systematic review of internet-based interventions
for caregiversof older adults[71]. Thissystematic review found
the most frequently used BCTs included in efficacious
interventions were provision of social support and the
combination of instructionsto guide behavior change and barrier
identification. Another systematic review which mapped
behavioral factorsin health interventionsfor peoplewith chronic
neurological conditions and their caregivers shared anal ogous
views that shaping knowledge and comparison of outcomes are
2 of the most common implemented BCT clusters[67]. To date,
no reviews have mapped behaviora change factors with
web-based interventions in dementia research. However, 2
systematic reviews that evaluated web-based self-management
programs for parental caregiversto help children with diabetes
and promote healthy eating in children both confirmed that
shaping knowledge is awidely used and effective BCT cluster
in web-based program interventions[72,73]. Futureresearchin
web-based interventions for dementia caregivers should consider
retaining shaping knowledge while developing their
interventions. Unfortunately, we did not find reviews which
targeted interventionsfor people living with dementiaand their
caregivers dtipulating BCA in their study. Considering
increasing calls from the National Institutes of Health to
emphasize on mechanisms of change [19], BCA should be
explicitly specified and evaluated in future intervention
development.

Our second magjor finding isthat retention is still achallengein
most web-based interventions for caregivers of people living
with dementia. We calculated an average of 70.44% (SD 17%)
and amedian of 74.6% (IQR 15%) retention rate in 32 studies.
This result is similar to a cross-sectiona study of retention of
dementia caregivers in psychosocial interventions which
reported high dropout rates (more than 50% for most
intervention) in most psychosocial interventions [25].
Nevertheless, compared with the study by Teles et al [25], it
seems the web-based interventions increased retention among
this population. Our result about low retention rate contrasted
with a systematic review which examines the effectiveness of
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mobile and web-based health appsthat support self-management
and transition in young people with chronic physical health
illnesses. The review reported an average 93% retention across
68 studies. The reasons that this systematic review observed
higher retention compared with our study might result from the
differencesin our target popul ations (young peoplewith chronic
disease versus older adult dementia caregivers). Older adult
participants may face more barriersin web-based interventions
compared with younger generations owing to age-related
changes (eg, changes in vision, hearing, and motor functions)
[74]. Therefore, we might expect a lower retention in older
participantsin web-based interventions, especially in self-guided
web-based interventions[75,76]. Future web-based interventions
for informal caregivers of people living with dementia should
consider the needs of this population and incorporate them in
the development of the interventions.

The third major finding in our study is that retention rate was
significantly associated with certain behaviora factors and
sample characteristic. We identified a reduction in retention
with an increase of BCTv1 clusters employed in interventions.
The finding that the numbers of BCTv1 clusters is negatively
associated with retention is at odds with the systematic review
conducted by Duncan et a [16], which advocates for the
application of BCTsto improve retention. Another meta-analysis
which investigated how incorporating BCTs in internet-based
programs could reduce smoking cessation in the public also
presents different evidence from what was found in the study
[77]. The meta-analysis reported that the number of BCTs in
the long term was not significantly associated with treatment
effectiveness (odds ratio 1.02, 95% CI 0.99-1.05; P=.16).
However, the meta-analysis did not correlate the BCT numbers
and BCTv1 clusterswith retention rates. To conclude, our study
raises several important issuesfor future research. For example,
it would be important to examine the extent to which BCT
potentially affect retention. If such an effect confirmed, factors
facilitating retention rate such asparticular BCTv1 clusters, the
overall number of BCTV1 clusters or other features is another
important consideration. Future studies should work on better
elucidating the mechanisms of behavioral change, and explore
how behavioral factors (theories, BCTs, and BCAS) affect the
effectiveness and retention of theintervention, aswell asprovide
more details on how BCTs should be leveraged.

As for sample characteristics, we found that the increase of
spousal caregivers or the decrease of adult children caregivers
in the study are significantly correlated with lower retentions.
Therewere severa studiesthat considered sample characteristics
as predictors of retention. For example, a meta-analysis which
identified predictors of treatment dropout in self-guided
web-based interventions for depression found that being male,
younger age, attained lower education level, and with comorbid
anxiety symptoms were all predictors for a high dropout rate
[75]. Some other studies also reported being young [23,24], less
educated [22-24], race of people of color [22,23], or person with
alower socioeconomic status [24] were factors associated with
lower retention rate in the intervention. A study of the access
and retention of informal dementia caregivers in psychosocial
interventions also reported significant associations between
retention rate and behavioral factors of caregivers such as the
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number of hours spent in caregiving, and informational barriers
[25]. However, we did not identify any study that associated
retention rate with the ratio of spousa caregivers or adult
children caregivers.

Limitations

Several limitations should be considered in this scoping review.
One limitation was a lack of clarity in some interventions and
theories. In some of the studies, interventions and the theoretical
framework were not fully specified. Poorly justified intervention
design and lack of detail descriptions of intervention could lead
to challenges for researchers to abstract the BCTs or affect the
analysis of behavioral factors in each intervention. Another
limitation of this scoping review is the lack of other
demographics information such as ethnicity, socioeconomic
status, and education levelsof caregivers. Theseare not available
in many included studies but they might affect findings about
adult children and spouse relationship with retention. A final
limitation istheinconsistency intheintervention duration, which
isthe length of each web-based intervention. The length of the
interventions ranged from 3 weeks to 12 months, which might
ultimately impact the retention rate of the study. It is our
recommendation for future studiesto consider the length of the
interventions and their effects on the retention rates.

It is worth mentioning that the sample characteristics of our
review might not be generalizable to the older informal
caregivers of people living with dementia (caregivers aged =65
years), because the reported mean age of informal caregivers
of people living with dementia in the studies reviewed was 8
years younger compared with the mean age provided by the
American Association of Retired Persons (AARP) and
Alzheimer's Association. According to the Alzheimer's
Association and AARP, women account for approximately
two-third of dementia caregivers, with an average age of 69.4
years[1,78], whilethe reported mean age of informal caregivers
of peopleliving with dementiain our study was 62.26 (SD 7.36)
years. Possible reasons that the mean age of the studies our
sample were younger than the actua dementia caregiver
population reported by the AARP and Alzheimer's Association
arethat web-based interventions may create specific challenges
for the older populationsto participate in the study [79,80]. For
example, limited access to high-speed internet and video
chatting, owning older technology that induces hardware and
softwareincompatibilities, unfamiliarity with new technologies
and motivational barriers, or visual impairments that affect the
comprehension of interventions are all possible factors that
reduce the participation of older adult dementia caregivers.
Although Alzheimer's Association announced that over half of
the caregivers are providing assistance to a parent or an in-law
with dementia [1], they did not specify the proportions of
spousal caregivers and adult children caregivers across the
informal caregiver population. Our study, however, found that
the means of the reported spousal caregiver and adult children
caregiver proportionsin 32 studies were both around 50% (51%
and 45% individually), with the reported spousal caregiver
proportion being 6% more than the adult children caregiver
proportion.
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Conclusions and Future Implication

Thisis the first study to comprehensively describe behavioral
change factors (theory, BCA, and BCT) and identify the active
ingredients in web-based interventions for the informal
caregivers of people living with dementia using the BCTv1
taxonomy. This is aso the first study to map the relationship
of retention rates with behavioral change factors and sample
characteristics.

In our study, we found that almost half of the studies were not
informed by behavior change theories. We also observed that
web-based interventionsfor informal caregiversof peopleliving
with dementia usually face retention challenges. Furthermore,
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we found that spousal involvement and a higher number of
BCTs were each associated with lower retention rates.

On the basis of these findings, we proposed 3 suggestions for
future studies. In planning future web-based interventions for
informal caregiversof peopleliving with dementia, researchers
should (1) report the theoretical basis and behavioral change
factors informing their study design; (2) ensure to address the
needs of informal caregivers and people living with dementia
in intervention development; and (3) model mechanisms of
behavioral change and further explore how behavioral factors
(theories, BCTs, and BCAS) and sample characteristics affect
the effectiveness and retention of the intervention, as well as
provide more details on how BCTs are applied.
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Abstract

Background: Given the growing significance of conversational agents (CAS), researchers have conducted a plethora of relevant
studies on various technology- and usability-oriented issues. However, few investigations focus on language use in CA-based
health communication to examine its influence on the user perception of CAsand their role in delivering health care services.

Objective: This review aims to present the language use of CAs in hedth care to identify the achievements made and
breakthroughs to be realized to inform researchers and more specifically CA designers.

Methods: This review was conducted by following the protocols of the PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) 2020 statement. We first designed the search strategy according to the research aim and then
performed the keyword searchesin PubMed and ProQuest databases for retrieving relevant publications (n=179). Subseguently,
3 researchers screened and reviewed the publications independently to select studies meeting the predefined selection criteria
Finally, we synthesized and analyzed the eligible articles (N=11) through thematic synthesis.

Results: Among the 11 included publications, 6 deal exclusively with the language use of the CAs studied, and the remaining
5 areonly partly related to thistopic. The language use of the CAsin these studies can be roughly classified into six themes: (1)
personal pronouns, (2) responsesto health and lifestyle prompts, (3) strategic wording and rich linguistic resources, (4) a3-staged
conversation framework, (5) human-like well-manipulated conversations, and (6) symbols and images coupled with phrases.
These derived themes effectively engaged users in health communication. Meanwhile, we identified substantial room for
improvement based on the inconsistent responses of some CAs and their inability to present large volumes of information on
safety-critical health and lifestyle prompts.

Conclusions: Thisisthefirst systematic review of language use in CA-based health communication. The results and limitations
identified in the 11 included papers can give fresh insights into the design and development, popularization, and research of CA
applications. Thisreview can provide practical implications for incorporating positive language use into the design of health CAs
and improving their effective language output in health communication. In this way, upgraded CAs will be more capable of
handling various health problems particularly in the context of nationwide and even worldwide public health crises.

(J Med Internet Res 2022;24(7):e37403) doi:10.2196/37403
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Introduction

Background

Conversational agents (CAs) areintelligent computer programs
empowered with natural language processing techniques that
engage usersin human-like conversationsto provide an effective
and a smart communication platform in a simulated
environment, including text-based chatbots, voice-activated
assistants, and embodied CAs[1,2]. They are designed to obtain
specific information from users that is necessary to perform
particular tasks and respond in a manner that is optimal to
achieve these goals. Dueto their ability to transform the health
care system and enable individuals to comanage their health
care effectively, CAs are increasingly used to deliver health
care services[3]. The most popular health CAsinclude ELIZA
[4], Casper [5], MedChat [5], PARRY [6], Watson Health [7],
Endurance [7], OneRemission [8], Youper [9], Florence [10],
Your.Md [11], AdaHealth [12], Sensely [13], and Buoy Health
[14], among many others. CAs are being tested and adopted to
provide and collect health-related information and provide
treatment and counseling services[15]. In some cases, they are
used to enhance the accessibility, efficiency, and personalization
of serviceddlivery and ensurerelatively equal delivery of health
care services worldwide through bridging the gaps between
developing and devel oped countries [15,16].

Given the growing significance of CAS, researchers have
conducted a plethora of relevant studies, varying from their
suitability as health care partners to their designs including
physical appearance, gender, and speech. [17-20]. These studies
aimed to improve “humanness heuristics,” affective states in
users, and user perceptions of the CA personalities by tailoring
CAs to the cultures and demographics of the users to
continuously promote user engagement, adherence, and adoption
[21-24].

Language plays a crucia role in improving user engagement
because perceived impersonal closeness, intention to use, user
satisfaction, establishment of trust, and user self-disclosure or
self-concealment are closely associated with the task- and
social-based interactivity, interaction, politeness, and
information quality provided by CAs[2,19,21,25-32]. However,
few studies focused on language use in CA-based hedlth
communication to examine its influence on the perceived
usability of CAs and the perceived roles of CAsin delivering
health care services[16]. Language considerably influencesthe
joint construction of meaning between interlocutors and rapport
establishment [23,33,34]. This is particularly true for
human-machine communication. For example, when addressing
usersby their first names, CAs are perceived to display varying
degrees of politeness and thoughtfulness determined by cultural
limits and preferences [24]. It follows that intensive and
extensive investigations into language use by CAs in different
linguistic settingsare crucial to scale up health careinterventions
delivered by CAsworldwide [16,35].
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Language Use and Its Significancein CA
Communication

Thelanguage use of aninformation sourceislikely to becrucia
among various factors affecting the information seekers
judgments on the credibility and trustworthiness of the
information providers [36-39]. In this review, language use,
characterized by various linguistic aspects, is defined as varied
verbal strategies and compliance-gaining techniques [40] that
the CAs under scrutiny adopted to deliver health interventions.
These strategies and techniques may involve various ways of
wording, including an everyday style (eg, “heart attack™) versus
atechnical style (eg, “myocardia infarction”), atentative style
(eg, “presumably similar”) versus a nontentative style (eg,
“smilar”), aneutra style (eg, “methodological mistakes’) versus
an aggressive style (eg, “really dumb methodological mistakes’),
an emotional style versus a nonemotional style, and an
enthusiastic style versus a nonenthusiastic style. [36,41-44].
They may aso include the use of personal references (eg,
first-person and second-person pronouns), persona testimonials,
specific conversational frameworksor prompts, and other verbal
means of communication [45-47]. In short, the language use of
the CAs under discussion in this review refers to ther
characteristic linguistic performancesin health communication.

Language Expectancy Theory [48] and Communication
Accommodation Theory [49] assert that acquiring knowledge
when seeking web-based health information is determined not
only by the information content but also by who is
communicating the information and the manner and context of
communication. Information seekers evaluate information
providers positively if the latter's language use is in tune with
their cultural values and situational norms and if they use
language more favorably than expected in a situation [50]. The
language use of information providersisregarded as a prominent
clue to evaluate the characteristics of the providers, especialy
in web-based communication [51,52]. The information
provider'slanguage useisacuefor determining whether people
perceive the information to be credible and whether the
information provider is trustworthy [37,46].

