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Abstract

Background: Although physical activity (PA) has positive effects on health and well-being, physical inactivity is aworldwide
problem. Mobile health interventions have been shown to be effective in promoting PA. Personaizing persuasive strategies
improves intervention success and can be conducted using machine learning (ML). For PA, severa studies have addressed
personalized persuasive strategies without ML, whereas others have included personalization using ML without focusing on
persuasive strategies. An overview of studies discussing ML to personalize persuasive strategies in PA-promoting interventions
and corresponding categorizations could be helpful for such interventions to be designed in the future but is still missing.

Objective: First, we aimed to provide an overview of implemented ML techniquesto personalize persuasive strategies in mobile
health interventions promoting PA. Moreover, we aimed to present a categorization overview as a starting point for applying ML
techniquesin thisfield.

Methods: A scoping review was conducted based on the framework by Arksey and O’ Malley and the PRISMA-ScR (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses extension for Scoping Reviews) criteria. Scopus, Web of Science,
and PubMed were searched for studies that included ML to personalize persuasive strategies in interventions promoting PA.
Paperswere screened using the ASReview software. From theincluded papers, categorized by the research project they belonged
to, we extracted data regarding general study information, target group, PA intervention, implemented technology, and study
details. On the basis of the analysis of these data, a categorization overview was given.

Results: In total, 40 papers belonging to 27 different projects were included. These papers could be categorized in 4 groups
based on their dimension of personalization. Then, for each dimension, 1 or 2 persuasive strategy categories were found together
with a type of ML. The overview resulted in a categorization consisting of 3 levels: dimension of personalization, persuasive
strategy, and type of ML. When personalizing the timing of the messages, most projects implemented reinforcement learning to
personalize thetiming of remindersand supervised learning (SL) to personalize the timing of feedback, monitoring, and goal-setting
messages. Regarding the content of the messages, most projects implemented SL to personalize PA suggestions and feedback or
educational messages. For personalizing PA suggestions, SL can be implemented either alone or combined with arecommender
system. Finally, reinforcement learning was mostly used to personalize the type of feedback messages.

Conclusions: The overview of all implemented persuasive strategies and their corresponding ML methodsis insightful for this
interdisciplinary field. Moreover, it led to a categorization overview that provides insights into the design and development of
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personalized persuasive strategiesto promote PA. In future papers, the categorization overview might be expanded with additional
layersto specify ML methods or additional dimensions of personalization and persuasive strategies.

(J Med Internet Res 2024;26:e47774) doi: 10.2196/47774
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Introduction

Background and Related Work

Regular physical activity (PA) decreases the risk of several
diseases, improves quality of life and well-being, and improves
mental health. Despite these positive effects, physical inactivity
isaserious and still growing worldwide problem. Worldwide,
28% of adults and 81% of adolescents are insufficiently
physically active. They do not meet the World Health
Organization recommendations of at least 150 minutes per week
of moderately intense PA for adults and 60 minutes of moderate
PA per day for adolescents [1].

Mobile health (mHealth) interventions have been shown to be
effective in promoting PA [2-5]. Intervention success can be
improved by implementing effective persuasive strategies, also
caled behavior change techniques, such as goa setting,
monitoring, rewards, reminders, education, activity suggestions,
and feedback [6-8]. Moreover, personaized mHeath
interventions are more effective in promoting PA than
nonpersonalized  interventions [9-12]. In  mHealth,
personalization means adapting intervention strategies to
individual characteristics such as gender, disease, coping
strategy, current location, current PA level, or performed PA
[13,14]. The combination of successfactorsfor personalization
and for persuasive strategies can take place on severa
dimensions, such as the type of feedback, content of the
messages, timing of the messages, rewards, and personal settings
[9,11,15].

To personalize persuasive health-promoting interventions,
machine learning (ML) has become increasingly popular in
recent years [16,17]. ML is an important subfield of artificial
intelligence, with numerous applications in domains such as
roboatics, natural language processing, and computer vision. The
key methods of ML include supervised learning (SL),
unsupervised learning (UL), and reinforcement learning (RL).
Severa kinds of ML techniques have been used in adaptive
interventions that promote PA. SL, in which the prediction is
based on labeled data, can be used for classification to predict
a category and for regression to predict a quantity. SL for
classification, for instance, was used in a chatbot-based digital
coach to improve PA levels [18] and a mobile app with
personalized feedback to promote PA in cardiovascular disease
rehabilitation [19]. SL was used for regression to predict low
blood sugar levels in patients with diabetes based on their
previous blood glucose levels and performed PA [20]. On the
other hand, UL analyzes unlabeled dataand can beimplemented
to cluster data or build a recommender system (RS). An RS
provides suggestions that fit the user’s needs or preferences.
Clustering, for example, was applied in aPA advisor system to
increase PA [21], whereas an RS was devel oped to recommend
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adequate educational content to users to improve their
knowledge regarding PA and a healthy diet [22]. Finally, there
is RL, which is an ML method based on rewarding desired
actions. RL isoften used to personalize the timing of messages,
also called ajust-in-time adaptive intervention [23]. To choose
the appropriate RL agorithm, problems are categorized as
Markov decision processes (MDPs) or as multi-armed bandit
(MAB) and contextual bandit problems. MDPs can model
decision-making problems when the results are partly random
and partly controlled by the user. MDP-based RL, for example,
was used in an adaptive intervention to personalize motivational
coaching messages to promote healthy behavior such as PA
[24]. MAB is used when a series of choices has to be made
without knowing personal preferences and the consequences of
a choice. MAB, for instance, was the basis of an adaptive
personalized messaging smartphone app to improve PA levels
[25].

There are many studies[5,26-32] that show an overview of the
effectiveness of mHealth interventions on PA, each focusing
on different target groups and outcomes. Several recent reviews
[9,11,32-36] have zoomed in on personalizing persuasive
interventions, but none of them have focused on personalization
with the use of ML. On the other hand, some reviews[16,37,38]
have addressed the use of ML to personalize PA-promoting
interventions more generally but have not studied the
combination of ML and personalizing persuasive strategies. To
start with, Chaudhari et al [37] reviewed personalized PA
interventions using ML and other methods but focused on
personalizing the timing of PA-promoting messages instead of
other persuasive strategies such as content of messages or level
of difficulty. In addition, Oyebode et al [38] and Goh et al [16]
studied ML methodsto personalizeinterventionsfor health and
well-being—including PA—in which persuasive strategieswere
implemented but did not focus either on the ML methods used
to personalize these persuasive strategies.

Objectives and Contribution

To the best of our knowledge, no review has addressed
personalizing persuasive strategies using ML in the field of
promoting PA yet. Therefore, insights into the characteristics
of studies that did implement ML to personalize persuasive
PA-promoting strategies and an indication of missing
information is aready a contribution to this field. Moreover,
considering the interdisciplinary nature of this field, it would
be helpful for interventionsto be designed and developed in the
future to have some guidance in choosing the best-fitting ML
technique considering the persuasive strategies. Designers and
researchers in the field of persuasive strategies lack such an
insightful overview. Therefore, the first objective of our study
wasto provide an overview of implemented persuasive strategies
and their corresponding implemented ML techniques in this
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field. We conducted a scoping review to reach this goal asthis
is a useful approach to analyze knowledge gaps and identify
key characteristics of studies [39]. Moreover, we aimed to
categorize these findings and build a categorization overview
as a starting point for applying ML techniques to personalize
persuasive strategies in PA-promoting interventions.

Methods

Overview

A scoping review was conducted following the PRISMA-ScR
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses extension for Scoping Reviews) criteria [40].
The PRISMA-ScR checklist is provided in Multimedia
Appendix 1. The scoping review was conducted using the
framework by Arksey and O'Malley [41], later extended by
Levac et a [42], which consists of the following five stages:
(1) identifying the research question; (2) identifying relevant
studies; (3) selecting studies; (4) charting the data; and (5)
collating, summarizing, and reporting the results. In addition
to these steps, we provide a categorization overview based on
the results of the scoping review.

Step 1. Identifying the Research Question
Corresponding to the 2 objectives, our research questions were
defined asfollows: (1) What ML techniques have been used to
personalize persuasive strategies in mHealth interventions that
promote PA? (2) How to guide future designers, developers,
and researchers in choosing ML techniques to personalize
persuasive strategies in PA-promoting interventions?

Step 2: Identifying Relevant Studies
We searched for studies published until February 24, 2023, in

3 databases. Scopus, Web of Science, and PubMed. These
databases were searched because they cover relevant studiesin

Textbox 1. Inclusion and exclusion criteria.

Bronset al

thedigital health domain. To find relevant papersfor answering
the research questions, all studies should match the following
semantics: digital persuasive interventionspromoting PA that
are personalized to participants needs through machinelearning
techniques. We searched for these conceptsin thetitle, abstract,
and keywords. The exact query that was run on all databases
can be found in Multimedia Appendix 2. In addition, the
reference lists of included papers and relevant review papers
were searched by hand. These papers were categorized as
manual in the identification section of the PRISMA-ScR flow
diagram.

Step 3: Selecting the Studies

After theinitial search, duplicateswere removed. Theremaining
articleswere screened by 2 reviewers (AB and SW) in 2 phases.
First, titles and abstracts were screened using the ASReview
software [43,44]. Studies meeting at least one of the exclusion
criteria (Textbox 1) were removed. ASReview uses ML to
efficiently screen large amounts of titles and abstracts [45].
Moreover, the studies are only reviewed based on content rather
than irrelevant metadata such as author and journal names as
only titles and abstracts are shown [46]. Both reviewers started
with the same set of papers and had to choose at |east 2 papers
to label before screening to initially train the algorithm.
Moreover, the algorithm improves itself based on the labels of
the reviewer. Thus, the order of papers shown for screening
differs between the reviewers as it depends on both the
reviewers' choice of initial papersto label and the labels given
during the screening process. On the basis of several relevant
and irrelevant studies labeled by the reviewers, a model is
trained to sort the remaining studiesby order of relevance. When
labeling al studies, the model constantly improvesitself. Thus,
both reviewers did manually screen all titles and abstracts, but
because of the order of relevance, it was more efficient than the
usual method in arandom order.

Inclusion criteria

« Articles: peer-reviewed articles, conference proceedings, or book chapters on qualitative, quantitative, and mixed method studies or protocols

« Language: English

« Application: digital intervention, either stand-alone or hybrid with a health care provider, with at least one personalized persuasive strategy
«  Machinelearning (ML) technique: supervised ML, unsupervised ML, or reinforcement learning

«  Health behavior promoted by the intervention: physical activity (including walking, running, cycling, performing exercises, and performing

sports activities) either alone or as part of several health behaviors

Exclusion criteria

« Articles: conference abstracts, reviews, letters, editorials, comments, non—peer-reviewed articles or book chapters, white papers, or articles with

no full text available

« Language: dl other languages

« Application: nonadaptive intervention or persuasive strategy not specified
« ML technique: rule-based if-then systems, predefined formulas, manual personaization, ML method not specified, computer vision, natura

language processing, or robotics

«  Health behavior promoted by the intervention: health behaviors other than physical activity

https://www.jmir.org/2024/1/e47774
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Next, the full texts of all the remaining studies were reviewed.
Studies meeting all the inclusion criteria (Textbox 1) were
included. When both reviewers did not agree, a third reviewer
(SB) was asked for the final decision. Both reviewing rounds
were conducted blinded, meaning that both reviewers had no
access to each other’s findings before completing the full task.
A dataset consisting of the screened papers together with the
reason for exclusion can be found here [47]. Afterward, all the
included papers were categorized based on the projects they
belonged to. As project names, we used the name of the
intervention or distinctive key terms included in the study. For
each project that included several papers, the paper with the

Textbox 2. Extracted data from the full texts.
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most detailed information regarding the implemented persuasive
strategies and ML method was |abel ed asthe main paper. From
the Target Group subheading in the Results section onward, we
only use this main paper as areference to keep the report clear.