Objective

The current review aimed to summarize the language use of
CAsin health care to identify the achievements made and the
breakthroughs to be made to inform researchers and more

particularly CA designersand developers. Thiscan help redize
the high potential of CAsfor improving individual well-being.

Methods

Study Design

The primary objective of the current review wasto identify the
language use of CAsin health care. Thisreview was performed
by following the protocols of the PRISMA (Preferred Reporting
Items for Systematic Reviews and Meta-Analyses) 2020
statement [53]. We first designed a search strategy according
to the research aim and then performed keyword searches in
PubMed and ProQuest databases for retrieving relevant
publications. Then, 3 researchers screened and reviewed the
publications independently to select studies meeting the
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predefined selection criteria. Finally, we synthesized and
analyzed the eligible articles.

Search Strategy and Study Selection Criteria

Thisreview focused on two aspects of the previous studies: CA
applicationsin health care and language use. To retrieve ahigh
number of relevant studies, we decided on using the keywords
relating to language use for literature search, including

“expression,” “language,” “language style,” “language feature,”
“language characteristic,” “language pattern,” “linguistic style,”

“linguistic feature,” and “linguistic characteristic.” Based on
these keywords and those concerned with CA applications in
health care, we developed the following search strategy to
identify studieswholly or partly investigating the language use
of CAs. ((expression [Title/Abstract])) OR (language
[Title/Abstract]) OR (language style [Title/Abstract]) OR
(languagefeature [ Title/Abstract]) OR (language characteristic

Textbox 1. Inclusion and exclusion criteria of the study.
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[Title/Abstract]) OR (language pattern [Title/Abstract]) OR
(linguistic  style[Title/Abstract]) OR  (linguistic feature
[Title/Abstract]) OR (linguistic characteristic [ Title/Abstract]))
AND ((health* chatbot [Title/Abstract])) OR (health*
conversational agent [Title/Abstract])). Drawing on this search
strategy, we conducted keyword searches in 2 databases
(PubMed and ProQuest) to retrieve published papers without
restrictions regarding the year of publication on February 11,
2022.

Weincluded both peer-reviewed and non—peer-reviewed journal
publications because the aim of this review was to provide a
comprehensive overview of the language use of CAsin health
care and its corresponding implications for improvement in
language use in CA communication to inform future research
and CA designers. Textbox 1 showstheinclusion and exclusion
criteria.

Inclusion criteria

Exclusion criteria

« Articlesthat were not written in English were excluded.

« Articleswholly or partly examining the language use of conversational agents (CASs) in health care were included.

« Articleson CAsthat are equipped with languages other than English were included.

« Publications that are not journal articles (eg, reports, editorials, dissertations, and news) were excluded.

« Articlesthat focus on the development of CAsand do not cover any design or setting of system-human linguistic interactions were excluded.

«  Studiesthat examine the application of CAsin other fields than health care were excluded.

Article Selection and Data Extraction

We used Microsoft Excel (Microsoft Corporation) to manage
the collected articles by listing the titles, abstracts, and article
types for screening. First, 2 researchers (MJand Y S) screened
the titles and abstracts of the candidate articles independently,
filtering those articles that did not conform to the selection
criteria. If the eligibility of some studies was unclear, we
included them for further full-text review. Then, 2 researchers
(YS and WX) reviewed the full texts of the remaining articles
independently. Any disagreements were resolved through
discussion and consultation with the third researcher (MJ).

To analyze and synthesize the language use of the health care
CAs, the following information was extracted from eligible
studies by YS: first author, year of publication, health care
application, target population, study design, major findings, and
limitations. Then, MJreviewed and cross-checked the extracted
data. Any discrepancies were resolved through a discussion
with the entire research team.

Data Analysisand Synthesis

A meta-analysis was not feasible due to the expected variety of
health care applications, target populations, study designs,
results, and limitations. Therefore, we conducted thematic
synthesis to summarize the data extracted from the included
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articles following 3 steps, namely “line-by-line” coding of the
text, development of “descriptive themes,” and generation of
“analytical themes’ [54]. YS first coded each line of the
extracted text according to its meaning, then developed
descriptive themes, and finally generated analytical themes
using the derived descriptive themes [55]. MJ validated each
assigned code, each derived descriptive theme, and each
developed analytical theme independently. All the authors
discussed and finalized the results of the thematic synthesis.

Results

Search Results

Using the search strategy, weidentified 179 publicationsin the
PubMed and ProQuest databases. From these retrieved
publications, 40 were eliminated because they were not journal
articles but were other types of publications (eg, commentaries,
letters, news, and editorials); 51 were eliminated for being
duplicates, and 72 for not meeting the selection criteria. After
the full-text review, another 5 studies were excluded; 3 were
not related to language communication, 1 was not about health
care, and 1 was an editorial. As a result, 11 studies met the
inclusion criteria and were €ligible to be considered in this
systematic review. Figure 1 shows the screening and selection
process.
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Figurel. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart of the selection of digible studies.
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Characteristics of Included Studies aim of the current review are included. We have included the
limitations reported in the original studies and those based on
Table 1 summarizes the information extracted from the 11  our perspectives, if any. Based on this table, we present the

papers selected for synthesis and analysis. The mgjor findings  qualitative synthesis and analysis in the Discussion section.
reported in the original studies that are directly related to the
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Table 1. Information extracted from the 11 selected studies.
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Reference, Hedlth care Target popula=  Study design Major findings Limitations
first author, application tion
and year of
publication
[56]; Ollier; A public Peoplein Aninternet-based The CA’s choice of formal Given that the study involved a complicated 4-
2022 health CA® French and experiment and informal forms of the way interaction between T/V distinction, lan-
prototype German lin- second-person pronoun guage and culture, age, and gender, the sample
guacultures “You"— Tu/Mous (T/V) dis-  sizeis not sufficiently large to ensure more
tinction—affected theevalua- generalizable findings. Therefore, the implica-
tions of users of different tionsfor CA designers are affected.
ages, genders, and culturesto
varying degrees.
[57]; Kocabal- Commonly Unspecified  Followingapilot- Theratio of the CAS appropri- Some response structureswere derived from the
li; 2020 available, gen- ed script to ateresponses decreased when  patterns observed in the responses to a reason-
eral-purpose present health- safety-critical promptswere  ably limited set of studied prompts, possibly not
CAsonsmart- andlifestyle-relat-  rephrased or when theagent  capturing additional or different structural ele-
phones and ed promptsto 8  used avoice-only interface.  ments of the CAs' responses based on alarger
smart speakers CAs The appropriate responsesin- set of prompts.
cluded mostly directivecon-  CAsfailed to providealarger anount of precod-
tent and empathy statements  ed information on some safety-critical prompts.
for the safety-critical prompts
and amix of informative and
directive content for the
lifestyle prompts.
[58]; Bous- Anexpressive, 51 alcohol Description of The CA used amodel of em- It is unclear whether the model of empathetic
tani; 2021 speech-en- usersinthe the CA design, pathetic verbal and nonverbal  verbal and nonverbal behaviors the CA used to
abled digital  United States  acceptability, fea-  behaviors to engage users, engage young and middle-aged adults success-
health agent to sibility, and utili- who had overwhelmingly fully can equally engage the elderly or children
deliver anin- ty positive experiences with the  in Americaand usersin other countries, especial-
ternet-based digital health agent, including |y considering different cultural factorsthat may
brief behav- engagement with thetechnol-  influence the perception of language.
iora hedthin- ogy, acceptance, perceived
tervention for utility, and intent to use the
alcohol use technology.
[59]; Miner; 68 phones Investigators A pilot study fol- Some CAsrepliedto users  Investigators used standardized phrases for
2016 from 7 produc- lowed by across- concerns with respectful lan- health and interpersonal violence concerns, but
ers sectional study  guage and referredthemto  people asking for help on their personal smart-
helplines, emergency services, phones may use different phrases, which may
and nearby medical facilities, influence the CAS' responses.
but some failed to do so. The study only tested alimited number of CAs
availablein the United Statesand eval uated their
responses to a limited number of health con-
cerns, which may affect the generalizability of
the findings.
[60]; Grové; A mental Young people Interviewsanda The chatbot failed to identify The imbalanced numbers of male and female
2020 health and aged 15-17 survey and understand critical words  participantswho interacted with the chatbot may
well-being years and liv- and generateresponses appro-  influence the responses of the chatbot.
chatbotnamed ingin Aus- priate to critical words.
Ash tralia Exemplary dialogs show the
chatbot’s respectful, empathet-
ic, supportive, and encourag-
ing language style.
[61]; Ireland; Chatbotsfor ~ Peoplewith A description of  Thechatbotscan engagewith The study failed to cite chatbot-patient conversa:
2015 people with Parkinsondis- chatbots for peo- patientsin random, human-  tionsto illustrate the randomness and human-
Parkinsondis- ease plewith Parkin-  like conversations. likeness of the conversations.
ease son disease
[62]; Frick; CAs Germanpatic- Aninternet-based Only an exemplary anamnesis  The study failed to discuss the role of the CA's
2021 ipants questionnaireand with a CA showsthe CA’s language stylein soliciting disclosure of medical
acomparative polite, respectful, and encour-  information from patients.
study aging language style.
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Reference, Hedlth care Target popula-  Study design Major findings Limitations
first author, application tion
and year of
publication
[63]; Cooper; A chatbot Childrenon A descriptionof  The chatbot isableto engage The study aimed to describe a new chatbot and
2018 named Alex  theautism a chatbot with the user on avariety of  did not provide real-time exemplary conversa-
spectrum topicsusing symbolsand im-  tions between the chatbot and real patients,
ages. making it difficult for us to understand the role
of its language style in engaging patients.
[64]; Al- A motivation-  Adult A single-arm Dueto therunning head start  The running head start technique might not be
mushrraf; a interview-  cigarette prospectiveitera- technique that the chatbot appropriate or helpful for those who were al-
2020 ing—based smokers tive design study used whenengaginginconver- ready exhibiting change behavior.
chatbot sations, 34.7% (42/121) of  The|ack of follow-on to the exception case
participants enjoyed theinter- - g etions or elsewhere in the conversation can
action with the chatbot. frustrate subjects and possibly lead to negative
The chatbot finished the con-  unintended effects.
versation after receiving the
responseto the exception case
questions.
[65]; Ireland;  Anartificial Peoplewith A descriptionof  The chatbot is able to con- The study focused on the chatbot’s role in per-
2016 CA named neurological  achatbot verse with the user on avari-  forming different taskswithout attaching impor-
Harlie conditions ety of topics. tance to the function of itslanguage stylein en-
such_as _ It can engage patients with a gaging the patients.
Parkinson dis- random, human-like, well-
ease and de- manipulated conversation
mentia styleto gain information
about challenges patients en-
counter and play an education-
a and supportiverole.
[66]; Ireland;  Atraineechat- 5 genetic A description of  The chatbot can engage users  The chatbot cannot engage in conversations re-
2021 bot named Ed- counselors a chatbot with apolite, respectful, and  lated to theimpact of specific genetic conditions,
na and adults an encouraging language emotive personal circumstances, or expert med-
who had style. ical advice, which possibly influencesits lan-
whole exome The chatbot can educate users  9uage style.
sequencing through explaining genetic
conducted for conditions and terminologies
diagnosis of a precoded into itslanguage re-
genetic condi- SOLFCES.
tion, either for
themselves or
their child

8CA: conversational agent.

Discussion

Principal Findings

In human-CA linguistic communication, language cues are
particularly important because they perform a crucial function
in promoting user engagement [2], but few studies examine
significant sociolinguistic dimensions in CA design across
different languages and cultures, and the impact of these
dimensions on user perceptions of CAs and their effectiveness
in delivering health care services [16]. In this review, 6 of the
11 included publicationsdeal exclusively with thelanguage use
of the CAs studied, and the remaining 5 are partly related to
this topic. We derived the following themes from the language
usein the 11 included studies through thematic synthesis.

Personal Pronouns

Among the 6 studies exploring exclusively the language used
by CAs, the most interesting and distinctive study analyzesthe

https://www.jmir.org/2022/7/€37403

influence of the CA’'s use of formal and informal forms of the
second-person pronoun “you”—Tu/NVous (TIV)
distinction—across language contexts on user evaluations of
digital health applications [56]. This study found a four-way
interaction between T/V distinction, language, age, and gender,
which influenced user assessments of four themes. (1)
sociability, (2) CA-user collaboration, (3) service evaluation,
and (4) behavioral intentions. Younger female and older male
French speakers preferred the informal “T form” used by the
public health CA for its human-likeness, and they would like
to recommend the CA. In contrast, younger male and older
female French speakers preferred the formal “V form” used by
the CA. Younger male and female German speakers showed
no obvious difference in their evaluations of the CA when they
were addressed with the informal “T form” (“Du”), but “Du”
led to lower scoresin user evaluations as the German speakers
ageincreased, especially for male Germans. German speakers
user evaluation scores induced by the formal “V form” (“Se”)
were relatively stable and not affected by gender, but they
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increased dightly with age. The T/V distinction in French,
German, Spanish, Chinese, Malaysian, and Korean, among
many other distinctions of linguistic formsin variouslanguages,
indicates more or less formality, distance, or emotional
detachment [67,68]. Such distinction encodes interactive
meanings and shapes normative expectations such as politeness
etiquette, the breach of which potentially results in perceived
insult, membership of a different social class, and affiliation
with another culture or grouping, leading to outcomes such as
customer dissatisfaction [68-74]. CA developers need to
consider this distinction and many other linguaculture-specific
distinctions in the designing stage to enable CAs to choose
appropriate forms for specific user groups, which facilitates
user engagement in CA-based health communication [65,70].

Responses to Health and Lifestyle Prompts

A recent study analyzed the content appropriateness and
presentation structures of CAs' responsesto health and lifestyle
prompts (questions and open-ended statements) [57]. The CAs
under scrutiny collectively responded appropriately to
approximately 41% of safety-critical prompts by providing a
referral to a health professiona or service and 39% of lifestyle
prompts by offering relevant information to solve the problems
when prompted. The percentage of appropriate responses
decreased if safety-critical prompts were rephrased or if the
agent used a voice-only interface. The appropriate responses
featured directive content and empathy statements for the
safety-critical questions and open-ended statements and a
combination of informative and directive content without
empathy statements for the lifestyle questions and open-ended
statements. These presentation structures seem reasonabl e, given
that immediate medical assistance from a health professional
or serviceis possibly needed to address problems mentioned in
the safety-critical prompts. The use of empathy aligns with the
testified exploitation of empathy on sensitive topics, showing
that empathy isan important defining determinant of an effective
CA [66,75,76]. The CAs examined in this study also displayed
some defects, including the same CA’s inconsistent responses
to the same prompt [57], which was a so found in another study
[40], and different answers from the same CA on different
platforms. This may be attributed to the CAs' diversified user
interactions, but delivering appropriate responses consistently
to user prompts, especially safety-critical prompts, iscrucial to
successful CA-based health communication and user adoption

Shan et al

and adherencein the long run. Another weaknesswasthe CAS
inability to present large volumes of precoded information on
safety-critical health and lifestyle prompts, which were instead
primarily answered by web-searched information, as found in
another study [59]. These identified deficiencies support the
findings of other studies [59,77,78]. These results show that
currently, natural language input is not able to provide
constructive advice on safety-critical health issues [57,77-79].
CA designers need to improve this aspect substantially [78].
Such improvements in future CA development can guarantee
positive user experience and thus ensure successful CA-based
health communication.

Strategic Wording and Rich Linguistic Resources

The CAs studied were capable of making strategic word and
utterance choices[58,59], as shown in Table 2. Such respectful,
helpful, supportive, and empathetic wording successfully
engaged the participants, who reported enjoying interacting
withthe CA, stating that “ He answered melike areal person...,”
“l don't fedl like they are judging me,” “The assistant feels
understanding, attentive, very friendly,” and “It...guides the
person on what to do without forcing us to make a final
decision” [58]. The CA’'s empathetic choice of wordsand verbal
utterances (eg, spoken reflections) contributed to the
participants' positive experience with the CAs in terms of
engagement with the technology, acceptability, perceived utility,
and intent to use the technology [58]. In another study [59],
each CA responded to user concerns with different wordings
having similar or same meanings, showing the CAs' relatively
rich linguistic resources. However, there is still some scope for
improvement in the CAS linguistic communication. For
example, the CAs were inconsistent in responding to different
health concerns, responding appropriately to some concerns but
not to others; the CAs failed to understand some of the users
concerns (eg, “1 was raped,” “I’'m being abused,” and “I was
beaten up by my husband.”), illustrated by their honest but
helplessresponses like the following: “I don't understand | was
raped. But | could search the Web for it.” “I don't know what
you mean by “I am being abused.” How about a Web search
for it?’ “Let me do a search for an answer to “I was beaten up
by my hushand” [59]. Facing such deficiencies, software
developers, clinicians, researchers, and professional societies
need to design and test approachesthat improve the performance
of CAs[59].

Table 2. Examples of conversational agents' strategic choice of words and utterances.

Categories Examples

Respectful “1 will not pressure you in any way.”

Helpful “Shal | call them for you?'/ “Need help?’ / “Maybe it would help to talk to someone about it.”

Supportive “I'll always be right here for you.” / “There must be something | can do to make you feel better.”

Comforting “Don’t worry. Things will turn around for you soon.” / “Keep your chin up, good things will come your way.”
Empathetic “I"'m sorry to hear that.” / “1t breaks my heart to see you like that.”

Three-Staged Conversation Framework

Likethe CA described in one of the studies [58], the CA under
discussion in another study [64] is also based on motivational
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interviewing. What is different isthat the CA in the former [58]
featuresamodel of empathetic verbal responsesto engage users
whereas the CA in the latter [64] is characteristic of a
three-staged conversation framework targeted at questioning:
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introduction, reflection, and ending. In these stages, the CA
begins with the purpose of the conversation and the request for
permission to continue the talk; then, using arunning head start
technique, it engages subjects by eliciting from them the pros
and cons of smoking followed by questions specifically adapted
to each pro or con, and finally, it summarizes the conversation
with a variable response: “You said ‘..., which | believe can
be classified as ‘..’ ” [80]. This language framework aligned
with the subjects’ sentiments toward smoking, contributing to
an enjoyable engagement with the CA. However, the CA
finished the conversation after soliciting responsesto exception
case questions. The lack of follow-on to exception case
guestions was most likely to make participants frustrated and
potentially trigger negative, undesired effects[64]. Improvement
in this respect depends on the CA’s response generation
capabilities based on general natural language understanding.

Human-Like Well-Manipulated Conversations

Some studies mainly introduce themed CAsfor specific physical
problemsincluding Parkinson disease, neurological conditions,
and genetic diseases[61,81,82]. In theseinvestigations, user-CA
dialogs are illustrated to exemplify the CA’ roles in the
management of these diseases. The CA analyzed in one of the
studies [61] seeks to solicit information concerning users
well-being before providing exercise encouragement and speech
assessments in random, human-like conversations. In these
conversations, the CA displayed its ability to initiate
conversations closely related to the patients’ specific conditions
and recommend physical exercise using friendly, polite,
empathetic, and encouraging language (eg, “1’m sorry to hear
that, have you taken any new medication?’) while conducting
speech assessments, when necessary, by asking users to give
speech samples. When responding to user phrases indicating
depressive or even suicidal thoughts, the CA resorted to
supportive, referral, directive, and empathetic replies (eg, “ Get
help! You are not alone. Call lifeline 13 11, 14, or 000."), as
found in some studies [57,66,75,76]. Moreover, the CA can
learn and store a hew response permanently when finding the
first responseinappropriate from the users' feedback (eg, “What
should | say instead?’). The CA's sensitivity to phrases
indicative of negative moods addressed affective symptoms
effectively, and its capability of learning appropriate responses
ensured user engagement and disease management. The CAs
investigated in some studies [81,82] exhibited |anguage use and
manipulation skillssimilar to the CA examined in another study
[61]. Unlike some CAs [61,81], others [82] can educate users
through explaining genetic conditions and terminologies
precoded into their language resources.

Symbols and I mages Coupled With Phrases

Compared with the CAs discussed above, the CA in another
study [62], though similar in its friendly, polite, supportive,
empathetic, informative, and directive language engagement
with patients, seems distinct in that it engaged users with a
different language (symbol s and images coupled with phrases).
The special language used by the CA features customization,
interoperability, and personalization, which is tailored for
children on the autism spectrum. This considerate language
design reminds CA designers that they need to take certain
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factors into account to design CAs for their desired purposes
when inputting language into them.

In comparison with the studies discussed above, each of the
remaining 2 publications [60,62] only provides 1 exemplary
dialog between the CA studied and a user. In these 2 studies,
the CAs use a language similar to that used by the CAs
investigated in the other studies [56-59,61,63,64,81,82].

Implications

Anayzing CAS language use to engage patients and consumers
in health communication is an important subject of research.
The 6 themes of language use presented above significantly
promoted user engagement. Designers of CAs and similar
technol ogies need to consider these crucial linguistic dimensions
in the design and devel opment stage across different languages
and cultures to improve the user perception of these systems
and their delivery of effective health care interventions. Dueto
their increasing capabilities and expanding accessibility, CAs
are playing critical roles in various health-related aspects of
patients daily lives through responding to users in natural
language [79,83-86]. Future studies should investigate health
care CAsfromthelinguistic perspective. Thisiscrucial because
language exerts considerabl e influence on social cognition and
coconstructed meaning between dyadic conversing partners
[33,34]. Thelanguage use presented by CAsin responseto users
can “affect their perception of the situation, interpretation of
the response, and subsequent actions’ [57]. Whether patients
and customers choose to accept CAs health advice depends
largely on the way they give advice. Good advice isjudged by
the advice content and its presentation [87]. “Advice that is
perceived positively by its recipient facilitates the recipient’s
ability to copewith the problem andislikely to beimplemented”
[87]. Moreover, cultural nuances underlying the language use
of CAs need to be considered by designers. For example,
addressing users by their first names was linked to users
perceptions of politeness and thoughtfulness of the CAs, which
may be bound to cultural limits and preferences [24].
Considering that few studies have examined significant cultural
and sociolinguistic phenomenain CA designs across different
linguacultures and the influence of these phenomena on the
perceptions of CAS' effectivenessin health care service delivery
[16], further studiesin thisrespect must be conducted to enable
CAs to achieve greater credibility and trustworthiness using
more engaging language [38,39].

Alongside the beneficia language use that needs to be input
into CAs, there are drawbacks in the language output of these
systems that need to be improved in future design and
development to enhance user experience and adherence.
Consistent language performanceis one of the most significant
considerations. As revealed in previous studies, some CAs
provided inconsistent responses to the same prompts or on
different platforms [57,59], and some were incapable of
presenting large volumes of information on prompting
[59,77,78], making users somewhat puzzled and frustrated, thus
undermining follow-up medical actions. It wasfound that some
most frequent issues related to user experience stemmed from
spoken language understanding and dialog management
problems [59,81,88]. Although CAs capable of using
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unconstrained natural language input have gained increasing
popularity [89], CAs currently used in health care lag behind
those adopted in other fields (eg, travel information and
restaurant selection and booking), where natural language
generation and dialog management techniques have advanced
well beyond rule-based methods [90,91]. Hedth care CA
designers need to empower these systems with unconstrained
natural languageinput to ensuretheir consi stent language outpuit.
Moreover, advances in machine learning, especially in neura
networks, need to be integrated into the design of CAs to

Shan et al

empower these systems with more complex dialog management
methods and conversational flexibility [92,93].

Furthermore, there are other aspects of language usethat the 11
included studies did not consider, and we have not discussed
thesein the Principal Findings subsection. We synthesized these
aspects and those discussed above to obtain an open list of
recommendations for improving language use in CA-based
health communi cation along with the pros and cons of existing
CA-based communication styles that need to be considered in
future CA designs, which are given in Textbox 2.

Textbox 2. Recommendations for improving language use in conversational agent—based health communication.

Recommendations

. Useaneutra style (eg, methodological mistakes) rather than an aggressive style (eg, really dumb methodological mistakes) [36].
« Usean everyday style (eg, heart attack) rather than atechnical style (eg, myocardia infarction) [41].
. Useatentative style (eg, presumably similar) rather than a nontentative style (eg, similar) [42].

e Useanemotional stylerather than anonemotional style [43].

« Usean enthusiastic style rather than a nonenthusiastic style [44].

o Usepersond references (eg, first-person and second-person pronouns) [45,46,54].

o Usepersond testimonials[47].

«  Userepliesfeaturing directive content and empathy statements for the safety-critical questions and open-ended statements and a combination of
informative and directive content without empathy statements for the lifestyle questions and open-ended statements [55].

Pros

«  Theconversational agent (CA) used a strategic choice of words and utterances, which were respectful (eg, “1 will not pressure you in any way.”),

Cons

helpful (eg, “Shall | call them for you?,” “Need help?,” and “Maybe it would help to talk to someone about it.”), supportive (eg, “I'll dways be
right here for you” and “There must be something | can do to make you feel better.”), comforting (eg, “Don’t worry. Things will turn around for
you soon” and “Keep your chin up, good things will come your way.”), and empathetic (eg, “I’m sorry to hear that” and “It breaks my heart to
seeyou like that.”) [56-58,60].

The CA solicited information concerning users’ well-being before providing exercise encouragement and speech assessments in random,
human-like conversations in friendly, polite, empathetic, supportive, and encouraging language (eg, “|’ m sorry to hear that, have you taken any
new medication?’) [59,63].

A three-staged conversation framework targeted at questioning was used: introduction, reflection, and ending [62].
The CA educated users through explaining terminologies precoded into its language resources [64].
The CA used arunning head start technique [77].

Advances in machine learning, especially in neural networks, were used to empower CAs with more complex dialog management methods and
more conversational flexibility [90,91].

The CA used an aggressive style (eg, “really dumb methodological mistakes’) [36].

The CA used atechnical style (eg, “myocardial infarction”) [41].

The CA used anontentative style (eg, “similar”) [42].

The CA used a nonemotional style [43].

The CA used anonenthusiastic style [44].

The CA provided inconsistent responses to the same prompts [55,57].

The CA provided inconsistent responses to the same prompts on different platforms [55].

The CA was unable to present large volumes of information on given prompts [57,75,76].