Step 4: Charting Data

Data extraction was performed by one reviewer (AB) and
verified by a second reviewer (SW). The extracted data were
recorded in a Microsoft Excel form that was tested by 2
reviewers (AB and SW) beforehand. We extracted data
regarding general information of the paper, target group, PA
intervention, and the implemented technology. A detailed
overview of the extracted information is shown in Textbox 2.

General
« Title
« Authors

o Year of publication

«  Objective

« Mainresults

I ntervention target group
« Adultsor children

o Healthy or with disabilities

Intervention

«  Description of the intervention

o Persuasive strategy

«  Physica activity (PA) application field
«  Underlying theories

«  Stand-alone or hybrid with human interaction

Technology

«  Machinelearning (ML) category and method
« ML technology

«  Gamification or not

. Typesof dataasinput for algorithm

o  Features used for adaptation

« Dimension of personalization

« Platform
Study
o Study type

o  Real usersor smulation

o Outcomesregarding PA or ML technique

.  Typeof paper (journa article, conference proceeding, or book chapter)
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Step 5: Collating, Summarizing, and Reporting the
Results

We presented an overview of the literature search using the
PRISMA-ScR flow diagram. Moreover, we analyzed and
described the extracted data from the included papers. We
focused on the developed intervention, target group,
implemented ML method, dimension of personalization,
underlying persuasive strategy, type of study, and main results.
Furthermore, we summarize the underlying psychological
theories and some technical details of the developed
interventions.

Building the Categorization Overview

On the basis of the resulting overview of implemented ML
methods to personalize persuasive strategies in PA-promoting
interventions, we provided a categorization overview. This
consists of 3 levels, starting with the dimension of
personalization. The persuasive strategies are shown per
dimension together with the ML method that was implemented
in most of the projects. In addition, we show the projects that
support the highlighted ML method for that specific combination
of persuasive strategy and dimension of personalization.

The ML methods shown in the categorization overview are
based on the number of projects that implemented that ML

Bronset al

method for a specific persuasive strategy within a dimension
of personalization. Asthe outcome measures of all theincluded
projectsdiffered widely and not all projects had published results
yet, we did not consider the results of the included projectsin
the categorization overview.

Results

Overview of Literature Search

The search query yielded 400 papersin total. These studieswere
scanned for duplicates, which resulted in a total of 75.3%
(301/400) of unique papers. The abstracts of the unique papers
were assessed against the exclusion criteria, resulting in a
shortlist of 44.9% (135/301) of the papers. Main reasons for
excluding abstracts were no promation of PA, no personalized
intervention, no use of ML to personalize the intervention, and
review papers. Reviewing the full texts of these 135 shortlisted
papers resulted in 40 (29.6%) included papers, being 13.3%
(40/301) of the screened unique papers and belonging to 27
projects. Most excluded papers (53/95, 56%) discussed
interventions that were personalized without using ML. A lot
of the other papers were removed because the intervention did
not promote PA (23/95, 24%) or there was no intervention yet
(9/95, 9%). The PRISMA-ScR flow diagram with the
aforementioned numbersis shown in Figure 1.

Figure 1. PRISMA-SCR (Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension for Scoping Reviews) flow diagram. ML:

machine learning; PA: physical activity.
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Overview of Included Projects

In total, 40 papers that used ML to personalize persuasive
strategies in PA-promoting interventions were included. These
papers belonged to 27 projects. All projects and their

https://www.jmir.org/2024/1/e47774

RenderX

corresponding papers are shown in Table 1 categorized by the
dimension of personalization. Project Power2DM was the only
intervention that belonged to 2 dimensions of personalization
and, therefore, is included twice to give a complete overview
of each dimension.
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Table 1. Overview of al the included papers categorized by the dimension of personalization. In the Relevant papers column, the main article is

mentioned first.

Project name Relevant pa-  Intervention Persuasive .2 catego- ML technique Featuresused  Study type Study outcome
pers target group  strategy ry and for adaptation
method
Dimension of personalization: timing of messages
Heartsteps Tomkinseta Adultswith  Reminders R b. contex- INntelligent- Performed PAC, Simulation  All participants
[48] and Liao  hypertension tual bandit  Pooling location, weath- (toim- except Lim-
et al [49] er,day of the ~ Provealgo- proved their step
week, and cur- rithm) and  count withthein-
rent time pilot tervention; 26%
improvement in
step countinsim-
ulations; Intelli-
gentPooling algo-
rithm performed
better than
Thompson sam-
pling agorithm
PowerpMd  Gonl et al A_dults with Reminders RL: MDP® Cust_omized_ Time, location, Simulation Nu_mber of re-
[24] and diabetes (iming), M0~ gnqcontextu-  Version of eli-  PA status, quired messages
Glachset a tivational al bandit gibility traces phone screen to achieve the
[50] messages, status, emotion- goal was lower
and feedback al status, and for RL MDPthan
(type of number of re- for general RL
feedback) minders and
motivational
messages that
have been sent
PAUL Wang et a Adults Reminders  RL: MDP Policy gradi- Performed PA, Feasibility 83.3% of re-
[51,52] and entRL (REIN- current time, study minders pro-
Sporrel et a FORCE algo- and calendar voked PA within
[53] rithm) 50 min; 66.7% of
PAs were per-
formed within 5
hours after there-
minder
Ally Mishraet & Adults Goal setting g f- ¢jagifi-  Logistic re- Date, time, bat- Simulation Higher receptivi-
[18], Kramer and monitor-  ation gression tery level of and pilot ty in ML group
et a [54], and ing phone, device than in the con-
Kiinzler et a interaction, and trols(smulation);
[55] PA participants who
weremorerecep-
tive were more
likely to achieve
their goals (pilot)
U4Fit Pilloni et a Adults Feedback SL: classifi- g9 Covered dis- Simulation  In 70% of cases,
[56] and monitor- cation tance, workout the ML interven-
ing duration, rest tion correctly
time, average predicted whether
speed, burned asportsman
calories, and would stop exer-
time elapsed cising and need
since previous feedback or moti-
workout vational mes-
sages
Dimension of personalization: content of messages
Quantified Erdenizetal  Adults PA suggess SL:classifi-  K-nearest Age, gender, lo-  Pilot 275% of PA rec-
Self [57] tion cation: yL".  neighbor; col- cation, chronic ommendations
recom- laborative fil-  diseases, oxy- were accurate
mender sys-  t€ring gen saturation,
tem heart rate, and
performed PA
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workout with
trainer or not,
gender, BMI,
favorite type of
musing during
exercise, andfa
vorite sports
brand

Project name Relevantpa-  Intervention Persuasive  \j| 2cgego- ML technique Featuresused — Study type  Study outcome
pers target group  strategy ry and for adaptation
method
WellHealth Loetal [58] Adultswith PA suggess SL:classifi- Neura net- Present condi-  Observa- Increased time
chronicneck tion cation work tion, history of  tional spent on thergpeu-
or back pain condition, past  study tic exercises
investigation,
social history,
drug history,
and 24-hour PA
pattern
MyBehavior ~ Rabbi et a Bothhealthy PA suggess RL: multi- Exp3i; Current loca RCTK Significantly
[59,60] adults and tion armed ban- BIRCHI on- tion, performed (P=.05) better
adults with dit; UL: clus- line clusterin PA, and PA be- improvement in
obesity tering aloorithm 9 havior pattern PA inML-person-
g alized interven-
tion compared to
nonpersonalized
intervention
MiningMinds Banoset a Adults PA suggess  SL:classifi-  gym! and Accelerometer  Pilot test Averageresponse
[61] tion cation; UL:  gajsganmix- dataand feed- time after recom-
recom- turemodeling; Pack from users mendation was
mender syS- content-based  9iVen onrecom- between 3 and 40
tem filtering mendations to min
improve the
system
PA Advisor Lieta [21] Adults PA suggess  SL: classifi- DTM SVM, Location, PA,  Design No results yet
tion cation; UL:  ondRF: higrar-  @d general
clustering chical cluster- Physiological
ing with Gow- characteristics
er distance
Pro-Fit Dhariaet a Adults PA suggess SL:classifi- Gradient Accelerometer  Simulation Most participants
[62] tion cation; UL: boostingand  data, feedback  (toim- felt that the ML-
recom- DT; collabora- fromuserson  provealgo- persondizedinter-
mender sys- tivefiltering  given recom- rithm) and  vention was suc-
tem mendations,and user study  cessful in motivat-
user profile ing themto in-
crease PA levels
WalkPal Sansrima- Older adults PA suggess  SL: classifi- Neural net- Heartrate, loca= Simulation Reasonable pre-
hachai [63] tion cation work tion, and walk- diction accuracy
ing statistics of exercisemin
with amean aver-
age error of —17
to +17 weekly
exercise min
Blockchain Jamil et & Bothhealthy PA suggess SL:classifi-  SVM BMI, performed Simulation SVM wasthe
[64] adults and tion cation PA, and user best-performing
adults with activity ML method with
obesity an accuracy of
92%
PA Recom- Zhaoeta [65] Adults PA suggess SL:classifi- SVM;collabo-  Age, purposeof Simulation  Prediction accura-
mendation tion cation; UL:  rativefiltering exercise, vege- andpilot ¢y of 270%in
recom- tarian or not, simulation
mender sys- wake-up time,
tem video game
preference,
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Project name Relevantpa-  Intervention Persuasive  \j| 2cgego- ML technique Featuresused — Study type  Study outcome
pers target group  strategy ry and for adaptation
method
Wireless Suhetal [66] Adults PA suggess SL:classifi- DT, collabora Heartrate, ac-  Pilot Exercises were
Health tion, feed- cation (per-  tivefiltering  celerometer da- performed more
back, andso- sondized ac- ta, pressure, and accurately, and
cia compari- tivity); UL: gyroscope data participants re-
son recom- portedincreasein
mender sys- motivation; in-
tem (feed- crease of 25.54%
back and so- in caloriesburned
cid compari- compared to non-
son) personalized
training protocol
selfBACK Mork and Adultswith  PA suggess SL: classifi- Case-based Demographics, Design No results yet
Bach [67] and chroniclow tionandedu- cation reasoning medication,
Sandal et al back pain cation quality of life
[68] score, sleep,
mood, stress,
pain, and PA
CoCare Ceron-Rioset Bothheathy Education SL: classifi- DT;collabora= Current loca Feasibility 90% of recom-
a [22] adults and cation; UL: tivefiltering  tion, indoor lo-  study mendations were
adults with recom- cation, friends, accurate
obesity mender sys- date, and daily
tem schedule
drBart Pelleetal [69] Adultswith Goal setting UL: recom-  Contextual Gender, age, Design No results yet
osteoarthritis mender syss multi-armed  height, weight,
tem bandit ap- Ssymptoms,
proach quality of deep,
and maximum
walking dis-
tance
HNGW Dijkhuiseta Adults Feedback SL: classifi- RF Steps Pilot test RF was the best-
[70] cation performing ML
method with an
accuracy of 93%
and an F4-score
of 0.9
Healthy Be-  Kadri et a Adults Feedback SL: classifi- DT Accelerometer  Simulation DT performed
havior Mes-  [71] cation data better than the
sages BiLSTM" dlassifi-
er with an
F1-score of 62%
MedFit Prabhu et d Adults Feedback SL: classifi- SVM Accelerometer  Design No results yet
[19] cation data
BeWell+ Laneetal [72] Adults Feedback SL: classifi- NaiveBayes PA Design Intervention can
cation operate success-
fully on con-
sumer smart-
phones, and users
understand the
personalized
feedback and re-
spond by taking
steps