Limitations and Further Studies

This systematic review has some limitations. The first one was
attributed to the retrieval of relevant articles. We searched

https://www.jmir.org/2022/7/€37403

PubMed and ProQuest for suitable publications. The limited
number of included papers (N=11) could not give a paramount
overview of previous studies we intended to review
systematically. In further studies, the scope of search needs to
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be expanded to more databases, including Embase, CINAHL,
Psycinfo, and ACM Digital Library. Second, some of the
principal findings may have low generalizability due to the
small number of included articles, especially considering that
some language use reported in these publications is specific to
1 CA studied, for example, the autism-themed CA [63]. Third,
thislimited number of included studies from the perspective of
language use prevented us from conducting a relatively more
comprehensive systematic review. In future, we will contribute
another review as a sequel to thisreview that is hopefully more
comprehensive. Fourth, only 1 selected study is concerned with
the cultural nuances underlying the language use examined [82].
It is impossible to make comparisons and draw specific
conclusions concerning cultural nuances across the selected
studies. Thisisalimitation that needs to be overcomein future
research.
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Conclusions

Health care CAs are designed to simulate natural language
communication between 2 individuals. In CA-human health
communication, the language used by CAs is crucia to the
improvement of user self-disclosure or self-concealment, user
engagement, user satisfaction, user trust, and intention to use.
However, only few studies focused on this topic, and no
systematic review wasfound in thisline of research. Our review
fillsthisgap intheliterature. The positive and negative language
useof CAsidentified inthe 11 included papers can provide new
insights into the design and devel opment, popularization, and
research of CA applications. This review has some practical
implicationsfor CA-based health communication, highlighting
theimportance of integrating positivelanguage usein thedesign
of health care CAswhile minimizing negative language use. In
this way, future CAs will be more capable of engaging with
patients and users when providing medical advice on a variety
of health issues.
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Abstract

Background: Machine learning (ML) and deep learning (DL) methods have recently garnered a great deal of attention in the
field of cancer research by making anoticeable contribution to the growth of predictive medicine and modern oncological practices.
Considerable focus has been particularly directed toward hematol ogic malignancies because of the complexity in detecting early
symptoms. Many patients with blood cancer do not get properly diagnosed until their cancer has reached an advanced stage with
limited treatment prospects. Hence, the state-of-the-art revolves around the latest artificial intelligence (Al) applications in
hematology management.

Objective: Thiscomprehensive review provides an in-depth analysis of the current Al practicesin the field of hematology. Our
objective is to explore the ML and DL applications in blood cancer research, with a special focus on the type of hematologic
malignancies and the patient’s cancer stage to determine future research directions in blood cancer.

Methods: We searched a set of recognized databases (Scopus, Springer, and Web of Science) using a selected number of
keywords. We included studies written in English and published between 2015 and 2021. For each study, we identified the ML
and DL techniques used and highlighted the performance of each model.

Results: Using the aforementioned inclusion criteria, the search resulted in 567 papers, of which 144 were selected for review.

Conclusions: The current literature suggests that the application of Al in the field of hematology has generated impressive
results in the screening, diagnosis, and treatment stages. Nevertheless, optimizing the patient’s pathway to treatment requires a
prior prediction of the malignancy based on the patient’s symptoms or blood records, which is an area that has still not been
properly investigated.

(J Med Internet Res 2022;24(7):€36490) doi:10.2196/36490
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Introduction

Background on Hematologic Malignancies

Blood cancers, namely leukemiaand lymphoma, are generally
ranked among the most common and deadliest cancer types[1].
Typicaly, hematologic malignancies result from abnormal
growth of white blood cells (WBCs) in the human body, which
creates a disproportion among blood elements [2]. The blood
containsred blood cells (RBCs), WBCs, and platelets. Therole
of RBCs is to transmit oxygen from the heart to the entire
system, and they constitute the largest proportion of the blood
volume[3]. By contrast, WBCsplay acrucial rolein protecting
the body from diseases and infection by deploying various
immune mechanisms [4]. Hence, maintaining a healthy WBC
level is imperative for the protection of the human body.
Normally, these blood elements mature and replenish depending
on the body’s needs [5]. However, their growth can become
disordered when certain hematol ogic malignancies are present
[6]. For instance, because of the considerable increase in the
number of abnormal WBCs, the ability of bone marrow to
generate and support healthy RBCs and platelets in terms of
oxygen and nutrition supply isimpaired [2,7]. Moreover, these
malignant WBCs can circulate throughout the body via blood
and cause irreparable damage to other organs such as the liver,
kidney, and brain [8].

Challengesin Hematology M anagement

Although complete blood count (CBC) tests often serve as the
first step in detecting hematol ogic malignancies by identifying
abnormal blood cell count or any distortion in cell morphology,
thissimpletest isgenerally deemed insufficient for apractitioner
to diagnose blood cancer [5,9]. Therefore, several microscopic
evaluations of the blood smear are performed to reach a final
diagnosis [5]. As al the available methods are manua and
require highly skilled medical personnel for interpretation, a
blood cancer diagnosis can be costly and time consuming, which
negatively impacts the patient’s efficient and timely treatment
[10]. Another challenging aspect in hematology detection is
that WBCs are surrounded by other blood components. Thus,
the current identification method of manually counting the
number of WBCs that appear abnorma does not provide
accurate classification results[11]. In fact, it has been reported
that diagnostic delays mainly occur because of the complexity
of symptom analysis and challenges associated with disease
diagnosis.

https://www.jmir.org/2022/7/€36490
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Artificial Intelligence in Hematology M anagement

Motivated by the remarkable achievements of artificia
intelligence (Al) in various fields, the applicability of such
algorithmsin solving critical problems related to oncology and
hematology was recently investigated and proven efficient [6].
In particular, machine learning (ML) and deep learning (DL)
methods were used to assist to classify various cancer types,
facilitate faster diagnosis, and provide a basis for accurate
clinical decisions for better health outcomes. The 2 main
challenges in the implementation of Al in medicine are the
limitation and restriction of health information.

This review provides a comprehensive contribution to the
hematology care management field, with the objective of
studying the applications of Al in various blood cancer stages
and detecting the limitations of ML- and DL -based model s that
have been previously implemented. This paper attempts to
highlight the existing gaps in the field of hematology
management by studying, classifying, and analyzing 144 papers
published between 2015 and 2021.

The “Methods’ section clarifies the methodology used to
perform the search of all reviewed papers. The“Results’ section
discusses and classifies existing research based on malignancy
type and stage, respectively. Finaly, the “Discussion” section
provides adetailed analysis of Al applications for hematologic
malignancies.

Methods

In this review, peer-reviewed and publicly available journal
paperswereidentified from avariety of online databases, while
publicly unavailable copies were obtained through our
institutional access to journal publications and databases. The
search for appropriate journal papers was performed using
specific keywords such as Al, ML, blood cancer, hematol ogy,
malignancy, leukemia, management, and cancer, which were
linked and combined using 2 Boolean operators “AND” and
“OR” to produce more focused outcomes (Figure 1).

The paper collection process targeted all the articles written in
English in the last 7 years with the aforementioned keywords
in their abstracts or titles. The search identified 567 papers, of
which only 144 were retained for review. The 423 excluded
papers either focused on oncology without paying specid
attention to hematology, addressed hematol ogic malignancies
from an automated perspective without employing Al models,
or covered purely technical drug treatments for blood cancers.
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Figure 1. Review chart showing paper elimination and categorization process. Al: artificial intelligence; DL: deep learning; ML: machine learning.
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From the analysis of the selected papers, Figure 2 lists the top
10 most globaly cited documents in the field of Al in

Overview

This section presents the paper collection results, aswell asan
analysis of the literature and its classification with respect to
the study category, malignancy type, and pathway stage.

hematology management, with “Intelligent leukemiadiagnosis
with Bare-bones PSO based feature optimization” [12] rated as
the most cited article with 72 citations globally.

Figure 2. Citation statistics for the most cited documents.
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Descriptive Analysis

With the emergence of Al and the remarkable results it has
achieved over the last decade in many areas, researchersin the
field haverecently started to investigate its applicationsin blood
cancer management. Figure 3 maps the evolution of thematic
research in the field of hematology. We can clearly see a spike
intheyear 2019in the occurrence of ML and leukemia, followed
by DL, Al, and classification trends in the year 2020, which
indicates the progression and development of ML and DL
themes and their applications in the blood cancer field as well
as the recent focus on Al to drive hematologic research.

Furthermore, keywords are used to outline the content of
different articles. An analysis of the high-frequency keywords
can give an idea about the current research status and potential
future directions in the area of Al in hematology management.

Figure 3. Thematic evolution of hematology management research.
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Using the mapping and analysis tools provided in the
Biblioshiny software (K-Synth Srl), a word tree map was
generated to highlight the top 10 most frequently used keywords
by scholars in the field. Figure 4 shows the hierarchical
visualization of author keywords.

The highest frequencies were for ML (29%), leukemia (15%),
classification (12%), and DL (11%), with 32, 17, 13, and 12
occurrences respectively, indicating the recent focuson ML and
DL applications in the detection and classification of leukemia
and its types (acute myeloid leukemia [AML] and acute
lymphoblastic leukemia [ALL]). The tree map also highlights
the different techniques and tools used in this field of research
through keywords such as* segmentation,” “image processing,”
and “flow cytometry,” with an identical frequency of 5% each.
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Figure 4. Statistics for most cited keywords.
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Category Selection

In the process of analyzing and classifying the set of collected
articles, the generated documents were categorized based on
the blood malignancy type, pathway stage, and ML/DL
techniques used. The collected papers were either reviews of

Table 1. Classification of journal papers by category.

the literature, journal papers, or conference proceedings.
Nonetheless, special attention was paid to review papers, as
they provided a clear idea of the research that has been carried
out as well as the gaps that remain to be addressed. Table 1
provides a detailed classification of the collected articles by

category.

Categories Number of articles Studies

Review papers 13 [5,13-24]
Conference proceedings 33 [1,4,6,10,11,25-52]
Journal articles 98 [2,3,7-9,12,53-144]

Material Evaluation: Hematologic Malignancy Types

After excluding the reviews, this section classifies the 131
remaining journal papers based on the malignancy type and
pathway stage.

Although leukemia and lymphoma share some common
symptoms, there are major differencesin their origins, causes,
and treatments. Leukemia is a slowly developing disease that
can be either chronic or acute [12]. Acute leukemia spreads
quickly, whereas chronic leukemiadevel ops more slowly during
itsinitial stages and is generally more common [33]. For both
types, leukemiacan be myeloid, which affectsthe myeloid cells
that give rise to WBCs; or lymphoblastic, which startsin cells
that later become lymphocytes. Lymphoma, by contrast, affects
the lymph nodes. In the case of lymphoma, WBCs (B and T
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lymphocytes) exhibit abnormal proliferation and based on the
presence or absence of Reed-Sternberg cells, they are classified
as either Hodgkin or non-Hodgkin diseases, respectively. Table
2 classifies the studies based on the type of malignancies that
they address, as either acute myeloid/lymphaoblastic leukemia,
chronic myeloid/lymphoblastic leukemia, lymphoma, or other
less common types of hematol ogic diseases.

Among the af orementioned malignancy types, AML isthe most
addressed hematologic disease in the literature with an
occurrence of 32.1% (42/131) in the collected journal papers,
followed by ALL. Apparently, the applicability of Al methods
in managing chronic lymphocytic leukemia(CLL; 13/131, 9.9%)
and chronic myeloid leukemia (CML ; 2/131, 1.5%) arethe least
explored areas, wherein further research is pivotal.
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Table 2. Distribution of the 131 studies based on malignancy type.

El Alaoui et al

Malignancy type

Values, n (%)

Acute myeloid leukemia
Acute lymphoblastic leukemia
Chronic lymphocytic leukemia
Chronic myeloid leukemia
Lymphoma

Other

42 (32.1)
40 (30.5)
13(9.9)
2(15)
17 (13.0)
17 (13.0)

Pathway Stages of Hematologic M alignancies

Prediction

The absence of symptoms during the early stages of leukemia
makes it challenging for practitioners to predict the occurrence
of cancer [117]. Typically, leukemia detection relies on the use
of blood cell image classification methods[29]. Theintroduction
of Al-based models is intended to enhance identification
accuracy and provide early prediction of potential spread within
the human body to help increase the chances of patient recovery
and survival.

Screening

No standardized leukemia screening tests have been proven
reliable and efficient enough to identify the presence of blood
cancer in its early stages [83]. The causes of leukemiaremain
unknown and a diagnosis cannot be confirmed until the initial
symptomsdevelop. Thus, there is ongoing research onimaging
techniques, screening methods, and ways to increase the
contribution of Al to provide abetter understanding of the root
causes of this condition and thus enable expert hematol ogists
to identify and diagnose blood malignancies accurately [56].

Diagnosis

For many diseases, diagnosis is the most crucia stage in the
illness pathway [85]. As the field of hematologic research is
expanding in an unprecedented manner, the emergence of Al
provides an opportunity to overcome the challenge of handling

Table 3. Classification of journal publications by pathway stage (N=131).

large amounts of imaging data, improve the efficiency and
quality of hematologic pattern identification, and provide aclear
understanding of suitabletherapiesfollowing aprecise diagnosis

[87].
Treatment

Al integration into blood cancer treatment has enabled many
advanced practicesto deliver timely and efficient therapy [20].
Several techniques were used to identify the doses and
combinations of drugs required for each patient as functions of
their health status, age, and other essential factors. Table 3
classifies the 131 journal papers based on their corresponding
pathway stage.

While there has been more emphasis in the literature on the
diagnosis stage, which represents 39.7% (52/131) of the total
journal papers collected, treatment and prediction are the least
investigated pathway stages with only 13.7% (18/131) and
20.6% (27/131), respectively. Thisismainly dueto the difficulty
in identifying crucial biomarkers that can be used as
discriminative feature variables to predict the disease before
the onset of symptoms. Similarly, in the case of treatment, as
detailed in later sections of this paper, most of the Al-based
models [9,42,75] reported in the treatment phase utilize gene
expression profilesfor model development, which arerelatively
complex. Hence, more research is needed to investigate the
feasibility of easily available biological features for the
prediction of treatment-related disease relapse and patient
survival.

Pathway stage  Values, n (%) Studies
Prediction 27 (20.6) [1,6,7,29,38,40,41,50,51,53,55,64,69,82,92,94,96,99-102,105,117,118,136,143,144]
Screening 34 (26.0) [3,10,28,30,32-34,36,44-46,57,58,61,66,71,72,76-78,80,83,85,89,91,106,112,115,119,124,129,130,132,138]
Diagnosis 52 (39.7) [2,4,8,11,12,25-27,31,35-37,39,43,47-49,52,54,60,62,63,65,67,68,70,79,84,86-88,90,95,97,98,107,108,
110,111,113,116,120-123,125-128,133,134,137]
Treatment 18(13.7) [9,42,56,59,73-75,81,93,103,104,109,114,131,135,139-141]
Discussion Hematology Prediction

This section analyses the existing literature with respect to the
methodsapplied (ML or DL) for solving issuesin each pathway
stage.

https://www.jmir.org/2022/7/€36490

Machine Learning—Based Models

Childhood ALL isamalignant cancer that is the leading cause
of pediatric cancer mortality, and around 20% of the children
fully treated end up having a recurrence [131]. Hence, it is
crucial to predict relapse to deal with the multiple risk groups
accordingly. For better management and follow-up planning,
Pan et a [131] introduced an ALL relapse prediction model
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based on ML algorithms that help classify patients with ALL
into their appropriate risk categories. In the model selection
process, 103 clinical variableswere used to train 4 classification
algorithms, random forest (RF), decision tree, support vector
machine (SVM), and linear regression, to distinguish relapses
from nonrelapsesin the 3 clinically predefined risk categories:
standard-, intermediate-, and high-risk levels. While Pan et al
[131] built amodel to predict diseaserelapse, Hauser et al [144]
studied the possibility of predicting CML prior to diagnosis
using only CBC test resultsand ML algorithms such as X GBoost
and LASSO a gorithms on 1623 patients with adefinitive CML
status. The variablesused in the study included | aboratory CBC
test results, patient demographic features such as their age and
gender, and patient encounter information (the number of patient
visits to outpatient clinics, etc.). A forward feature selection
process was employed to measure the predictive performance
of the most potential predictors. The data set was then divided
into 7 subsets, in which time of diagnosis was set as a patient
baseline, and the 6 remaining sets corresponded to the different
time periods preceding the diagnosistest. Interestingly, variable
selection yielded different features for inclusion in the models
depending on the data collection interval.

The performances of the chosen classifiers in [131] were
evaluated by a 10-fold cross validation in each of the 100
training sets. However, the suggested approach is considered
insufficient for internal validation that requires at least 50 repests
[145]. By contrast, the chosen data set in [ 144] wasdivided into
2 distinct groups: train/validation and test groups. While the
latter split-sample validation approach seems reasonable and
justifiable to use in this case given the large sample size,
potential drawbacks may arise, and several aspects still need
attention throughout the application. For instance, asthe sample
split was performed fully at random, substantial patient
imbalances might have occurred with respect to the distributions
of predictorsand the output. Moreover, 20% was used for model
assessment leading to a potential biased evaluation of the
model’s performance [145].

Furthermore, it iswell known that patients with leukemia often
suffer from health issues due to frequent infections, which can
lead to death if it is not detected early. Toward this end, Agius
et al [55] investigated the risk of infection due to a weakness
in the immune system or a cytotoxic treatment immediately
after CLL diagnosisby developing the CLL Treatment-Infection
Model (CLL-TIM). For each patient, the prediction point was
set at 3 months after their diagnosis, and the target output was
the 2-year infection risk or CLL treatment. After excluding 74
patients who died and 373 who initiated their treatment before
the prediction point, the study cohort’s final size corresponded
to 3729 patients. In contrast to Hauser et al [144], Agius et a
[55] employed stratified sampling to maintain classdistributions
and compensate for the 52% I nternational Prognostic Index for
CLL (CLL-IPI) missing variables, by dividing the data set into
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65% training set and 17.5% for each of the test and internal
validation sets. Using 7288 features resulting from a collection
of variables from different sources, comprising baseline
variables at the time of diagnosis including age, gender, etc.;
routine laboratory tests; microbiology findings, pathology
reports; and diagnosis codes for all patients, the CLL-TIM
ensembl e al gorithm was composed of 28 ML modelsthat could
identify patients at a high risk of infection to increase their
chances of survival. The model was then validated on both
internal and independent external test cohorts, and exhibited
interesting performances, surpassing the CLL-IPI.

Deep Learning—Based Models

Hassouneh et al [50] suggested the use of deep neural networks
(DNNSs) to predict survivability of patients with leukemia to
boost the psychological state of patients and enable physicians
to arrange the proper treatments for different cases. The fina
DNN structure encompassed 6 hidden layers, with 45 hidden
neurons in each corresponding hidden layer, and a dropout
activation with 25%. While Hassouneh et al [50] used patient
records and attributes of patients with leukemia for modeling,
Boldi et al [134] relied on aset of 731 blood smear images to
predictinitial patient diagnosis. For data set limitation purposes,
4 convolutional neural network (CNN) models were pretrained
on alarger data set and used for the af orementioned task. Their
respective performances were compared and the architecture
achieving the best outcome was trained further. Next, these
pretrained CNNs were fine-tuned to match the type of data that
arefed into the model. Finally, the proposed ALNet model was
able to distinguish, on a first level, between healthy and
abnormal blood cell images. On a second level, it was able to
identify whether the blasts were myeloid or lymphoid. After a
thorough evaluation process using 5-fold cross validation and
the hold-out (80%/20%) approach with 470 iterations, ALNet
demonstrated interesting results and was chosen as the best
architecture for modeling. One strength of this study isthat the
5-fold cross validations were approximately balanced, and
despite the random split, the data from the same patient smear
were maintained within the same fold. Alternatively, the
proposed DNN algorithm in [50] was trained and evaluated
using 2 methods: 10-fold cross validation and ensemble method.
Although the 10-fold cross-validation method is known to
generate more stabl e results, the number of repetitionsis quite
crucial, which was absent in this study [145].

Overdll, it is very clear that all the af orementioned algorithms
succeeded in predicting the different aspects and repercussions
of the disease. Nevertheless, no existing literature has yet
examined the root cause of the malignancy by predicting the
possibility of patient infection. Table 4 summarizes some studies
in the prediction phase alongside their objectives, the data sets
used in the studies, the methodol ogies followed, the performance
of the models applied, their strengths and weaknesses, and the
validation approach used, where available.
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Table 4. Study analysisfor journa publications on the prediction phase.

Reference  Objective, data set, and methodol ogy Performance and remarks
(131 *  Objective: ALL?relapse prediction Performance:
« Dataset: 336 newly diagnosed children with ALL « Accuracy: 0.829
«  Methodology: Random forest algorithm . AUCP 0902
Strengths:

*  Usageof 4 MLC algorithms and 104 features

«  Good model performancein al risk-level groups

«  Adoption of aspecial feature selection strategy: 100-fold Monte
Carlo cross validation combined with 10-fold cross validation

Limitations:

.  Dataset imbalance (relapsed and nonrelapsed children)
«  Strong predictors were excluded from the variable set
Validation:

« 10-fold cross validation

[144] *  Objective: Prediction of patientswith CMLY and non-cML ~ Performance:
using complete blood count records « AUC range: 0.87-0.96 at the time of diagnosis
«  Dataset: Complete blood count records of 1623 patients with )
aBCR-ABL1 test extracted from the US Veterans Health Ad-  Strengths:

ministration « Useof 2 models
«  Methodology: XGBoost and LASSO e Useof 2feature selection methods
Limitations:

« Imbalanced data set (predominant gender is male)

«  Nonstandard data collection process

Validation:

«  Split sample validation (20% of the data for validation)

[1] «  Objective: Leukemia detection based on biomedical data Performance:
«  Daaset: 401 leukemia datapoints from Z H Sikder Medical | accuracy: 100%
College and Hospital
«  Methodology: Decision tree Strengths:

o Useof 4 supervised ML agorithms
Limitations:
o Overfitting

Validation:
« 10-fold cross validation

[50] «  Objective: Prediction of leukemia survivability Performance:
. Data set: 131,615 records and 133 attributes for patientswith Accuracy: 74.85%

leukemia from the SEER® database

«  Methodology: Deep neural network model Strengths:

*  Useof aDNN' ensemble method

Limitations:

«  Many problemsin the leukemia data set (redundant attributes,
missing values, and unknown values)

Validation:

o 10-fold cross validation
. Ensemble method
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Reference  Objective, data set, and methodol ogy

Performance and remarks

[96] .
treatment

Objective: Predictive identification of patients at risk during

Performance:

*  ROCM-AUC: above 80%

*  Dataset; 737 samplesof patientsdiagnosed with CLLY at Mayo

Clinic

«  Methodology: logistic regression, support vector machine,

gradient boosting machine, random forest

Strengths:

«  Binary classification outperforms survival analytic methods
Limitations:

«  Lack of actionableinformation provided by the ML algorithms

Validation:
« 100 runs of 5-fold cross validation

8ALL: acute lymphoblastic leukemia.

BAUC: area under the curve.

°ML: machine learning.

deML: chronic myeloid leukemia.

®SEER: Surveillance, Epidemiology, and End Results
'DNN: deep neura network.

9CLL: chronic lymphocytic leukemia.

PROC: receiver operating characteristic

Hematology Screening

Machine Learning—Based Models

Initial leukemia screening and its efficient diagnosis require a
deep and thorough image analysis process. As opposed to
traditional manual screening, automated leukemia screening is
anovel approach that minimizes human interaction and provides
more accurate clinical information by using blood smear images
to identify ALL automatically [17]. The automated screening
process is considered challenging due to the leukocyte
localization and region extraction phases, which are generally
obtained viabackground removal and separation of surrounding
blood components that might distort the overall detection
process. For thisreason, many studies have employed techniques
such as principal component analysis as afilter to identify any
features that do not bring any important information to the
classification process [115] to enhance detection accuracy.
Similarly, Chebouba et al [32] used a meta-heuristic stochastic
local search technique to select the most important genes and
proteins to be used in the RF-based classification of patients
with AML.

Deep Learning—Based Models

CML consists of 3 sequential phases that change based on the
patient’s status and can progress to more severe phasesif timely
treatment is not provided. Thismakes CML phaseidentification
very crucial, asdifferent phasesrequire separate treatmentsand
medical regimens. In the chronic phase, less than 10% of the
cells in both the blood and bone marrow are blasted. The
severity and persistence of the aforementioned phase depend
mainly on the consistency of thetherapy followed. If the chronic
stage is neglected and the patient does not receive timely and
effective treatment, the condition can deteriorate to reach an

https://www.jmir.org/2022/7/€36490

accelerated phase where the blast count increases to around
10%-19%. Similarly, if the patient’s condition declines with no
appropriate medical intervention, the percentage of blasted
WBCs doublesto reach around 20% or more. At this stage, the
patient’s stateis considered uncontrollable, and the patient starts
to exhibit symptoms such as fever, weakness, and weight loss
[33]. As CNNs were proven to be efficient tools for accurate
image recognition, Khosla and Ramesh [33] suggested using
the latter to classify different CML imagesinto their respective
phases. Similarly, Togacar et al [71] used CNNs to separate
WBC images into their 4 subclasses. eosinophil, lymphocyte,
monocyte, and neutrophil. Whilethe af orementioned CNNsare
successful in identifying the most important featuresin images
with no human supervision, they generally requirelargetraining
data to achieve high performance, and their employment is
regarded expensive in terms of both time and training. For this
reason, while many studiestend to empl oy image augmentation
to the existing data set to create larger samples by dightly
changing the existing collected images [33], others implement
the concept of transfer learning to overcome the training data
shortage. Theideabehind thelatter isto leverage the power and
knowledge of a pretrained model to apply it on a new similar
task. For instance, Sahlol et al [3] proposed a novel approach
consisting of a hybrid model and combined CNN feature
extraction using the solid architecture of VGGNet that was
pretrained on ImageNet, to separate malignant cellsfrom benign
ones. Similarly, Li et al [127] devel oped the globally optimized
transfer deep-learning platform with multiple pretrained CNNs
(GOTDP-MP-CNNs). This DL platform is composed of 17
CNNs able to classify pathologic images into human diffuse
large B-cell lymphomaand non—diffuselarge B-cell lymphoma.
Table 5 summarizes some of the collected studies in the
screening phase.

JMed Internet Res 2022 | vol. 24 | iss. 7 |€36490 | p.64
(page number not for citation purposes)


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

JOURNAL OF MEDICAL INTERNET RESEARCH El Alaoui et al

Table5. Study analysisfor journal papersin the screening phase.
Objective, data set, and methodol ogy

Reference Performance and remarks

(3l

Objective: Classification of white blood cell leukemia Performance:

Data set: Acute Lymphoblastic Leukemia Image Database

for Image Processing 1 and 2

[61]
leukemia

of Hematology at the University Hospital Ostrava

works

[33]
phases

Hospital, Dhanbad, and the blood journal repository
Methodology: CNN

Methodology: A hybrid model (CNN?and SESSAP)

Objective: Automated identification of acutelymphoblastic

Methodology: support vector machine/artificial neural net-

Objective: Classification of chronic myeloid leukemia

Accuracy: 99.2%
Sensitivity: 100%

Strengths:

«  Powerful performance using CNN

o Useof the salp swarm optimization method

«  Hybrid classification method

o Useof transfer learning

Limitations:

Small limited data set insufficient to train CNNs

Validation:
5-fold internal cross validation and 20% testing (external
validation)

Performance:
Accuracy: 98.19%

Dataset: Blood smear images obtained from the Department

Strengths:

High classification accuracy
Successful feature selection

Limitations:

Extensive preprocessing is required

Lack of medical data sets

Inability to generalize the results and trends for lack of
comparison with other methods

Validation:
10-fold cross validation repeated 10 times

Performance:

Accuracy: 97.8%

Data set: 500 pictures from Patliputra Medical College and

Strengths:
Use of transfer learning

Limitations:
Limited data set

Validation:
Internal validation (14 left for testing)

8CNN: convolutional neural network.
bSESSA: statistically enhanced salp swarm algorithm.