Dimension of personalization: type of messages

https://www.jmir.org/2024/1/e47774 JMed Internet Res 2024 | vol. 26 | e47774 | p. 8

(page number not for citation purposes)

RenderX


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

JOURNAL OF MEDICAL INTERNET RESEARCH Bronset a
Project name Relevantpa-  Intervention Persuasive  \j| 2cgego- ML technique Featuresused — Study type  Study outcome
pers target group  strategy ry and for adaptation
method
DiabetesMes- Hochbergeta Adultswith  Feedback RL:contextu- Linear regress Demographics, Pilot Significant differ-
sages [73] and Yom- type2dia al bandit sion with PA, and reac- ence (P=.04)be-
Toveta [74] betes Bolzmann tion to mes- tween personal-
sampling sages ized and nonper-
sonalized ver-
sion: increasein
PA inthe ML-
persondizedinter-
vention and de-
creasein PA in
the nonpersonal-
ized intervention
Personaliza= Zhueta [75] Adults Feedback, RL: multi- _o Performed PA User study No significant
tion Paradox monitoring,  armed bandit and self-report- differencein step
and social ed motivation count between
comparison ML -personalized
intervention and
nonpersonalized
intervention; sig-
nificant differ-
ence (P=.004) in
motivation be-
tween ML-person-
alized interven-
tion and nonper-
sonalized inter-
vention
Diamante Aguileraetal Adults Feedback RL: multi-  Thompson Not discussed  Design No results yet
[25] and armed bandit sampling
Figueroa et a
[76-78]
PowerpMd  Gonil et al Adultswith Reminders RL: MDP Customized Time, location, Simulation RL MDP per-
[24] and diabetes (timing),mo- andcontextu- version of eli- PA status, formed better
Glachset a tivational al bandit gibility traces phone screen than standard RL ;
[50] messages, status, emotion- number of re-
and feedback a status, and quired messages
(typeof mes- number of inter- to achieve the
sage) ventions sent goal was lower
for planned ac- for RL MDPthan
tivity for general RL
Dimension of personalization: level of difficulty of PA
Maze VR Huber et al Adults PA that fit RL: MDP Deep RL ECGP and Borg Proof of Prototype was
[79] the capabili- scale concept ableto adapt both
ties the cognitive and

physical difficul-
ty of thegamefor
participants who
were unsatisfied
with avery easy
level; the algo-
rithm helped
keep participants
in a state of flow
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Project name Relevantpa-  Intervention Persuasive  \j| 2cgego- ML technique Featuresused — Study type  Study outcome
pers target group  strategy ry and for adaptation
method
Pathologys Aguilareta  Adults PA that fit SL:classifi- DTandneural Heartrateand  Pilot Neural network
[80] the capabili- cation network performance had greater im-
ties pact on progress

and motivation
than DT

3ML: machine learning.
BRL: reinforcement learning.
®PA: physical activity.

9indicates that the project was included in the table twice because it belonged to 2 dimensions of personalization.

EMDP: Markov decision process.

fsL: supervised learning.

9RF: random forest.

huL: unsupervised learning.

IEXP3; Exponential-weight algorithm for Exploration and Exploitation.
IBIRCH: Balanced Iterative Reduci ng and Clustering Using Hierarchies.
KRCT: randomized controlled trial.

lsvm: support vector machine.

"MDT: decision tree.

"BiLSTM: bidirectional long short-term memory.

®Not applicable.

PECG: electrocardiogram.

Projects

Project Heartsteps[48,49] developed adigital coach toimprove
the PA levels of patients with hypertension by providing PA
reminders. Project PAUL [51-53] developed adigital coach that
provided PA reminders as well in addition to severa other
nonpersonalized persuasive strategies. The digital coaches of
projects Diabetes Messages [73,74], Diamante [25,76-78],
BeWell+ [72], MedFit [19], Healthy Behavior Messages [71],
and HNGW [70] all provided personalized feedback to increase
PA levels in genera, all having their own target group. The
digital coach of project Ally [18,54,55] provided personalized
goal-setting and monitoring messages. Project U4Fit [56] did
not design adigital coach itself but devel oped an algorithm that
predicted whether a sportsman would stop exercising so that
their human coach could contact them.

In total, 41% (11/27) of the projects suggested personalized
PAs. A total of 55% (6/11) of them focused on a PA plan or
schedule, whereas 45% (5/11) of them included specific
exercisesor activities. The Quantified Self project [57], Mining
Minds [61], PA Advisor [21], and PA Recommendation [65]
all suggested personalized activities to promote PA in general,
the latter focusing on PA recommendations for exergames.
Projects WalkPal [63], Pro-Fit [62], and Wireless Health [58]
all focused on training. They included a walking exercise plan
[63], fitness schedule [62], and interval training schedule [66].
Wireless Hedth aso provided personalized music
recommendations and social comparison to motivate users to
achieve the proposed training schedule. Both MyBehavior
[59,60] and Blockchain [64] combined the suggested PAs with
a dietary plan to increase PA and decrease calorie intake. In
WellHealth [63] and selfBACK [67,68], the activity schedule

https://www.jmir.org/2024/1/e47774

was part of aself-management plan for peoplewith chroniclow
back pain. The first focused on adherence to exercise therapy,
whereas the aim of the second project was to prevent chronic
pain.

ThedrBart project [69] focused on self-management aswell by
providing personal goals. This project aimed to optimize
nonsurgical care. Project CoCare [22] suggested personalized
multimedia content about PA and a hedthy diet. Project
Personalization Paradox [75] attempted to increase PA
motivation by providing social comparison. Both Maze VR [79]
and Pathologys [80] developed exergames with dynamic
difficulty adjustment to promote PA. Finally, project Power2DM
[24,50] personalized the timing and frequency of mativational
coaching messages to promote healthy behavior, including PA.

Target Group

All 27 projects designed adaptive PA-promoting interventions
for adults. Intotal, 26% (7/27) of them were designed for adults
with adisease, such as cardiovascular disease [19,48], diabetes
[24,74], osteoarthritis [69], and chronic neck or back pain
[58,67]. A total of 4% (1/27) of the projects were designed for
older adults specifically [63]. In total, 59% (16/27) of the
interventions were designed for adults in general
[18,21,25,51,56,57,61,62,65,66,70-72,75,79,80], and 11% (3/27)
of the interventions had both healthy adults and adults with
obesity as their target groups [22,60,64].

Persuasive Strategies

In total, 4 different dimensions of personalization were found
in all projects. Except for 4% (1/27) of the projects [24], all
projectsincluded only 1 dimension of personalization. Most of
the projects (17/27, 63%) personalized the content of the
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messages [19,21,22,57,58,60-67,69-72]. A total of 19% (5/27)
of the projects focused on the timing of the messages
[18,24,48,51,56], whereas 15% (4/27) of the projects
personalized the type of feedback in the messages[24,25,74,75].
For instance, this regarded positive or negative feedback and
feedback in which someone’sresults were compared to someone
else’s or to their own previous results. In addition, 7% (2/27)
of the projects personalized the level of difficulty of PAs
[79,80], meaning that the difficulty of PAs was aligned with
the capabilities of the participants.

In total, 9 different personalized persuasive strategies were
incorporated into the developed interventions: reminders, goal
setting, monitoring, motivational messages, feedback, social
comparison, PA suggestions, education, and PA that fits
capabilities. Most projects that personalized the timing of
messages (3/5, 60%) included reminders[24,48,51]. Moreover,
goal setting [18], monitoring [18,56], and feedback [56] were
applied inthisgroup. Most projectsthat personalized the content
of messages (11/17, 65%) used PA suggestions as a persuasive
strategy [21,57,58,60-67]. Of those projects, 18% (2/11) aso
personalized feedback and used social comparison [66] and
education [67]. Feedback was personalized in another 15%
(4/27) of the projects [19,70-72], and education was the
persuasive strategy in another project [22]. The remaining
project focused on personalized goal setting [69]. All projects
that personalized the type of messages (4/27, 15%) included
feedback as a persuasive strategy [24,25,74,75]. In addition,
they included motivational messages [24], monitoring, and
social comparison [68]. The 7% (2/27) of the projects that
personalized the difficulty of PA used PA suggestions that fit
the participants’ capabilities as a persuasive strategy [79,80].
This means that, for instance, easier PAs were suggested when
previous activities appeared to be too hard for the participants.

ML Methods

The ML methods that were implemented in the PA-promoting
interventions can be divided into 3 categories: RL, SL, and UL.
A variety of methods was used within these categories. To start
with, 30% (8/27) of the projects used RL. These projects
regarded personalized timing of reminders [24,48,49,51],
personalized feedback types [24,25,74,75], personaized PA
suggestions [60], and personalized difficulty of PAs[79]. Most
(6/8, 86%) used RL based on contextual bandit or MAB
problems [24,25,48,60,74,75]. MDP was the basis for the
remaining projects that implemented RL algorithms to
personalize their persuasive strategies [24,51,79]. One of the
projects combined both strategies [24]. Except for project
Personalization Paradox, all projects reported the specific RL
technique that was used to personalize the persuasive strategies.
All projects implemented other specific RL techniques:
customized version of dligibility traces[24], policy gradient RL
[51], deep RL [79], IntelligentPooling [48], Exponential-weight
algorithm for Exploration and Exploitation (EXP3) [60],
Thompson sampling [25], and linear regression with Bolzmann
sampling [74].

SL was implemented in 56% (15/27) of the projects, and they
al used SL for classification. These projects included
personalized timing of monitoring and feedback messages
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[18,56]; personalized level of difficulty of PA [80]; and
personalizing the content of the messages, including
personalized PA suggestions [57,58,61-67], education [22,67],
and feedback [19,67,70-72]. A variety of techniqueswas applied
inthe group that used SL: logistic regression [18], random forest
(RF) [56,70], neura networks (NNs) [58,63,80], k-nearest
neighbor [57], decisiontree (DT) [22,62,66,71,80], naive Bayes
[72], case-based reasoning [67], and support vector machine
[19,61,64,65]. A total of 19% (5/27) of the projects, which
applied SL, combined this with UL for RS [22,57,61,62,66].
Except for 1, al of them personalized the content of the
messages. Most (4/5, 80%) used collaborative filtering
[22,57,62,66], whereas one project used content-based filtering
[61]. In addition, 7% (2/27) of the projects combined SL with
UL for clustering using hierarchical clustering with Gower
distance [21] and Balanced Iterative Reducing and Clustering
Using Hierarchies online clustering [60]. Only 4% (1/27) of the
projectsimplemented UL for RS without SL [69]. They used a
contextual MAB approach to personalize goal setting.