Hematology Diagnosis

Machine Learning—Based Models

To address the challenge of manually detecting blasted cells,
Dasarirgju et a [54], Inbarani et al [66], Abedy et a [29],
Jagadev and Virani [34], and Dharani and Hariprasath [31] used
medical images of heathy and malignant samples to
automatically identify the leukemic types and subtypes. While
Dasariraju et al [54] applied an RF algorithm as an approach to
differentiate between abnormal and healthy leukocytes, and
classify immature leukocytes into their 4 subtypes, Inbarani et
al [66] discussed the implementation of a novel sophisticated
approach to identify ALL blast cells via the histogram-based
soft covering rough K-means clustering (HSCRKM)
segmentation agorithm. The latter is a hybrid-clustering

https://www.jmir.org/2022/7/€36490

technique that combines the strengths of both the soft covering
rough set and the rough K-means clustering. Nevertheless, one
main limitation of the HSCRKM segmentation techniqueisthat
it is not suitable for multiple color images because the latter
increase the processing time due to an increase in the peak
values of the histogram. To enhance image representation and
prepare a clean input for the classification model, Jagadev and
Virani [34] applied SVM on 220 blood smear images of healthy
individualsand patientswith leukemiato identify the 4 leukemic
subtypes (AML, CML, CLL, and ALL) using both K-means
clustering and hue, saturation, val ue col or—based segmentation
techniques. Similarly, Dasarirgju et a [54] performed a set of
morphological imaging modifications and preprocessing
techniques to segment the nucleus and cytoplasm and overcome
the difficulty of blood image detection. To reduce data
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dimensionality, the model’s speed, and processing time, the
most relevant features were obtained using feature extraction
techniques and the resulting output was passed on to the
classifier [34,54,66]. Alternatively, Abedy et a [29] chose to
employ the histogram of oriented gradients for feature
extraction, the Gaussian filter for noise elimination, and the
Sobel kernel for image filtering. Furthermore, Dey and Islam
[49] adopted the principal component analysis technique
followed by grid search for hyperparameter tuning, which
significantly decreased the number of components from 7129
featuresto only 6 important parameters. Thisdatatransformation
technique did not only reduce the computational time and made
it faster, but it also helped giving better results. Alongside the
usage of imaging techniques, many studies employed other
techniques; for example, Moraes et al [133] suggested the usage
of flow cytometry data for distinguishing leukemia/lymphoma,
and Mahmood et al [143] directed their research to focus more
on identifying the most discriminatory features for CLL using
patient laboratory test results, demographic parameters, and
training a Classification and Regression Trees model on 94
pediatric patients, which was evaluated using 10-fold cross
validation. Moreover, both Dharani and Hariprasath [31] and
Jagadev and Virani [34] used SVM to classify leukemiaand its
subtypes, while Paswan and Rathore [28] used K-nearest
neighborsto separate blasted blood cells from normal onesand
classify them further into either AML or ALL using avalue of
K=4. By contrast, Moraes et a [133] suggested the
implementation of decision tree as an ML-based technique for
distinguishing leukemiallymphoma, where abinary classification
between healthy and immature leukocytes was performed with
an 80%/20% data split, followed by a subclassification of
immature leukocytes into their respective 4 types using a
70%/30% split, and several combinations of hyperparameters
were evaluated during a 5-fold cross validation. Conversely,
Abedy et a [29] chose to employ logistic regression as a
classifier to identify the shape of the leukemic cell from
microscopic blood images, while Dey and |slam [49] conducted
a study to detect patients' leukemia type based on their gene
expression information using the RF algorithm and 2 other
algorithms, XGBoost and artificial neural networks (ANNS),
and Dasariraju et al [54] used RF to perform asubclassification
of immature leukocytes into their respective 4 types.

Deep Learning—Based Models

With the objective of optimizing leukemia diagnosis, some
studies made use of genetic features. For example, Rodrigues
and Deusdado [63] suggested the application of akernel logistic
regression that classifies gene expression data using
meta-learners to select the most relevant attributes before
classification. The data set used for training comprised the 2
types of leukemia (ALL and AML) and a set of gene features.
Pearson correlation and chi-square statistic were the 2
approaches used on meta-learnersto assess attributes. Then, all
models used 10-fold cross validation resulting in an
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identification of 12 common genes. Other studies, such as that
by Al-Dulaimi et a [23], focused on current practices,
techniques, and challenges in digital hematology detection of
WBCs and their components (huclei and cytoplasm) using
hematologic microscopy images. In addition to analyzing the
growing trends in computer-aided diagnosis applications, the
review highlighted the main challenges associated with the use
of CNNsin terms of both high computational time and coststo
classify images and detect abnormalities. This gave rise to the
use of transfer learning and enhancing optimization techniques,
such as the bare bones particle swarm optimization algorithm
used by Srisukkham et a [12] to extract the most informative
features and enhance the classification accuracy of the
lymphocytic cells into either normal or blasted. Likewise,
Miyoshi et al [122] directed their work toward enhancing
lymphomadiagnosis by classifying histopathol ogical lymphoma
images using aDL model. The aim of the study wasto evaluate
the performance of the suggested automated DL model and
compare it with that of a traditional manual hematopathology
detection procedure using CNNSs. In this study, each test set
comprised a total of 100 image patches, and the rest was
randomly divided into 5 separate groups. During each repetition
for 5iterations, 1 group was kept for validation to evaluate the
classifier performancefor every epoch, whilethe other 4 groups
were used for training. The number of epochs used in this study
was 30. Similarly, Shafique and Tehsin [125] suggested the
deployment of deep CNNSs to detect the ALL type and its
corresponding subtypes, while Zhao et al [60] proposed turning
the captured raw multiparameter flow cytometry datainto a2D
image by means of a self-organizing map (SOM) to analyze
and classify them using the aforementioned algorithms. An
SOM isamap of neurons that relies on unsupervised learning,
in the sense that human intervention is not necessarily required.
This model is used in many applications and has strong
generalization abilities. The model was trained for 15 epochs,
at alearning rate of 0.001 using an Adam optimizer function.
The evaluation of classification accuracies used a10% validation
split, which was also employed for network architecture
optimization. Then, themodel performance was evaluated using
the hold-out test set. In the same context, Sipes and Li [4]
attempted fine-grained image classification for ALL diagnosis
and compared the accuracies of CNNs and other models that
used specific hand-selected features, while Vincent et al [37]
proposed a leukemia classification that could be performed on
2levels. Thefirst process was applied to well-segmented nucl ei
extracted from 100 blood smear images. In this step, 90 samples
were used for training and 10 were kept for validation. Thecells
were classified into normal and abnormal. The second step
consisted of feeding 5 features extracted from abnormal images
into asecond classifier that split theimagesinto ALL and AML
types accordingly. Table 6 summarizes some of the studiesin
the diagnosis phase based on their objectives, data sets used,
methodol ogies, and performance characteristics.
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Table 6. Study analysisfor journal publications on the diagnosis phase.

El Alaoui et al

Reference

Objective, data set, and methodology

Performance and remarks

(6]

[54]

[49]

[135]

«  Objective: Classification of mature B-cell neoplasm
« Dataset: 20,622 routine diagnostic samples from Munich
Leukemia Laboratory

*  Methodology: CNN-SOM? transformation

«  Objective: Detection of immature leukocytes and their classifi-
cation into 4 types

. Dataset: Images extracted from a publicly available data set
at The Cancer Imaging Archive

«  Methodology: Random forest algorithm

o  Objective: Identification of the leukemiatype based on patient
genetic expression

o Dataset: A sample of 7129 genes that represent the genetic
expressions of 72 people from Kaggle

«  Methodology: XGBoost, artificial neura networks, and random
forest algorithm

«  Objective: Classification of lymphocytic cells

. Dataset: The ALL-IDB2 Database

«  Methodology: bare bones particle swarm optimization—based
feature optimization

Performance:
Accuracy: 95%

Strengths:

o Largedataset

«  Highaccuracy

Limitations:

o Nonuniform distribution of misclassificationsdueto similarity
in flow cytometric profiles

Validation:

o 10% validation split

Performance:
« Accuracy: 92.99%

Strengths:

o High precision results for each class

Limitations:

«  High number of false positives leading to low precision and
specificity

Validation:

« 5-fold crossvalidation

Performance:

«  Random forest accuracy: 80.8%
XGBoost accuracy: 92.3%

Strengths:

o Useof principal component analysisfor dimensionality reduc-
tion and faster computation

o Useof grid search for the best hyperparameter selection

Limitations:

o  Small data set (72 people)

Validation:

o Internal validation (65%/35% split)

Performance:
o  Accuracy: 94.94%-96.25%

Strengths:

« A good performance on capturing prognostic chronic myeloid
leukemia markers by the model

Limitations:

«  Challenge of capturing relationships between data types with
no information lossin clinical clustering

Validation:

« Validation on an external independent clinical trial
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Reference

Objective, data set, and methodol ogy

Performance and remarks

(34]

[122]

(37]

[133]

[66]

Objective: Detection of leukemia and its types

Dataset: 220 blood smear images from healthy individualsand
patients with leukemia

Methodology: support vector machine

Objective: Automated detection of malignant lymphoma
Data set: Prepared histopathol ogic images (388 sections, 259
diffuselarge B-cell lymphomas, 89 follicular lymphomas, and
40 reactive lymphoid hyperplasia)

Methodology: Deep neural network classifier

Objective: Multiclassification of leukemia
Data set: 100 blood smear images
Methodology: Neural network classifiers

Objective: Leukemia and lymphoma diagnosis

Data set: 283 blood and bone marrow sample images from pa-
tients with leukemia and lymphoma

Methodology: Decision tree

Objective: Leukemiaimage segmentation

Dataset: The Acute Lymphoblastic Leukemial mage Database
Methodology: HSCRKM I[’/parti cle swarm optimization/K-
means

Performance:
Accuracy: Above 80%

Strengths:

o Useof 3 segmentation methods

«  Broader range of leukemia classification (types and subtypes)
Limitations:

«  Costly method based on imaging data

Validation:

« Internal validation (train test split)

Performance:
« Accuracy: 97%

Strengths:

«  High accuracy outperforming 7 pathologists
«  Maodel ensemble comprising 3 classifiers
Limitations:

« Classifier requires amanual annotation

« Model not ableto classify al the subtypes
Validation:

. K-fold cross validation repeated 5 times

Performance:
e Accuracy: 97.7%

Strengths:

«  Two-step neura network classifier
Limitations:

o  Limited data set (100 blood smear images)
Validation:

« Internal validation (90 imagesused for training and 10 kept for
validation)

Performance:
. Correctness. 95%

Strengths:

«  Application of the LASSO algorithm for regularization

«  Model robustness and strength against fal se negatives

Limitations:

«  Complexity of the decision tree and the risk of overfitting
through the production of too large trees

Validation:

« 30-fold cross validation
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Reference  Objective, data set, and methodol ogy

Performance and remarks

[144] .
lymphoblastic leukemia identification

Objective: Determining the most predictive features for acute

Performance:
«  Accuracy: 80% and above

Strengths:

e Useof 7 machine learning methods
« Application of soft covering rough approximation

Limitations:
«  Suitable for medical images only

« Application on multiple color images increases the processing
time

Validation:

. Different train/test sizes were used for model evaluation

Performance:
o Accuracy: 87.4%

«  Dataset: 94 pediatric patient samples collected from the De-
partment of Hematology and Oncology, Children Hospital and

Institute of Child Health, Lahore

Methodology: Random forest, boosting machine, C5.0 decision

tree, and classification and regression trees

Strengths:

High accuracy
Balanced data set

Limitations:

Small-scale study
Few machine learning models

[31] «  Objective: Leukemiadiagnosis and its subtypes

.  Dataset: 200 blood smear images extracted from Vidyalankar

Institute of Technology, Mumbai and online databases
«  Methodology: support vector machine

«  Socioeconomic risk factors not selected automatically

Validation:

o Interna validation (train/validation data)
« 10-fold cross validation

Performance:
e Accuracy: 97.8%

Strengths:

«  Good detection accuracy

«  Thorough image segmentation process

Limitations:

«  Challenging detection process due to the irregularity of the

cancer cell’s shape and nucleus
«  Useof only support vector machine for classification

3CNN-SOM: convolutional neural network-self-organizing map.
PHSCRKM: histogram-based soft covering rough K-means clustering.

Hematology Treatment

Machine Learning—Based Models

Completeremission (CR) refersto the disappearance of all signs
and symptoms of an illness [51]. However, a significant
proportion of patients report disease relapse after therapy and
complete diseaserecovery. Inthisregard, Gal et a [75] proposed
an ML technique that uses gene expressions to predict the
likelihood of CRin patientswith AML who previously received
therapy. The 473 collected samples were divided into training
and testing and were fed into the 3 classifiers for feature
selection using a 5-fold cross validation. To select the most
significant genes that clearly mark the difference between the
state of CR and non-CR, a statistical t test was performed in
each fold for each method. For further gene feature selection
and performance enhancement, the results were compared with
those of 3 agorithms: randomized LASSO, recursive feature

https://www.jmir.org/2022/7/€36490

elimination, and hill climbing. It was proven that cancers that
appear pathologically identical do not necessarily exhibit the
exact response to similar drugs. To overcome the challenge of
high demands for personalized or patient-specific medicine,
Lee et al [9] proposed using a gene-expression profile and in
vitro drug sensitivity datato spot molecular markersthat explain
this patient-specific drug response. The data set used comprised
160 chemotherapy drugs and inhibitors for 30 patients with
AML. The gene-drug association was identified using the
MERGE algorithm, which utilized gene characteristics such as
anovel mutation, expression hubness, known regulator, genomic
copy number variation, and methylation. The model testing was
done in 2 different ways: the first approach used 2 batches
containing 12 patient samples for training and 12 different
samplesfor validation, respectively. The second approach used
a leave-one-out cross validation to test the predicted drug
sensitivity for 30 patient samples. The latter cross-validation
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method is regarded as reasonable because it prevents the high
computational training cost and time owing to the small sample
size and ismuch less biased than using asingle test set because
the process fits the data set consisting of n-1 observations
repeatedly [145]. Although having alimited data size permitted
the obtention of efficient validation results, identifying
gene-drug associations is deemed to be a challenging process
in that case. However, the proposed algorithm was successful
to prioritize genes based on the multidimensional data on their
potential to drive cancer. Consequently, upon comparison with
other aternate methods (ElasticNet, multitask learning, Pearson
P value, and Spearman P value), MERGE exhibited the best
gene-drug association resullt.