Study Outcomes

A total of 22% (6/27) of the projects had PA-related outcomes
as the main study results. In total, 67% (4/6) of these projects
compared the PA-related outcome between an M L-personalized
intervention and a nonpersonalized intervention [60,66,74,75].
In 75% (3/4) of these projects, the ML-personalized version
performed better in terms of performed PA than the
nonpersonalized version[60,66,74]. Thisdifference wasreported
to be significant with respectively P=.05 [60] and P=.04 [74]
in 67% (2/3) of the projects. No significant difference in PA
levelswas found in the remaining project, although asignificant
difference (P=.004) in motivation was found in favor of the
ML-personalized intervention [75]. In addition, 15% (4/27) of
the projects found positive effects regarding PA when using the
ML-personalized intervention without comparison to a
nonpersonalized intervention. Improved step count [48],
increased time spent on exercises[58], and successful motivation
of participantsto increase PA levels[62] werereported. Finaly,
4% (1/27) of the projects reported that personalizing the
difficulty of PAsin an exergame helped keep participantsin a
state of flow [79].

Intotal, 33% (9/27) of the projects reported outcomes regarding
their devel oped algorithm as the main study results. A total of
56% (5/9) of these projects focused on the accuracy of their
classifications. Accurate PA recommendations with 75% [57],
70% [65], and 92% [64] accuracy were reported, aswell asan
accuracy of 90% for predicting personalized educational content
[22] and 70% for predicting the need for motivational feedback
[56]. Moreover, an accuracy of 93% for predicting the
probability of achieving adaily step goa [55] and an F;-score
of 62% for predicting the performed PAs [71] were found. In
addition, 11% (1/9) of the projects reported a mean average
error of —17 to +17 minutes per week on the prediction of
performed exercise [63]. A total of 22% (2/9) of the projects
reported the response time after a message. The average time
of performing PA after receiving a recommendation was
between 3 and 40 minutesin one of the projects [61], whereas
66.7% of the PAs were performed within 5 hours after the
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reminder in another project [51]. The latter also reported that
83.3% of the reminders provoked PA.

Only 19% (5/27) of the projects compared specific ML
techniques, all comparing techniques from the same type of
ML. One study reported that the number of messages needed
to achieve agoal waslower for the MDP RL agorithm than for
general RL agorithms[24]. In total, 40% (2/5) of the projects
compared DT with another classifier. DT was preferred over
bidirectional long short-term memory (BiLSTM) in one of those
projects [71], whereas NNs achieved better results in the other
project [80]. DT, logistic regression, support vector machine,
and k-nearest neighbor were compared in 40% (2/5) of the
projects. In the first project, DT performed best [64]. In the
second project, adaptive boosting, NNs, stochastic gradient
descent, and RF were added to the comparison, and RF
performed best [70].

Of the 21 projectsthat reported results, 16 (76%) achieved this
withreal users[18,22,48,51,57,58,60-62,65,66,70,74,75,79,80],
whereas the remaining 5 (24%) did so in simulations
[24,56,63,64,71]. A total of 11% (3/27) of the projects did
describe the design and a protocol for evaluation, but no results
had been published yet [25,67,69]. In total, 7% (2/27) of the
projects described the design, but no evaluation plan was found
[19,21]. One project did evaluate the intervention, but no
outcome regarding PA or the devel oped algorithm was di scussed
[72].

Other Findings

Only 30% (8/27) of the projects [19,24,51,57,60,67,69,75]
reported the underlying theories that supported the choice of
their implemented persuasive strategies. Most mentioned
behavior change techniques as the basis for their intervention.
Although not all studies reported specific behavior change
techniques, the Fogg Behavior Model [81]; the Capability,
Opportunity, and Motivation-Behavior (COM-B) model [82];
and self-determination theory [83,84] were mentioned several
times. In addition, the social cognitive theory [85], the theory
of social comparison by Buunk [86], and the theory of planned
behavior [87] were included.

Most interventions (16/27, 59%) were designed as mobile phone
apps. Only 11% (3/27) of the projects developed a web
application. Except for 4% (1/27) of the projects, no human
interaction, for instance, with a health care professional, was
implemented. The project that did choose a hybrid version
instead of a stand-alone digital intervention enabled contact
with ahuman sports coach [56]. A total of 3 of theinterventions
included gamification elements, of which 2 (67%) developed
an exergame with personalized difficulty of PA in the game.
Regarding the input features for the ML agorithms, most were
based on sensor data such as performed PA, heart rate, and
location. In addition, phone log information, questionnaire
results, and personal characteristicswere used asinput features.
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Categorization Overview

In the included projects, we searched for differences and
similarities in severa characteristics: the dimension of
personalization, implemented persuasive strategies, intervention
target group, ML category and method, ML technique, and
study outcome. Clear categories regarding the dimension of
persondlization and overlapping approachesregarding persuasive
strategies and ML methods were found, whereas no categories
could be established for the target group, study type, and study
outcome. Regarding the target group, not enough differences
were found to split the projects into categories. On the other
hand, regarding the study outcome and ML technique, too many
differences were found to propose categories at thislevel.

Thus, our categorization overview, shown in Figure 2
[17,18,20-23,45,48,51,56-58,61-68,71,72,75], consists of 3
levels: dimension of personalization, persuasive strategy, and
ML method. For thefirst level, 4 dimensions of personalization
were found in the included projects: the timing, content, and
type of messages and the level of difficulty of PA. Asonly 7%
(2/27) of the projects personalized the level of difficulty of PA
[79,80] and both implemented another type of ML, there was
not enough support to include this dimension of personalization
in our framework. Therefore, the dimension of personalization
level consists of timing, content, and type of messages.

For the timing of messages, the persuasive strategies were
divided into 2 groups: the timing of reminders and the timing
of messages regarding feedback, monitoring, and goal setting.
RL was implemented in the 3 projects in this category that
personalized the timing of reminders [24,48,51]. SL for
classification was used in both projects[18,56] that persondized
the timing of messages with feedback, monitoring, or
goal-setting information. The difference in methods between
the timing of reminders and that of feedback, monitoring, and
goal-setting information might be explained by the idea that
reminders often need to be sent at a specific time or time frame
related to alot of activities, whereas feedback, monitoring, and
goal-setting messages are often sent at atimeframeonly related
to the performed PA. The latter kind of messages should be
sent, for instance, during, directly after, or 15 minutes after
performing PA, which can be trandated to 3 categories and,
therefore, issuitablefor solving using SL for classification. On
the other hand, reminders for PA should be sent, for example,
after 2 hours of inactivity on Tuesday mornings, 10 minutes
after taking the bus on Thursday evenings, and also at 8:05 AM
on Saturdays. RL is suitable to solve such specific timing
problems. Moreover, with RL, the algorithm can be improved
over time with additional information, such asthe time between
the reminder and the actual performed PA. This can be done
without training the whole dataset again, which would have
been the case when using SL.
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Figure2. Proposed categorization overview as astarting point for choosing machinelearning methods when implementing adaptive persuasive strategies
in mobile heath interventions that promote physical activity [18,19,21,22,24,25,48,51,56-58,61-67,70-73,75]. RL: reinforcement learning; RS:

recommender system; SL: supervised learning; UL : unsupervised learning.
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Regarding personalizing the content of the messages, 2 groups
of persuasive strategies were found. For personalizing both PA
suggestions and feedback or educational messages, SL for
classification was used in most projects (15/17, 88%). To
personalize PA suggestions, either SL or SL combined with UL
for RSwasimplemented most often. This category is supported
by 82% (9/11) of the projects in this group, which performed
SL [57,58,61-67], of which 44% (4/9) combined SL for
classficationwith UL for RS[57,61,62,65]. SL for classification
can be used to predict which activities are the best fit to the
participants’ needs and characteristics, such as age, current PA
level, or disease. When thereis, for instance, alarge number of
PAs that can be suggested, SL can be combined with RS to
improve the recommendations over time based on feedback
from the user regarding the quality of the recommendation. The
predictions that are performed using SL can then be used as a
starting point. Regarding personalizing the content of feedback
or educational messages, most projects in this category (6/8,
75%) only implemented SL [19,22,67,70-72]. For example, this
can be used to predict which educational topics or feedback
messages regarding the performed PA are suitable. The number
of options for these types of messages is often much smaller
than the number of possible PA suggestions. As RSs are
particularly useful in selecting personalized items from alarge
dataset, improvement of the resultsusing an RS isless suitable
for personalizing feedback messages or educational topicsthan
for personalizing PA suggestions. For this reason, and because
only 17% (1/6) of the projectsin this group combined SL with
RS [22], we did not include this combination in our
categorization.

Regarding the personalization of the type of messages, only
feedback was found as a persuasive strategy. To personalize
the type of feedback messages, all 4 projects implemented RL
[24,25,74,75]. This, for instance, can be used to predict whether
a participant’s motivation is best improved using positive,
neutral, or negative feedback. When RL is implemented, the
algorithm can be improved over time without retraining or
relabeling.

https://www.jmir.org/2024/1/e47774

Discussion

Principal Findings

The objective of our study was to provide an overview of ML
methods used to personalize persuasive strategies in
PA-promoting interventions and present a categorization
overview based on these findings as a starting point for
implementing ML methodsin thisfield. We analyzed the details
of the developed PA interventions, the implemented
personalized persuasive strategies, the ML methods used, and
the results of 40 studies belonging to 27 projects. These papers
could be categorized based on the dimensions of personalization,
which resulted in 4 groups. For each dimension, 1 or 2
persuasive strategy categories were found and linked to ML
methods.

On the basis of these included papers and dimensions found,
we provided a categorization overview, now consisting of three
layers. (1) the dimension of personalization, (2) the personalized
persuasive strategy, and (3) the ML method. To personalize the
timing of reminders, RL was mostly implemented, whereas SL
for classification wasimplemented most often for personalizing
the timing of messages regarding feedback, monitoring, and
goal setting. For personalizing the content of PA suggestions
and feedback or educational messages, most projects (15/17,
88%) implemented SL for classification as well. Regarding
personalized PA suggestions, thiswasimplemented either alone
or combined with UL for RS. Finaly, RL was often
implemented to personalize the type of feedback messages. The
categorization overview can be a starting point in using ML to
personalize persuasive strategies in PA-promoting mHealth
interventions.

Strengths, Limitations, and Opportunities

A strength of our study is the systematic analysis of multiple
mHealth interventions using personalized persuasive strategies
with ML to promote PA. We analyzed the persuasive strategies
and ML methods of 27 projects on several levels. Inherent to
conducting a scoping review, we did not consider the quality
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of the studies, which could have led to biased results. Moreover,
weinitially intended to only include projectsthat had published
results. Although all these projects showed positive results on
their own outcome measures, we were not able to compare the
results because the outcome measures differed widely.
Therefore, we decided to aso include projects that had not
published results yet. This additional information was in line
with the projects that had published results and, therefore,
resulted in a stronger support for the presented categorization
overview. However, it is a limitation that this categorization
overview could only be based on the number of interventions
inwhich ML methodswereimplemented and that effectiveness
and performance differences were not considered. When more
projects publish their results in the future, this could lead to
enough comparable information regarding study outcomes so
that recommendations based on the effectiveness of particular
ML methods can be made. Moreover, challenges faced, such
as data availability, interpretability, privacy concerns, and
performance differences between data collection and labeling
approaches, could then be discussed. Other aspects that might
be elaborated more on in the future when more information is
published are the underlying theories that support the choice of
implemented persuasive strategies and the use of human contact
to personalize persuasive strategies in health care settings. It is
remarkable that, for now, only 30% (8/27) of the projects
described such underlying theories and only 4% (1/27) of the
projects implemented the possibility to have contact with a
human being.