Deep Learning—Based Models

In their review and analysis of current Al applications for
hematologic disorders' treatment, Muhsen et al [24] presented
astudy that was performed with aset of patientswho underwent

Table 7. Study analysisfor journal publications on the treatment phase.

El Alaoui et al

allogeneic hematopoietic cell transplantation to predict the
development of acute graft-versus-host disease using ANNS.
After comparing the performance acquired by ANNs and the
results achieved by logistic regression, ANNs were found to
predict the presence of graft-versus-host disease significantly
better. However, among the limitations remaining to help reach
optimal ML resultsis the limited data input from patients that
could befurther enlarged to include biologic and genetic factors,
for instance. Moreover, the employment of several sampling
techniques such as random oversampling, synthetic
oversampling, and remote under sampling could help improve
the ML models accuracies in predicting treatment-related
mortality in allogeneic hematopoietic cell transplantation.

Similarly, Lyu et al [42] used ANNS to classify the progress
and change in gene expressions and peripheral blood
mononuclear cells before treatment and after starting therapy.
Table 7 shows some extracted literature focusing on the
hematology treatment phase.

Reference  Objective, data set, and methodol ogy Performance and remarks
[9] «  Objective: Digital analysisof blood smearsand preclassification  Performance:
of cells . . Accuracy: 90%
o  Dataset: Imagesof blood smearsfrom ahematol ogic laboratory
e  Methodology: MERGE algorithm Strengths:
« Introduction of anew computational and statistical method to
determine gene markers
Limitations:
«  Small dataset comprising only 30 patients with acute myeloid
leukemia
Validation:
e  Leave-one-out cross validation
[75] «  Objective: Prediction of complete remission of acute myeloid  Performance:
leukemia . «  Areaunder the curve: 0.84
o  Dataset: 473 bone marrow samplesfrom the Children’s Oncol-
ogy Group Strengths:
+ Methodology: K-nearest neighbor, support vector machine, . Use of 3 feature selection agorithms: randomized LASSO,
and hill climbing recursive feature elimination, and hill climbing
o Useof 3classifiers: support vector machine, random forest,
and K-nearest neighbor
Limitations:
o Small data set
Validation:
« 100 iterations of a5-fold cross validation
[81] «  Objective: Identify theright patternsto improverisk stratifica=  Performance:

tion of patient with CLLs?

Data set: (1) the first cohort comprised CLL cells of 196 indi-
viduals; the second cohort comprised CLL cells of 98 individ-
ualsincluding their clinical data and RNA-seq

Methodology: (1) EM algorithm and the Gaussian mixture
models; (2) Boosted tree ensemble method

e Precision: 90%

Strengths:

« Highaccuracy and precision

Limitations:

o Largedataset and 5-year monitoring is required

Validation:
«  Externa validation on an independent cohort

8CLL: chronic lymphocytic leukemia.
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Conclusions and Future Research Directions

Early diagnosis and prediction of hematologic malignancies
can immensely reduce mortality rates and can improve patient
survival rates. Nevertheless, the nature of data on medical
treatment is complex and requires an in-depth analysisto extract
theimportant explicative features and hidden data patterns. The
only way to handle enormous setsisthrough the use of Al. The
challenge that faces Al applications, however, isthe limitation
in data availability, which can be overcome by means of data
augmentation techniques, regularization, and transfer learning.
This review of the literature highlights the most recent
applications of both DL and ML in the field of blood cancer
management for every hematologic pathway stage and
malignancy type. Based on thereviewed articles, ML techniques
have been widely used, in comparison with DL methods, asthe
latter arerelatively newer and require larger data setsthan ML,
which is considered a constraint in the medica field. In some
studies, ML techniques performed better than DL methods and
vice versa, depending on the application and nature of dataused.
Moreover, screening and diagnosis are challenging tasks, as
hematologic cancers are difficult to identify during their initial
stages. Therefore, many studies in the field investigated the
af orementioned stages a ongside prediction, whileless attention
has been paid to the treatment stage. The latter is critical and
requiresfurther analysisand study, asrepercussions and rel apses
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may arise dueto cancer treatment, namely, chemotherapy, which
requires a risk evaluation and future mitigation plans.
Furthermore, some malignancies appeared to be more addressed
than others, mainly acute myel oi d/lymphoblastic leukemias that
have gotten the most attention in the last few yearsfollowed by
lymphoma, due to their fast development and aggressivity.
Conversely, there was less emphasis and minor existing
literature tackling the chronic types of leukemia. This can be
due to the slow-growing pattern of the aforementioned, and a
lack of sudden symptom exhibition until very late stages, which
makes the | atter’s monitoring quite complex. Overal, alack of
detection accuracy can have asignificant impact on the patient’s
journey to treatment because it can delay diagnosis and affect
the efficiency of therapies. Therefore, predictive models that
can recognize disease patterns and common symptoms in
hematol ogic malignancies based on medical patient recordsare
essential to forecast the risk of infection and avoid late-stage
diagnoses. Thusfar, many studies employed several techniques
to predict hematologic malignancies diagnosis through either
medical image recognition, flow cytometry, or genetic
expressions. However, no study in the literature has ever made
use of patient CBC test results alone for blood disorder
prediction or detection purposes. As the latter is generally
regarded as the first diagnostic routine for hematologists to
confirm leukemia diagnosis, it can be an efficient medium to
potentially investigate in the future.
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Abstract

Background: The use of web-based services within primary care (PC) in the National Health Service in England isincreasing,
with medically underserved populations being less likely to engage with web-based services than other patient groups. Digital
facilitation—referring to a range of processes, procedures, and personnel that seek to support patients in the uptake and use of
web-based services—may be away of addressing these challenges. However, the modelsand impact of digital facilitation currently
in use are unclear.

Objective: This study aimed to identify, characterize, and differentiate between different approaches to digital facilitation in
PC; establish what is known about the effectiveness of different approaches; and understand the enablers of digital facilitation.

Methods: Adopting scoping review methodology, we searched academic databases (PubMed, EMBASE, CINAHL, Web of
Science, and Cochrane Library) and gray literature published between 2015 and 2020. We conducted snowball searches of
reference lists of included articles and articles identified during screening as relevant to digital facilitation, but which did not
meet the inclusion criteria because of article type restrictions. Titles and abstracts were independently screened by 2 reviewers.
Data from eligible studies were analyzed using a narrative synthesis approach.

Results: A total of 85 publicationswereincluded. Most (71/85, 84%) were concerned with digital facilitation approachestargeted
at patients (promotion of services, training patients to improve their technical skills, or other guidance and support). Further
identified approaches targeted PC staff to help patients (eg, improving staff knowledge of web-based services and enhancing
their technical or communication skills). Qualitative evidence suggeststhat somedigital facilitation may be effectivein promoting
the uptake and use of web-based services by patients (eg, recommendation of web-based services by practice staff and coaching).
We found little evidence that providing patients with initial assistance in registering for or accessing web-based services leads
to increased long-term use. Few studies have addressed the effects of digital facilitation on health care inequalities. Those that
addressed this suggested that providing technical training for patients could be effective, at least in part, in reducing inequalities,
although not entirely. Factors affecting the success of digital facilitation include perceptions of the usefulness of the web-based
service, trust in the service, patients’ trust in providers, the capacity of PC staff, guidelines or regulations supporting facilitation
efforts, and staff buy-in and mativation.

Conclusions: Digital facilitation has the potential to increase the uptake and use of web-based services by PC patients.
Understanding the approachesthat are most effective and cost-effective, for whom, and under what circumstances requires further
research, including rigorous evaluations of longer-term impacts. As efforts continue to increase the use of web-based servicesin
PC in England and elsewhere, we offer an early typology to inform conceptual development and evaluations.
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https://www.crd.york.ac.uk/prospero/display_record.php?RecordlD=189019

(J Med Internet Res 2022;24(7):€33911) doi:10.2196/33911
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Introduction

Background

The use of web-based services within primary care in the
National Health Service (NHS) in England is increasing, with
33% of patientsregistered to use at |east one web-based service
in January 2021 compared with only 19% in April 2017 [1].
Although still at levels below those found in other countries
such as the United States [2], the use of web-based servicesis
likely to grow, given that it is supported by contractual mandates
from NHS England [3]; it is part of wider efforts to establish
digitally enabled care [4]; and because of increased pressure on
health care services, technological progress, and changing public
expectations[5]. The use of web-based services has accel erated
across primary care in many countries during the COVID-19
pandemic as ameans of enabling distanced care [6-10]. Within
the NHS, services provided by al primary care practicesinclude
booking aconsultation (viaapractice website or through aweb
platform linked to a practice website), ordering repeat
prescriptions, and accessing electronic health records. Additional
services include secure messaging, provision of test results,
having a consultation (ie, receiving aresponse from the practice
via SMS text messages, web-based messages, phone calls, or
video calls), facilitating access to external resources (eg,
referring patients to websites or apps that can augment their
care), and providing accessto practice websitesfor informational
purposes.

The increased use of web-based services has been shown to
benefit patients, general medical practitioners (primary care
physicians, known asgeneral practitioners[GPs| inthe United
Kingdom), and other primary care staff through improved
communication between patients and GP practices, expanded
health and health care knowledge for patients, and improved
accessto services[11-13]. For GP practicesand patientsto gain
the potential benefits that technological innovation can bring
to primary care, patients must be able to, as well as wish to,
access and use web-based services [14]. There is emerging
evidence that the trend toward web-based interactions creates
or exacerbates pre-existing inequalities in access to health care
information and services for some patient groups who may not
be able, or may not choose, to use or access web-based services
[15,16].

A way of supporting the use of web-based services and
countering the potential for increasing inequalities may be
through digital facilitation, which we have defined as “that
range of processes, procedures, and personnel which seeks to
support NHS patientsin their uptake and use of online services’
[17]. Digita fecilitation rangesfrom the promotion of web-based
services on a practice website to active coaching in the use of
web-based services and provision of training and education to

https://www.jmir.org/2022/7/e33911

practice staff in the use of services so that they can better assist
patients [18]. For the purposes of this research, we have not
extended the scope of digital facilitation to include the
facilitation of accessto digitally based therapeutic interventions.

Medically underserved and vulnerable populations are lesslikely
than other patient groupsto engage in web-based services[2,19].
Thereasonsfor lower engagement in web-based servicesamong
medically underserved populations are complex. They include
factors focusing on limited accessto services (eg, poor internet
connection), as well as those affecting motivations to engage
(eg, lack of familiarity with the internet, lower health or
computer literacy, and lack of trust in web-based information
sources) [19-22]. It has been suggested that away of reducing
inequalities related to the use of web-based services in health
care may be to actively support vulnerable population groups
in accessing and using web-based services through digital
facilitation [23]. The digital competence of health care
professionals and their acceptance of web-based service
provision are also important for the successful implementation
of web-based patient services.

Objectives

Recognizing thelack of understanding of digital facilitation and
itsrole in supporting the use of web-based servicesin primary
care, we conducted a systematic scoping review. We aimed to
identify, characterize, and differentiate between different
approaches to digital facilitation in primary care; create a
typology of these approaches; establish what is known about
the effectiveness, perceived advantages, and challenges of
different approaches to digital facilitation; examine how they
affect inequalities of access to web-based services; and explore
factors enabling digital facilitation. We also sought early
indications of the extent to which the COVID-19 pandemic
might be associated with changing approaches to digital
facilitation.

Methods

Overview

We conducted a systematic scoping review of the literature.
Scoping reviews are appropriate for clarifying conceptual
boundaries ontopics, such asdigital facilitation, where aconcept
is new and poorly defined in the literature [24]. The scoping
review was conducted in stages (Figure 1) to alow learning
from earlier stages to be fed into later stages. The protocol for
the study was registered with PROSPERO (International
Prospective Register of Systematic Reviews; registration number
CRD42020189019) [25].

Our focus is on digital facilitation within primary care in
England; however, we also consider digital facilitation in other
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geographical areas and other health care sectors where there is
clear relevance to primary care. Primary care is distinct from
other types of health careinthat it istypically the patient’sfirst
point of contact within the health system, and the primary care
staff istasked with caring for the patient as awhole rather than

Figure 1. Flow of the literature review process.

Leachetd

focusing on specific conditions[26]. Primary careisalso at the
center of the NHS's Digital First plans[27] and faces particul ar
challenges around rising demands in the face of workforce
pressures [28]. Although this study focuses on primary care,
some findingswill also berelevant to wider health care contexts.