The need for more studies publishing performance or
effectiveness to compare study outcomeswas also discussed in
the studies of Goh et al [16] and Chaudhari et a [37]. Goh et
al [16] performed a scoping review on ML techniques to
personalize interventions for health and well-being, including
PA, and mentioned that more studies should examine
interventionsin amore mature, devel opmental stageto appraise
the impacts of such interventions more prudently and
confidently. Chaudhari et al [37] only studied personalized
timing of PA-promoting messages and aso included
personalization without ML. However, they also discussed that
more studies evaluating the effectiveness of the interventions
are required to learn which aspects of personalization are
promising.

Although we have carefully formulated our inclusion criteria
and constructed our search strategy, such restrictions always
result in excluding interesting papers and information. For future
research, it might be interesting to explore how ML techniques
have been used to personalize persuasive strategies specifically.
Moreover, the search could be extended to more specific
databases regarding health care and behavior change. To widen
the perspective, it might also be compelling to compare ML
methods and persuasive strategiesin PA-promoting interventions
with thosein interventionsthat focus on other domains of health
promotion.

Because we used ASReview, we could efficiently screen alot
of papers, and we were able to focus on the content rather than
on irrelevant metadata. A strength of our study is the dataset
with all labels and reasons for exclusion. This improves the
reproducibility of our study, and this information is useful for
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future meta-reviews. However, a limitation is that the trained
ASReview models could not be extracted from the ASReview
program.

The proposed categorization overview now has 3 levels: the
dimension of personalization, persuasive strategy, and type of
ML. As the objective of our study was to provide a
categorization overview as a starting point for implementing
ML to personalize persuasive strategies in PA-promoting
interventions, we chose to present the dimension of
personalization as the first level. Adding a level on top of this
to guidein choosing personalized persuasive strategiesisoutside
the scope of our study. A lot of work has already been published
inthisfield, for instance, studiesthat addresstheimplementation
of effective persuasive strategies [6-8] and the effect of
personalized interventions [9-12]. At first, we wanted to add a
fourth level to our categorization overview to further specify
the ML methods by recommending specific ML techniques.
However, not enough overlapping techniqueswerefound in the
included projectsto support thisinformation for all dimensions
of personalization. The only ML technique that had enough
support was collaborative filtering as UL method for an RS to
personalize the content of PA suggestions. The number of
choices per level was defined by the analyzed projects. We
found 3 different dimensions of personalization with enough
support and, for each dimension, 1 or 2 persuasive strategies
with several supporting projects. Remarkably, these 3
dimensions concerned messages. This might indicate that
messages are useful for personalization. A possible explanation
might be that contact with the participant is the basis of alot of
persuasive strategies. In an mHealth intervention, such contact
is often replaced by digital messages.

The current categorization overview might already be helpful
for future designers, developers, and researchers that plan to
implement ML for personalizing persuasive strategies in
PA-promoting interventions. However, the categorization
overview is expected to be extended when the results of more
interventions are published. For instance, more choices per level
with new dimensions of personalization, such as personalizing
the level of difficulty of PA, or persuasive strategies could be
added. Moreover, afourth level might then be added to specify
ML methods by categorizing ML techniques. It would be
interesting to study whether specific ML techniques can be
linked to features such as the kind of data used for
personalization, the target group, the specific intervention goal,
or the underlying psychological theories. In addition, it would
be interesting to explore whether large language models will
be used more often to personalize the content of messages now
that generative artificial intelligence has become available to
the public and has recently shown promising results.

Oyebode et al [38] conducted a review on ML techniques in
personalized systemsfor health and well-being. Although they
did not focus on persuasive strategies, they did discuss
PA-promoting interventions specifically. Our resultsarein line
with theirs, although we included 40 papers belonging to 27
projects, whereas they included 8 papers regarding PA. In
addition, they gave some recommendations. These regarded
general implementation challenges, such as data quality— and
infrastructure-rel ated issues. When designing new personalized
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persuasive PA-promoting interventions, it might be helpful to
combine our categorization overview with their
recommendations. This leads us to another important strength
of our study: the provided categorization overview. We did not
only show an insightful overview of ML methods used but also
categorized this information as a starting point for the design
and development of ML-personalized PA interventions.

Bronset al

content of messages, most projects implemented either SL or
both SL and RS for PA suggestions and SL for feedback or
educational messages. When personalizing the type of feedback
messages, most projects implemented RL algorithms. The
provided categorization overview can be used asastarting point
in the design and development of personalized persuasive
strategies to promote PA. When more of such mHealth

intervention results are published in the future, the categorization
overview might be expanded with specific ML techniques or
with additional dimensions of personalization and persuasive
strategies, such as personalizing the level of difficulty of PA.
Moreover, when more results regarding performance or
effectiveness are published, recommendations might be given
on which ML methods to implement.

Conclusions

Our categorization overview framework links 3 dimensions of
personalization and several persuasive strategiesto implemented
ML methods. Regarding the timing of messages, RL was
implemented most often to personalize the timing of reminders,
and SL wasimplemented to personalize the timing of feedback,
monitoring, and goal-setting messages. When personalizing the

Acknowledgments

This work was supported by the Institute for Preventive Health and the artificial intelligence program of the EWUU alliance of
Eindhoven University of Technology, Wageningen University & Research, Utrecht University, and University Medical Center
Utrecht.

Conflictsof I nterest
None declared.

Multimedia Appendix 1

PRISMA-ScR (Preferred Reporting Itemsfor Systematic Reviews and Meta-Analyses extension for Scoping Reviews) checklist.
[PDE File (Adobe PDF File), 91 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Search query.
[PDE File (Adobe PDF File), 177 KB-Multimedia A ppendix 2]

References

1.  WHO factsheet physical activity. World Health Organization (WHO). URL: https://www.who.int/news-room/fact-sheets/
detail/physical-activity [accessed 2022-10-24]

2. Miller AM, Alley S, Schoeppe S, Vandelanotte C. The effectiveness of e- and mHealth interventions to promote physical
activity & healthy dietsin developing countries: a systematic review. Int J Behav Nutr Phys Act. Oct 10, 2016;13(1):109.
[FREE Full text] [doi: 10.1186/s12966-016-0434-2] [Medline: 27724911]

3. Gd R,May AM, van Overmeeren EJ, Simons M, Monninkhof EM. The effect of physical activity interventions comprising
wearabl es and smartphone applications on physical activity: a systematic review and meta-analysis. Sports Med Open. Sep
03, 2018;4(1):42. [FREE Full text] [doi: 10.1186/s40798-018-0157-9] [Medline: 30178072]

4. Direito A, Carraga E, Rawstorn J, Whittaker R, Maddison R. mHealth technologies to influence physical activity and
sedentary behaviors. behavior change techniques, systematic review and meta-analysis of randomized controlled trials.
Ann Behav Med. Apr 18, 2017;51(2):226-239. [doi: 10.1007/s12160-016-9846-0] [Medline: 27757789]

5.  Fiedler J, Eckert T, Wunsch K, Woll A. Key facets to build up eHealth and mHealth interventions to enhance physical
activity, sedentary behavior and nutrition in healthy subjects - an umbrellareview. BMC Public Health. Oct 23,
2020;20(1):1605. [FREE Full text] [doi: 10.1186/s12889-020-09700-7] [Medline: 33097013]

6.  Eckerstorfer LV, Tanzer NK, Vogrincic-Haselbacher C, Kedia G, Brohmer H, Dindlaken |, et al. Key elements of mHealth
interventionsto successfully increase physical activity: meta-regression. IMIR Mhealth Uhealth. Nov 12, 2018;6(11):€10076.
[FREE Full text] [doi: 10.2196/10076] [Medline: 30425028]

7. DominA, Spruijt-Metz D, Theisen D, OuzzahraY, Vogele C. Smartphone-based interventions for physical activity
promotion: scoping review of the evidence over thelast 10 years. IMIR Mhealth Uhealth. Jul 21, 2021;9(7):e24308. [FREE
Full text] [doi: 10.2196/24308] [Medline: 34287209]

8. Michie S, Abraham C, Whittington C, McAteer J, Gupta S. Effective techniques in healthy eating and physical activity
interventions: a meta-regression. Health Psychol. 2009;28(6):690-701. [doi: 10.1037/A0016136]

9. DavisA, Sweigart R, EllisR. A systematic review of tailored mHealth interventionsfor physical activity promotion among
adults. Transl Behav Med. Oct 12, 2020;10(5):1221-1232. [doi: 10.1093/tbm/ibz190] [Medline: 33044542]

https://www.jmir.org/2024/1/e47774 JMed Internet Res 2024 | vol. 26 | e47774 | p. 15

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v26i1e47774_app1.pdf&filename=ff4bda640f9b0e1dc83031175e828973.pdf
https://jmir.org/api/download?alt_name=jmir_v26i1e47774_app1.pdf&filename=ff4bda640f9b0e1dc83031175e828973.pdf
https://jmir.org/api/download?alt_name=jmir_v26i1e47774_app2.pdf&filename=a677c7ac32b4064a5c020c2a6cef7584.pdf
https://jmir.org/api/download?alt_name=jmir_v26i1e47774_app2.pdf&filename=a677c7ac32b4064a5c020c2a6cef7584.pdf
https://www.who.int/news-room/fact-sheets/detail/physical-activity
https://www.who.int/news-room/fact-sheets/detail/physical-activity
https://ijbnpa.biomedcentral.com/articles/10.1186/s12966-016-0434-2
http://dx.doi.org/10.1186/s12966-016-0434-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27724911&dopt=Abstract
http://europepmc.org/abstract/MED/30178072
http://dx.doi.org/10.1186/s40798-018-0157-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30178072&dopt=Abstract
http://dx.doi.org/10.1007/s12160-016-9846-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27757789&dopt=Abstract
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-020-09700-7
http://dx.doi.org/10.1186/s12889-020-09700-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33097013&dopt=Abstract
http://mhealth.jmir.org/2018/11/e10076/
http://dx.doi.org/10.2196/10076
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30425028&dopt=Abstract
https://mhealth.jmir.org/2021/7/e24308/
https://mhealth.jmir.org/2021/7/e24308/
http://dx.doi.org/10.2196/24308
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34287209&dopt=Abstract
http://dx.doi.org/10.1037/A0016136
http://dx.doi.org/10.1093/tbm/ibz190
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33044542&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Brons et a

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

BarettaD, Perski O, Steca P. Exploring users experiences of the uptake and adoption of physical activity apps: longitudinal
qualitative study. IMIR Mhealth Uhealth. Feb 08, 2019;7(2):e11636. [FREE Full text] [doi: 10.2196/11636] [Medline:
30735143]

Sporrel K, Nibbeling N, Wang S, EttemaD, Simons M. Unraveling mobile health exercise interventions for adults: scoping
review on the implementations and designs of persuasive strategies. IMIR Mhealth Uhealth. Jan 18, 2021;9(1):€16282.
[FREE Full text] [doi: 10.2196/16282] [Medline: 33459598]

Krebs P, Prochaska JO, Rossi JS. A meta-analysis of computer-tailored interventionsfor health behavior change. Prev Med.
2010;51(3-4):214-221. [FREE Full text] [doi: 10.1016/j.ypmed.2010.06.004] [Medline: 20558196]

Kreuter MW, Skinner CS. Tailoring: what's in a name? Health Educ Res. Feb 2000;15(1):1-4. [FREE Full text] [Medline:
10788196]

Beck C, McSweeney JC, Richards KC, Roberson PK, Tsai P, Souder E. Challengesin tailored intervention research. Nurs
Outlook. 2010;58(2):104-110. [FREE Full text] [doi: 10.1016/j.outlook.2009.10.004] [Medline: 20362779]

Gosetto L, Ehrler F, Falquet G. Personalization dimensions for mHealth to improve behavior change: a scoping review.
Stud Health Technol Inform. Nov 23, 2020;275:77-81. [doi: 10.3233/SHT1200698] [Medline: 33227744]

Goh YS, Ow Yong JQ, Chee BQ, Kuek JH, Ho CS. Machine learning in health promotion and behavioral change: scoping
review. JMed Internet Res. Jun 02, 2022;24(6):e35831. [FREE Full text] [doi: 10.2196/35831] [Medline: 35653177]
Craig KJ, Morgan LC, Chen C, Michie S, Fusco N, Snowdon JL, et al. Systematic review of context-aware digital behavior
change interventions to improve health. Trand Behav Med. May 25, 2021;11(5):1037-1048. [EREE Full text] [doi:
10.1093/tbm/ibaa099] [Medline: 33085767]

MishraV, Kinzler F, Kramer N, Fleisch E, Kowatsch T, Kotz D. Detecting receptivity for mHealth interventionsin the
natural environment. Proc ACM Interact Mob Wearable Ubiquitous Technol. Jun 2021;5(2):74. [FREE Full text] [doi:
10.1145/3463492] [Medline: 34926979]

Prabhu G, Kuklyte J, Gualano L, Venkataraman K, Ahmadi A, Duff O, et al. Design and development of the MedFit app:
amobile application for cardiovascular disease rehabilitation. In: Proceedings of the 7th International Conference on
Wireless Mobile Communication and Healthcare. 2017. Presented at: MobiHesalth '17; November 14-15, 2017:20-28;
Vienna, Austria. URL : https:/link.springer.com/chapter/10.1007/978-3-319-98551-0 3 [doi: 10.1007/978-3-319-98551-0_3]
Elhadd T, Mall R, Bashir M, Palotti J, Fernandez-Luque L, Farooq F, et al. for PROFA ST-Ramadan Study Group. Artificial
Intelligence (Al) based machine learning models predict glucose variability and hypoglycaemiarisk in patients with type
2 diabetes on a multiple drug regimen who fast during Ramadan (the PROFAST - IT ramadan study). Diabetes Res Clin
Pract. Nov 2020;169:108388. [ FREE Full text] [doi: 10.1016/].diabres.2020.108388] [Medline: 32858096]

Li Z,Das S, CodellaJ, Hao T, Lin K, Maduri C, et al. An adaptive, data-driven personalized advisor for increasing physical
activity. [EEE JBiomed Health Inform. May 2019;23(3):999-1010. [doi: 10.1109/JBHI.2018.2879805] [Medline: 30418890]
Cerén-RiosG, Lépez DM, Blobel B. Architecture and user-context models of CoCare: acontext-aware mobile recommender
system for health promotion. Stud Health Technol Inform. 2017;237:140-147. [Medline: 28479557]

Hardeman W, Houghton J, Lane K, Jones A, Naughton F. A systematic review of just-in-time adaptive interventions
(JTAIs) to promote physical activity. Int JBehav Nutr Phys Act. Apr 03, 2019;16(1):31. [FREE Full text] [doi:
10.1186/s12966-019-0792-7] [Medline: 30943983]

Goniil S, Namli T, Cosar A, Toroslu 1. A reinforcement learning based algorithm for personalization of digital, just-in-time,
adaptiveinterventions. Artif Intell Med. May 2021;115:102062. [doi: 10.1016/j.artmed.2021.102062] [Medline: 34001322]
AguileraA, FigueroaCA, Hernandez-Ramos R, Sarkar U, Cemballi A, Gomez-Pathak L, et a. mHealth app using machine
learning to increase physical activity in diabetes and depression: clinical trial protocol for the DIAMANTE Study. BMJ
Open. Aug 20, 2020;10(8):e034723. [FREE Full text] [doi: 10.1136/bmjopen-2019-034723] [Medline: 32819981]

Carter DD, Robinson K, Forbes J, Hayes S. Experiences of mobile health in promoting physical activity: a qualitative
systematic review and meta-ethnography. PL0S One. 2018;13(12):e0208759. [FREE Full text] [doi:

10.1371/journal .pone.0208759] [Medline: 30557396]

Maonninghoff A, Kramer JN, Hess AJ, Ismailova K, Teepe GW, Tudor Car L, et al. Long-term effectiveness of mHealth
physical activity interventions: systematic review and meta-analysis of randomized controlled trials. JMed Internet Res.
Apr 30, 2021;23(4):e26699. [FREE Full text] [doi: 10.2196/26699] [Medline: 33811021]

Lee AM, Chavez S, Bian J, Thompson LA, Gurka MJ, Williamson VG, et al. Efficacy and effectiveness of mobile health
technologies for facilitating physical activity in adolescents. scoping review. IMIR Mhealth Uhealth. Feb 12,
2019;7(2):€11847. [FREE Full text] [doi: 10.2196/11847] [Medline: 30747716]

Bohm B, Karwiese SD, Bohm H, Oberhoffer R. Effects of mobile health including wearable activity trackersto increase
physical activity outcomes among healthy children and adolescents: systematic review. IMIR Mhealth Uhealth. Apr 30,
2019;7(4):e8298. [FREE Full text] [doi: 10.2196/mhealth.8298] [Medline: 31038460]

McGarrigleL, Todd C. Promotion of physical activity in older people using mHealth and eHealth technol ogies: rapid review
of reviews. JMed Internet Res. Dec 29, 2020;22(12):€22201. [FREE Full text] [doi: 10.2196/22201] [Medline: 33372894]
Yerrakalva D, YerrakalvaD, Hajna S, Griffin S. Effects of maobile health app interventions on sedentary time, physical
activity, and fitnessin older adults: systematic review and meta-analysis. JMed Internet Res. Nov 28, 2019;21(11):e14343.
[FREE Full text] [doi: 10.2196/14343] [Medline: 31778121]

https://www.jmir.org/2024/1/e47774 JMed Internet Res 2024 | vol. 26 | e47774 | p. 16

(page number not for citation purposes)


https://mhealth.jmir.org/2019/2/e11636/
http://dx.doi.org/10.2196/11636
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30735143&dopt=Abstract
https://mhealth.jmir.org/2021/1/e16282/
http://dx.doi.org/10.2196/16282
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33459598&dopt=Abstract
http://europepmc.org/abstract/MED/20558196
http://dx.doi.org/10.1016/j.ypmed.2010.06.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20558196&dopt=Abstract
http://her.oxfordjournals.org/cgi/pmidlookup?view=long&pmid=10788196
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10788196&dopt=Abstract
http://europepmc.org/abstract/MED/20362779
http://dx.doi.org/10.1016/j.outlook.2009.10.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20362779&dopt=Abstract
http://dx.doi.org/10.3233/SHTI200698
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33227744&dopt=Abstract
https://doi
http://dx.doi.org/10.2196/35831
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35653177&dopt=Abstract
https://europepmc.org/abstract/MED/33085767
http://dx.doi.org/10.1093/tbm/ibaa099
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33085767&dopt=Abstract
https://europepmc.org/abstract/MED/34926979
http://dx.doi.org/10.1145/3463492
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34926979&dopt=Abstract
https://link.springer.com/chapter/10.1007/978-3-319-98551-0_3
http://dx.doi.org/10.1007/978-3-319-98551-0_3
https://linkinghub.elsevier.com/retrieve/pii/S0168-8227(20)30641-0
http://dx.doi.org/10.1016/j.diabres.2020.108388
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32858096&dopt=Abstract
http://dx.doi.org/10.1109/JBHI.2018.2879805
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30418890&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28479557&dopt=Abstract
https://ijbnpa.biomedcentral.com/articles/10.1186/s12966-019-0792-7
http://dx.doi.org/10.1186/s12966-019-0792-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30943983&dopt=Abstract
http://dx.doi.org/10.1016/j.artmed.2021.102062
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34001322&dopt=Abstract
https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=32819981
http://dx.doi.org/10.1136/bmjopen-2019-034723
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32819981&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0208759
http://dx.doi.org/10.1371/journal.pone.0208759
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30557396&dopt=Abstract
https://www.jmir.org/2021/4/e26699/
http://dx.doi.org/10.2196/26699
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33811021&dopt=Abstract
https://mhealth.jmir.org/2019/2/e11847/
http://dx.doi.org/10.2196/11847
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30747716&dopt=Abstract
https://mhealth.jmir.org/2019/4/e8298/
http://dx.doi.org/10.2196/mhealth.8298
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31038460&dopt=Abstract
https://www.jmir.org/2020/12/e22201/
http://dx.doi.org/10.2196/22201
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33372894&dopt=Abstract
https://www.jmir.org/2019/11/e14343/
http://dx.doi.org/10.2196/14343
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31778121&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Brons et a

32.

33.

35.

36.

37.

38.

39.

40.

41.

42.

43.

45,

46.

47.

48.

49,

50.

51.

52.

53.

Monteiro-Guerra F, Rivera-Romero O, Fernandez-Luque L, Caulfield B. Personalization in real-time physical activity
coaching using mobile applications: a scoping review. |EEE J Biomed Health Inform. Jun 2020;24(6):1738-1751. [doi:
10.1109/jbhi.2019.2947243]

MaJK, Floegel TA, Li LC, Leese J, De VeraMA, Beauchamp MR, et a. Tailored physical activity behavior change
interventions: challenges and opportunities. Transl Behav Med. Dec 14, 2021;11(12):2174-2181. [FREE Full text] [doi:
10.1093/tbm/ibab106] [Medline: 34424344]

Ghanvatkar S, Kankanhalli A, Rajan V. User modelsfor personalized physical activity interventions: scoping review. IMIR
Mhealth Uhealth. Jan 16, 2019;7(1):€11098. [FREE Full text] [doi: 10.2196/11098] [Medline: 30664474]

Aldenaini N, Orji R, Sampalli S. How effectiveis personalization in persuasive interventions for reducing sedentary behavior
and promoting physical activity: a systematic review. In: Proceedings of the 15th International Conference on Persuasive
Technology. 2020. Presented at: Persuasive '20; January 28-29, 2020:15; Aalborg, Denmark. URL: https:/tinyurl.com/
yc66wbju [doi: 10.3389/fcomp.2020.00019]

Daryabeygi-Khotbehsara R, Shariful Islam SM, Dunstan D, McVicar J, Abdelrazek M, Maddison R. Smartphone-based
interventions to reduce sedentary behavior and promote physical activity using integrated dynamic models: systematic
review. JMed Internet Res. Sep 13, 2021;23(9):e26315. [FREE Full text] [doi: 10.2196/26315] [Medline: 34515637]
Chaudhari S, Ghanvatkar S, Kankanhalli A. Personalization of intervention timing for physical activity: scoping review.
JMIR Mhealth Uhealth. Feb 28, 2022;10(2):e31327. [FREE Full text] [doi: 10.2196/31327] [Medline: 35225811]
Oyebode O, Fowles J, Steeves D, Orji R. Machine learning techniques in adaptive and personalized systems for health and
wellness. Int JHum Comput Interact. Jul 27, 2022;39(9):1938-1962. [doi: 10.1080/10447318.2022.2089085]