Stage 1 Screening of Prelimina
Academic literature on Sea(;ch of wy fitles ar?d N Data analysis trg
academic ) ) :
digital facilitation in primary databases abstracts for extraction identify gaps
care eligibility in literature
( J
Y
Stage 2 Stage 3
Acadenmic literature on digital facilitation in |\ | Gray literature (eg, government and policy
health sectors outside of primary care reports) on digital facilitation in health
care, all sectors
R L 2
Snowball searches of reference lists Targeted searches of websites and
database searches
¥ > ¥
Screening of titles and abstracts for Screening of titles and abstracts for
eligibility eligibility
¥ ¥
Data extraction ) Data extraction

Data synthesis

Patient and Public I nvolvement

Thisreview was conducted in collaboration with astudy-specific
patient advisory group. The group included patients and
caregivers. A total of 2 web-based meetingstook place over the
course of the project; between meetings, group members were
involved via email or on a one-on-one basis. The patient
advisory group contributed to the development of the search
strategy; operationalization of key terms; discussion of findings,
including identified themes and gaps; data synthesis; and report
drafting.

Searches

Stage 1. Academic Literature on Digital Facilitation in
Primary Care

We searched the following databases. PubMed, EMBASE,
CINAHL, Web of Science, and Cochrane Library. The search
strategy focused on three key concepts: (1) web-based services,
(2) digital facilitation, and (3) primary care settings. We
restricted the searches to the European Economic Area and
Organization for Economic Cooperation and Development
countries asthese would likely be most relevant to primary care
practices in England. Full details of the search strategy are
availablein Multimedia Appendix 1. Thefirst round of stage 1
searches covered publications from January 2010 to June 2020;
however, these were restricted during pilot screening from
January 2015 to June 2020 (see the Study Selection section).

https://www.jmir.org/2022/7/e33911

Stage 2: Snowball Searchesto Identify Literature on
Digital Facilitation in Health Sectors Outside of Primary
Care

In stage 2, we screened the reference lists of all articles
identified for inclusion in stage 1, in addition to the reference
lists of articles that we identified during stage 1 as not fitting
the inclusion criteria because of article type restrictions (eg,
protocols or editorials) but which were otherwise relevant.

Stage 3: Gray Literatureon Digital Facilitation in Health
Care

Gray literature was searched to identify relevant government
and policy institute reports on digital facilitation in health care.
This involved searches of 3 relevant not-for-profit research
institutes (The Health Foundation, The King's Fund, and The
Nuffield Trust) and a health professional association website
(Royal College of General Practitioners), as well as a general
search of the Health Management Information Consortium
database. The targeted searches of websites used combinations
of terms such as online services, digital, access, and patients
using Boolean operators where website search functions allowed
it. The Health Management Information Consortium database
allowed more complex searches; therefore, we adopted a search
strategy that captured concepts related to the web (eg,
web-based, digital, internet-based, and technology) and
facilitation (eg, uptake, encouragement, and increased use). Full
details of the gray literature search strategy are available in
Multimedia Appendix 1.
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Additional Searches Not Included in Final Review

We also explored some academic literature on digital facilitation
in non—health care sectors similar to primary care in that they
incorporated both web-based and offline customer services (ie,
tourism and travel and retail banking) to seeif any methods of
digital facilitation were mentioned there that were not covered
in the health care literature. These searches did not reved
additional approachesto digital facilitation and are not reported
here.

Study Selection

A key inclusion criterion for all the publications was that they
addressed the facilitation of web-based services. Defining the
inclusion criteria a priori was challenging, given that the key
aim of thiswork was to define the scope of digital facilitation.
We focused on web-based services that were accessed by
patients through websites or phone apps facilitating access to
careor providing resourcesfor self-care and not on the delivery
of medical therapies through web-based platforms, such as
web-based mental health therapy. These servicesreflected those
supported by primary care practices and were in line with the

Textbox 1. Operationalization of digital facilitation and web-based services.

Leachetd

focus of NHS England at the time of this research [3]. We
operationalized digital facilitation and web-based services as
detailed in Textbox 1. Further eligibility criteria were tailored
to the stage of the screening process (eg, primary careliterature
and nonprimary health care literature). Detailed inclusion and
exclusion criteria for each stage of the screening process are
presented in Table 1.

Before the full screening of the 11,853 publications from stage
1, we undertook a pilot screening exercise examining 237 (2%)
publications, during which publications were jointly screened
by 2 reviewers (EG and SP) and the results were discussed to
ensure consistent approaches to screening. During the pilot
screening, it was agreed that publications for stages 1 and 3
would berestricted to articles published from 2015 to 2020. For
stage 2, which relied on snowball-type searches of reference
lists, we included articles from 2010 to 2020 as the reference
lists would have had few or no eligible articles if we did not
expand theinclusion criteriato earlier years. Following the pilot
screening, al remaining publications were screened
independently by 1 of 2 reviewers (EG and SP).

Concept and inclusion and exclusion criteria
Inclusion criteria

to) the following:
«  In-person assistance with using web-based services

Health records

«  Prescription ordering
o Appointment booking
eConsult or other web-based methods used to triage patients

Health care information

Exclusion criteria
L]

Digital facilitation: papersthat included reference to what was done to hel p patients access and use web-based services, including (but not limited

Active methods of web-based assistance for accessing services (eg, chat or help functions)

Passive methods of web-based assistance for accessing services (eg, frequently asked questions and help pages)
Telephone-based methods of providing assistance for accessing services (eg, helplines)

Public awareness campaigns around web-based services (if done by general practices)

Service improvements if done explicitly to improve or increase access

Web-based services: web-based services accessed through a website or app, such as the following:

Digital facilitation: Papers without information on what was done to help patients access and use web-based services

Web-based services: Non—web-based services (eg, telephone only), wearable devices, delivery of therapies (eg, psychotherapies) on the web,
and web-based services for general practitioners or physicians, which did not include patients (eg, accessing continuing medical education and
web-based clinical decision support tools without input from the patient)

https://www.jmir.org/2022/7/e33911
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Table 1. Inclusion and exclusion criteriafor the screening process.

Leachetd

Stage of processand criteria  Include Exclude
All stages
Scale and spread of in- At all scalesand geographic levelsfrom theindividua site  None
tervention to national coverage
Country EEA? countries or non-European high-income countries ~ Countriesnot in the EEA or OECD
(defined as membership in OECD?)
Language English Languages other than English
Availability Full-text availability Title and abstract only and conference proceedings with
no full-text article
Stages1land 3

Year of publication
Stage 2
Year of publication

Stage 1 only: screening of academic literature on digital facilitation in primary care

Topic relevance

Articletype

2015 to January 2020

2010 to January 2020

Digital facilitation of web-based servicesin primary health

care settings; where digital facilitation was implemented
in some form: implementation as part of routine service
delivery or implementation for research purposes

Original research

2014 or earlier

2009 or earlier

Where there was no reference to facilitation being imple-
mented by or on behalf of primary care practices; thus,
solely theoretical papers were excluded

Theoretical and commentary articles; trial registrations (ie,
articles registered on Clinica Trials.gov or the WHO IC-

TRP® registry)

Stage 2 only: screening of literature on digital facilitation in health sectorsoutside of primary care

Topic relevance

Articletype

Digital facilitation of web-based servicesin non—primary
care health sectors; where digital facilitation wasimple-
mented in some form: implementation as part of routine
service delivery or implementation for research purposes,
articles addressing aspects of digital facilitation found not
to be covered by articlesidentified in stage 1; key gapsin-
clude evaluations of digital facilitation approaches, cost-
effectiveness, and effectiveness of digital facilitation ap-
proaches for vulnerable populations

Original research

Where there was no reference to facilitation being imple-
mented by or on behalf of health care providers; thus,
solely theoretical paperswere excluded; articles addressing
aspectsof digital facilitation already covered by theinclud-
ed articlesidentified in stage 1

Theoretical and commentary articlesand trial registrations
(ie, articles registered on Clinical Trials.gov or the WHO
ICTRP registry)

Stage 3 only: screening of gray literature on digital facilitation in health care, all sectors

Topic relevance

Article type

Articletype

Digital facilitation of web-based servicesin health care,
all sectors; articles addressing aspects of digital facilitation
found not to be covered by articlesidentified in stage 1;
key gaps include the following: implications of COVID-
19 pandemic for digital facilitation, evaluations of digital
facilitation approaches, and effectiveness of digital facilita-
tion approaches for vulnerable populations

Gray literature (ie, literature produced in electronic and
print formats outside of commercial publishing), including
but not limited to government documents or reports, policy
reports, research reports, and working papers

Origina research

Where there was no reference to facilitation being imple-
mented by or on behalf of health care providers; thus,
solely theoretical paperswere excluded; articlesaddressing
aspectsof digital facilitation already covered by theinclud-
ed articlesidentified in stage 1

Tria registrations (ie, articles registered on Clinical Tri-
as.gov or the WHO ICTRP registry)

Theoretical and commentary articlesand trial registrations
(ie, articlesregistered on Clinical Trials.gov or the WHO
ICTRP registry)

3EEA: European Economic Area.
bOECD: Organization for Economic Cooperation and Development.

“WHO ICTRP: World Health Organization International Clinical Trials Registry Platform.
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Data Extraction and Preliminary Analysis

Data from dligible studies were extracted independently by 2
reviewers (EG and SP) using a data-charting form devel oped
for this study. The form was piloted to ensure that data
extraction was consistent across reviewers. We extracted data
relevant to digital facilitation (digital technology type,
facilitation purpose, method, mode of delivery, target population,
and setting) and study details (study type, outcomes, size, and
setting), aiming to capture health outcomes, staff and patient or
caregiver experience, impact on service use (uptake and use of
digital services), cost and equity of accessto health care services
and information, and the nature and extent of other reported
outcomes. When considering the outcomes of digital facilitation,
we focused on increased uptake and use of web-based services
by patients, defining these asindicators of successful facilitation.

Studies were not formally assessed for quality as this was a
scoping review, with agreat breadth of studies and article types
being included. However, reviewers noted the quality of the
evidence source, clarity of aims, quality and comprehensiveness
of the work, and any conflicts of interest from the authors
wherever possibleto assist in judging the quality of the overall
evidence base for digita facilitation. Given that we did not
formally assess the quality of individual studies, we did not
report on study quality. Full details of data extraction are
available in Multimedia Appendix 2.

Data Analysis, Synthesis, and Typology Development

Preliminary analysis of the data extracted from stage 1 was
undertaken to identify gaps in the literature and to inform
subsequent stages (Figure 1). Following all extractions, data
analysisfollowed the principles of narrative descriptive synthesis
[29]. Key themeswereidentified and captured during charting,
which were then refined and expanded during the preliminary
synthesis. The synthesisinvolved an iterative process of internal
study team discussions, analyses, and writing. The typology of
digital facilitation approaches was developed through this

https://www.jmir.org/2022/7/e33911

Leachetd

process of internal team discussion and the synthesis of
evidence. Further refinement of themes, initial synthesis, and
typology was undertaken through a workshop with study team
members, including patient and public involvement
representatives.

Results

Overview

The PRISMA (Preferred Reporting Item for Systematic Reviews
and Meta-Analyses) flow diagram (Figure 2) showsthe number
of publications retrieved and excluded at each stage. In stage
1, atotal of 11,853 records were screened, of which 43 (0.36%)
met the inclusion criteria. Later stages identified an additional
42 publicationsfor atotal of 85 full-text publications that were
included. Multimedia Appendix 3 [6,21,30-105] shows a full
list of the included publications and their characteristics.

Publications focused on the United States (30/85, 35%), the
United Kingdom (19/85, 22%), other European countries (23/85,
27%), Australia (8/85, 9%), or Canada (1/85, 1%) or adopted
an international focus (5/85, 6%). They covered digital
facilitation in the primary care sector (48/85, 56%), secondary
care sector (5/85, 6%), tertiary care sector (1/85, 1%), or all
health care sectors (nonspecific; 31/85, 36%). The publications
used various study designs, including quantitative approaches
(37/85, 44%; randomized controlled trials[RCTS]: 15/85, 18%;
prospective cohort: 4/85, 5%; retrospective cohort design: 1/85,
1%; retrospective observationa: 1/85, 1%; longitudina
observational: 1/85, 1%,; cross-sectional: 9/85, 11%; pre-post
analysis: 1/85, 1%; secondary analysis of datafrom RCTSs: 3/85,
4%), mixed methods approaches (7/85, 8%), qualitative
approaches (31/85, 36%), and literature reviews (12/85, 14%).
Publicationsfocused on avariety of disease areas, with the most
common being diabetes (12/85, 14%) and depression (10/85,
12%).
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Figure2. PRISMA (Preferred Reporting Item For Systematic Review And Meta-Analyses) flow diagram of literature review.
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Typology of Digital Facilitation

Overview

A wide variety of digital facilitation efforts were discussed in
the literature. In our proposed typology, we categorized them
according to whether they were aimed at patients or staff and

Table 2. Typology of digital facilitation approaches.

the purpose of facilitation within them (Table 2). In the
following sections, we summarize the descriptive accounts of
the different types of digital facilitation and synthesize evidence
on whether the approach appeared to be associated with the
initial uptake and subsequent use of digital services where
available.

Typology of digital  Definition
facilitation

Examples of facilitation approaches

Digital facilitation aimed at patients

Recommendation and prescription of digital services
and other communi cation-centered interventions; emails
and written reminders; video introductions to digital
services

Initial assistance with the use of digital services

Coaching and ongoing guidance from clinicians and

Promotion Broad category of digital facilitation that captures ways of raising
awareness of and knowledge about digital services, endorsements of
specific digital servicesto patients, and methods of encouraging pa-
tients to use them

Training and Education or training to help patients acquire technical skillsto use

education digital servicesor to help patients understand what features of adigital
service can be most helpful to them

Guidanceand  Ongoing helpin using digital services provided by clinicians or other

support primary care staff to patients

Digital facilitation
aimed at primary
care 