Munn Z, Peters MD, Stern C, Tufanaru C, McArthur A, Aromataris E. Systematic review or scoping review? Guidance
for authors when choosing between a systematic or scoping review approach. BMC Med Res Methodol. Nov 19,
2018;18(1):143. [FREE Full text] [doi: 10.1186/s12874-018-0611-x] [Medline: 30453902]

Tricco AC, Lillie E, Zarin W, O'Brien KK, Colquhoun H, Levac D, et al. PRISMA extension for scoping reviews
(PRISMA-ScR): checklist and explanation. Ann Intern Med. Oct 02, 2018;169(7):467-473. [EREE Full text] [doi:
10.7326/M 18-0850] [Medline: 30178033]

Arksey H, O'Malley L. Scoping studies: towards amethodol ogical framework. Int J Soc Res M ethodol. Feb 2005;8(1):19-32.
[doi: 10.1080/1364557032000119616]

Levac D, Colquhoun H, O'Brien KK. Scoping studies: advancing the methodology. Implement Sci. Sep 20, 2010;5:69.
[FREE Full text] [doi: 10.1186/1748-5908-5-69] [Medline: 20854677]

van de Schoot R, de Bruin J, Schram R, Zahedi P, de Boer J, WeijdemaF, et al. An open source machine learning framework
for efficient and transparent systematic reviews. Nat Mach Intell. Feb 01, 2021;3(2):125-133. [doi:
10.1038/S42256-020-00287-7]

van de Schoot R, de Bruin J. Researcher-in-the-loop for systematic reviewing of text databases. Zenodo. 2020. URL: https:/
[zenodo.org/records/4013207 [accessed 2024-04-29]

Ferdinands G, Schram R, de Bruin J, Bagheri A, Oberski D, TummersL, et al. Active learning for screening prioritization
in systematic reviews: a simulation study. OSF. Preprint posted online August 10, 2020. [FREE Full text] [doi:
10.31219/0sf .io/w6gbg]

van de Schoot R, de Bruin J, Schram R. ASReview: active learning for systematic reviews (v0.13.2). Zenodo. URL : https:/
[zenodo.org/records/4158671 [accessed 2024-04-29]

sw1989/ ML-methods-for-mHealth. GitHub. URL : https://github.com/sw1989/M L -methods-for-mHealth/tree/main [accessed
2024-04-29]

Tomkins S, Liao P, Klasnja P, Murphy S. IntelligentPooling: practical thompson sampling for mHealth. Mach Learn. Sep
21, 2021;110(9):2685-2727. [FREE Full text] [doi: 10.1007/s10994-021-05995-8] [Medline: 34621105]

Liao P, Greenewald K, Klasnja P, Murphy S. Personalized HeartSteps: a reinforcement learning algorithm for optimizing
physical activity. Proc ACM Interact Mob Wearable Ubiquitous Technol. Mar 18, 2020;4(1):1-22. [FREE Full text] [doi:
10.1145/3381007] [Medline: 34527853]

Glachs D, Namli T, Strohmeier F, Rodriguez Suarez G, SluisM, Delgado-ListaJ, et a. A predictive model-based decision
support system for diabetes patient empowerment. Stud Health Technol Inform. May 27, 2021;281:963-968. [doi:
10.3233/SHT1210321] [Medline: 34042816]

Wang S, Sporrel K, van Hoof H, Simons M, de Boer RD, EttemaD, et al. Reinforcement learning to send reminders at
right momentsin smartphone exercise application: afeasibility study. Int JEnviron Res Public Health. Jun 04, 2021;18(11):23.
[EREE Full text] [doi: 10.3390/ijerph18116059] [Medline: 34199880]

Wang S, Zhang C, Krdse B, van Hoof H. Optimizing adaptive notifications in mobile health interventions systems:
reinforcement learning from a data-driven behavioral simulator. JMed Syst. Oct 18, 2021;45(12):102. [FREE Full text]
[doi: 10.1007/s10916-021-01773-0] [Medline: 34664120]

Sporrel K, DeBoer RD, Wang S, Nibbeling N, Simons M, Deutekom M, et al. The design and devel opment of a personalized
leisure time physical activity application based on behavior change theories, end-user perceptions, and principles from
empirical datamining. Front Public Health. 2020;8:528472. [FREE Full text] [doi: 10.3389/fpubh.2020.528472] [Medline:
33604321]

https://www.jmir.org/2024/1/e47774 JMed Internet Res 2024 | vol. 26 | e47774 | p. 17

(page number not for citation purposes)


http://dx.doi.org/10.1109/jbhi.2019.2947243
https://europepmc.org/abstract/MED/34424344
http://dx.doi.org/10.1093/tbm/ibab106
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34424344&dopt=Abstract
https://mhealth.jmir.org/2019/1/e11098/
http://dx.doi.org/10.2196/11098
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30664474&dopt=Abstract
https://tinyurl.com/yc66wbju
https://tinyurl.com/yc66wbju
http://dx.doi.org/10.3389/fcomp.2020.00019
https://www.jmir.org/2021/9/e26315/
http://dx.doi.org/10.2196/26315
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34515637&dopt=Abstract
https://mhealth.jmir.org/2022/2/e31327/
http://dx.doi.org/10.2196/31327
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35225811&dopt=Abstract
http://dx.doi.org/10.1080/10447318.2022.2089085
https://bmcmedresmethodol.biomedcentral.com/articles/10.1186/s12874-018-0611-x
http://dx.doi.org/10.1186/s12874-018-0611-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30453902&dopt=Abstract
https://www.acpjournals.org/doi/abs/10.7326/M18-0850?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.7326/M18-0850
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30178033&dopt=Abstract
http://dx.doi.org/10.1080/1364557032000119616
https://implementationscience.biomedcentral.com/articles/10.1186/1748-5908-5-69
http://dx.doi.org/10.1186/1748-5908-5-69
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20854677&dopt=Abstract
http://dx.doi.org/10.1038/S42256-020-00287-7
https://zenodo.org/records/4013207
https://zenodo.org/records/4013207
https://osf.io/preprints/osf/w6qbg
http://dx.doi.org/10.31219/osf.io/w6qbg
https://zenodo.org/records/4158671
https://zenodo.org/records/4158671
https://github.com/sw1989/ML-methods-for-mHealth/tree/main
https://europepmc.org/abstract/MED/34621105
http://dx.doi.org/10.1007/s10994-021-05995-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34621105&dopt=Abstract
https://europepmc.org/abstract/MED/34527853
http://dx.doi.org/10.1145/3381007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34527853&dopt=Abstract
http://dx.doi.org/10.3233/SHTI210321
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34042816&dopt=Abstract
https://www.mdpi.com/resolver?pii=ijerph18116059
http://dx.doi.org/10.3390/ijerph18116059
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34199880&dopt=Abstract
https://europepmc.org/abstract/MED/34664120
http://dx.doi.org/10.1007/s10916-021-01773-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34664120&dopt=Abstract
https://europepmc.org/abstract/MED/33604321
http://dx.doi.org/10.3389/fpubh.2020.528472
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33604321&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Brons et a

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

65.

66.

67.

68.

69.

70.

71.

72.

73.

Kramer JN, Kiinzler F, Mishra V, Presset B, Kotz D, Smith S, et al. Investigating intervention components and exploring
states of receptivity for a smartphone app to promote physical activity: protocol of a microrandomized trial. IMIR Res
Protoc. Jan 31, 2019;8(1):€11540. [FREE Full text] [doi: 10.2196/11540] [Medline: 30702430]

Kinzler F, MishraV, Kramer JN, Kotz D, Fleisch E, Kowatsch T. Exploring the state-of -receptivity for mHealth interventions.
Proc ACM Interact Mob Wearable Ubiquitous Technol. Dec 11, 2019;3(4):1-27. [FREE Full text] [doi: 10.1145/3369805]
[Medline: 36159209]

Filloni P, PirasL, Boratto L, Carta S, Fenu G, Mulas F. Recommendation in persuasive eHealth systems: an effective
strategy to spot users’ losing motivation to exercise. In: Proceedings of the 11th ACM Conference on Recommender
Systems. 2017. Presented at: RecSys '17; August 27-31, 2017:6-9; Como, Italy. URL: https:/iris.unica.it/bitstream/11584/
243730/1/healthRecSys17_paper_5.pdf

Erdeniz SP, Menychtas A, Maglogiannis |, Felfernig A, Tran TN. Recommender systemsfor 10T enabled quantified-self
applications. Evol Syst. Oct 30, 2019;11(2):291-304. [doi: 10.1007/S12530-019-09302-8]

LoWL, Lei D, Li L, Huang DF, Tong KF. The perceived benefits of an artificial intelligence-embedded mobile app
implementing evidence-based guidelinesfor the self-management of chronic neck and back pain: observational study. IMIR
Mhealth Uhealth. Nov 26, 2018;6(11):€198. [FREE Full text] [doi: 10.2196/mhealth.8127] [Medline: 30478019]

Rabbi M, Aung MH, Zhang M, Choudhury T. MyBehavior: automatic personalized health feedback from user behaviors
and preferences using smartphones. In: Proceedings of the 2015 ACM International Joint Conference on Pervasive and
Ubiquitous Computing. 2015. Presented at: UbiComp '15; September 7-11, 2015:707-718; Osaka, Japan. URL : https://dl.
acm.org/doi/10.1145/2750858.2805840 [doi: 10.1145/2750858.2805840]

Rabbi M, Pfammatter A, Zhang M, Spring B, Choudhury T. Automated personalized feedback for physical activity and
dietary behavior change with mobile phones: arandomized controlled trial on adults. IMIR Mhealth Uhealth. 2015;3(2):e42.
[FREE Full text] [doi: 10.2196/mhealth.4160] [Medline: 25977197]

Banos O, Bilal Amin M, Ali Khan W, Afzal M, Hussain M, Kang BH, et al. The Mining Minds digital health and wellness
framework. Biomed Eng Online. Jul 15, 2016;15 Suppl 1:76. [FREE Full text] [doi: 10.1186/s12938-016-0179-9] [Medline:
27454608]

Dharia S, Eirinaki M, Jain V, Patel J, Varlamis|, Vora J, et al. Social recommendations for personalized fitness assistance.
Pers Ubiquit Comput. Jun 29, 2017;22(2):245-257. [doi: 10.1007/S00779-017-1039-8]

Sansrimahachai W. Personalized walking exercise support system for elderly based on machine learning. In: Proceedings
of the 17th International Joint Conference on Computer Science and Software Engineering. 2020. Presented at: JCSSE '20;
November 4-6, 2020:6-11; Bangkok, Thailand. URL : https://ieeexpl ore.ieee.org/document/9268327 [doi:
10.1109/jcsse49651.2020.9268327]

Jamil F, Kahng HK, Kim S, Kim DH. Towards secure fitness framework based on 10T-enabled blockchain network integrated
with machine learning algorithms. Sensors (Basdl). Feb 26, 2021;21(5):1-31. [FREE Full text] [doi: 10.3390/s21051640]
[Medline: 33652773]

Zhao Z, Arya A, Orji R, Chan G. Physical activity recommendation for exergame player modeling using machine learning
approach. In: Proceedings of the 8th I nternational Conference on Serious Games and Applicationsfor Health. 2020. Presented
at: SeGAH '20; August 12-14, 2020:1-9; Vancouver, BC. URL: https.//ieeexpl ore.ieee.org/document/9201820 [doi:
10.1109/segah49190.2020.9201820]

Suh MK, Nahapetian A, Woodbridge J, Rofouel M, Sarrafzadeh M. Machine learning-based adaptive wireless interval
training guidance system. Mobile Netw Appl. Jun 30, 2011;17(2):163-177. [doi: 10.1007/S11036-011-0331-5]

Mork PJ, Bach K, selfBACK Consortium. A decision support system to enhance self-management of low back pain: protocol
for the selfBACK project. IMIR Res Protoc. Dec 20, 2018;7(7):e167. [FREE Full text] [doi: 10.2196/resprot.9379] [Medline:
30030208]

Sandal LF, Stochkendahl MJ, Svendsen MJ, Wood K, @verds CK, Nordstoga AL, et al. An app-delivered self-management
program for people with low back pain: protocol for the selfBACK randomized controlled trial. IMIR Res Protoc. Dec 03,
2019;8(12):e14720. [FREE Full text] [doi: 10.2196/14720] [Medline: 31793897]

Pelle T, Bevers K, van der Palen J, van den Hoogen FH, van den Ende CH. Development and evaluation of atailored
e-self-management intervention (dr. Bart app) for knee and/or hip osteoarthritis: study protocol. BMC Muscul oskel et Disord.
Aug 31, 2019;20(1):398. [FREE Full text] [doi: 10.1186/s12891-019-2768-9] [Medline: 31472687]

Dijkhuis TB, Blaauw FJ, van Ittersum MW, Velthuijsen H, Aiello M. Personalized physical activity coaching: a machine
learning approach. Sensors (Basdl). Feb 19, 2018;18(2):1. [FREE Full text] [doi: 10.3390/s18020623] [Medline: 29463052]
Kadri N, Ellouze A, Ksantini M. Recommendation system for human physical activities using smartphones. In: Proceedings
of the 2nd International Conference on Computer and Information Sciences. 2020. Presented at: |CCIS '20; October 13-15,
2020:1-4; Sakaka, Saudi Arabia. URL: https.//ieeexplore.ieee.org/document/9257671 [doi: 10.1109/iccisA49240.2020.9257671]
Lane ND, Lin M, Mohammod M, Yang X, Lu H, Cardone G, et al. BeWell: sensing sleep, physical activities and social
interactions to promote wellbeing. Mobile Netw Appl. Jan 9, 2014;19(3):345-359. [doi: 10.1007/S11036-013-0484-5]
Hochberg I, Feraru G, Kozdoba M, Mannor S, Tennenholtz M, Yom-Tov E. Encouraging physical activity in patients with
diabetes through automatic personalized feedback via reinforcement learning improves glycemic control. Diabetes Care.
Apr 2016;39(4):€59-e60. [doi: 10.2337/dc15-2340] [Medline: 26822328]

https://www.jmir.org/2024/1/e47774 JMed Internet Res 2024 | vol. 26 | e47774 | p. 18

(page number not for citation purposes)


https://www.researchprotocols.org/2019/1/e11540/
http://dx.doi.org/10.2196/11540
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30702430&dopt=Abstract
https://europepmc.org/abstract/MED/36159209
http://dx.doi.org/10.1145/3369805
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36159209&dopt=Abstract
https://iris.unica.it/bitstream/11584/243730/1/healthRecSys17_paper_5.pdf
https://iris.unica.it/bitstream/11584/243730/1/healthRecSys17_paper_5.pdf
http://dx.doi.org/10.1007/S12530-019-09302-8
https://mhealth.jmir.org/2018/11/e198/
http://dx.doi.org/10.2196/mhealth.8127
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30478019&dopt=Abstract
https://dl.acm.org/doi/10.1145/2750858.2805840
https://dl.acm.org/doi/10.1145/2750858.2805840
http://dx.doi.org/10.1145/2750858.2805840
http://mhealth.jmir.org/2015/2/e42/
http://dx.doi.org/10.2196/mhealth.4160
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25977197&dopt=Abstract
https://biomedical-engineering-online.biomedcentral.com/articles/10.1186/s12938-016-0179-9
http://dx.doi.org/10.1186/s12938-016-0179-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27454608&dopt=Abstract
http://dx.doi.org/10.1007/S00779-017-1039-8
https://ieeexplore.ieee.org/document/9268327
http://dx.doi.org/10.1109/jcsse49651.2020.9268327
https://www.mdpi.com/resolver?pii=s21051640
http://dx.doi.org/10.3390/s21051640
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33652773&dopt=Abstract
https://ieeexplore.ieee.org/document/9201820
http://dx.doi.org/10.1109/segah49190.2020.9201820
http://dx.doi.org/10.1007/S11036-011-0331-5
http://www.researchprotocols.org/2018/7/e167/
http://dx.doi.org/10.2196/resprot.9379
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30030208&dopt=Abstract
https://www.researchprotocols.org/2019/12/e14720/
http://dx.doi.org/10.2196/14720
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31793897&dopt=Abstract
https://bmcmusculoskeletdisord.biomedcentral.com/articles/10.1186/s12891-019-2768-9
http://dx.doi.org/10.1186/s12891-019-2768-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31472687&dopt=Abstract
https://www.mdpi.com/resolver?pii=s18020623
http://dx.doi.org/10.3390/s18020623
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29463052&dopt=Abstract
https://ieeexplore.ieee.org/document/9257671
http://dx.doi.org/10.1109/iccis49240.2020.9257671
http://dx.doi.org/10.1007/S11036-013-0484-5
http://dx.doi.org/10.2337/dc15-2340
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26822328&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Brons et a

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

85.

86.

87.

Yom-Tov E, Feraru G, Kozdoba M, Mannor S, Tennenholtz M, Hochberg |. Encouraging physical activity in patients with
diabetes: intervention using areinforcement learning system. JMed Internet Res. Oct 10, 2017;19(10):€338. [FREE Full
text] [doi: 10.2196/jmir.7994] [Medline: 29017988]

Zhu J, Dalla DH, Gray RC, Villareale J, Ontafidn S, Forman EM, et al. Personalization paradox in behavior change apps:
lessons from a social comparison-based personalized app for physical activity. Proc ACM Hum Comput Interact. Apr 22,
2021;5(CSCW1):1-21. [doi: 10.1145/3449190]

FigueroaCA, Luo TC, Jacobo A, Munoz A, Manuel M, Chan D, et a. Conversational physical activity coachesfor Spanish
and English speaking women: a user design study. Front Digit Health. Oct 8, 2021;3:747153. [EREE Full text] [doi:
10.3389/fdgth.2021.747153] [Medline: 34713207]

Figueroa CA, Deliu N, Chakraborty B, Modiri A, Xu J, Aggarwal J, et a. Daily motivational text messages to promote
physical activity in university students: resultsfrom amicrorandomized trial. Ann Behav Med. Mar 11, 2022;56(2):212-218.
[doi: 10.1093/abm/kaab028] [Medline: 33871015]

Figueroa CA, Aguilera A, Chakraborty B, Modiri A, Aggarwal J, Deliu N, et al. Adaptive learning algorithmsto optimize
mobile applications for behavioral health: guidelines for design decisions. JAm Med Inform Assoc. Jun 12,
2021;28(6):1225-1234. [FREE Full text] [doi: 10.1093/jamia/ocab001] [Medline: 33657217]

Huber T, Mertes S, Rangelova S, Flutura S, André E. Dynamic difficulty adjustment in virtual reality exergames through
experience-driven procedural content generation. In: Proceedings of the 2021 IEEE Symposium Series on Computational
Intelligence. 2021. Presented at: SSCI '21; December 5-7, 2021:1-8; Orlando, FL. URL : https.//ieeexpl ore.ieee.org/document/
9660086 [doi: 10.1109/SSCI50451.2021.9660086]

Aguilar JD, Guzman DE, Rengifo CF, Chalapud LM, Guzman JD. Proposal of a game with dynamic difficulty adjustment
from physiological signalsin the context of an exergame. In: Proceedings of the 40th Central America and Panama
Convention. 2022. Presented at: CONCAPAN '22; November 9-12,2021:1-6; Panama City, Panama. URL : https.//ieeexplore.
ieee.org/document/9997775 [doi: 10.1109/CONCAPAN48024.2022.9997775]

Fogg BJ. Persuasive Technology: Using Computers to Change What We Think and Do. San Francisco, CA. Morgan
Kaufmann Publishers; 2010.

Michie S, van Stralen MM, West R. The behaviour change wheel: anew method for characterising and designing behaviour
change interventions. Implement Sci. 2011;6:42. [FREE Full text] [doi: 10.1186/1748-5908-6-42] [Medline: 21513547]
Deci EL, Ryan RM. The"What" and "Why" of goal pursuits: human needs and the self-determination of behavior. Psychol
Ing. Oct 2000;11(4):227-268. [doi: 10.1207/s15327965pli1104 01]

Ryan RM, Deci EL. Self-determination theory and the facilitation of intrinsic motivation, social development, and well-being.
American Psychologist. 2000;55(1):68-78. [doi: 10.1037/0003-066X.55.1.68]

Bandura A. Social cognitive theory: an agentic perspective. Annu Rev Psychol. Feb 2001;52:1-26. [doi:
10.1146/annurev.psych.52.1.1] [Medline: 11148297]

Buunk BP. Comparison direction and comparison dimension among disabled individuals: toward arefined conceptualization
of social comparison under stress. Pers Soc Psychol Bull. Apr 01, 1995;21(4):316-330. [doi: 10.1177/0146167295214002]
Ajzen |. From intentions to actions: a theory of planned behavior. In: Khul J, Beckmann J, editors. Action Control: From
Cognition to Behavior. Berlin, Germany. Springer; 1985:11-39.

Abbreviations

BiLSTM: bidirectional long short-term memory

COM-B: Capahility, Opportunity, and Motivation—Behavior

DT: decision tree

EXP3: Exponential-weight algorithm for Exploration and Exploitation
MAB: multi-armed bandit

MDP: Markov decision process

mHealth: mobile health

ML: machinelearning

NN: neural network

PA: physica activity

PRISMA-ScR: Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension for Scoping
Reviews

RF: random forest

RL: reinforcement learning

RS: recommender system

SL: supervised learning

UL: unsupervised learning

https://www.jmir.org/2024/1/e47774 JMed Internet Res 2024 | vol. 26 | e47774 | p. 19

(page number not for citation purposes)


https://www.jmir.org/2017/10/e338/
https://www.jmir.org/2017/10/e338/
http://dx.doi.org/10.2196/jmir.7994
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29017988&dopt=Abstract
http://dx.doi.org/10.1145/3449190
https://europepmc.org/abstract/MED/34713207
http://dx.doi.org/10.3389/fdgth.2021.747153
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34713207&dopt=Abstract
http://dx.doi.org/10.1093/abm/kaab028
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33871015&dopt=Abstract
https://europepmc.org/abstract/MED/33657217
http://dx.doi.org/10.1093/jamia/ocab001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33657217&dopt=Abstract
https://ieeexplore.ieee.org/document/9660086
https://ieeexplore.ieee.org/document/9660086
http://dx.doi.org/10.1109/SSCI50451.2021.9660086
https://ieeexplore.ieee.org/document/9997775
https://ieeexplore.ieee.org/document/9997775
http://dx.doi.org/10.1109/CONCAPAN48024.2022.9997775
http://www.implementationscience.com/content/6//42
http://dx.doi.org/10.1186/1748-5908-6-42
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21513547&dopt=Abstract
http://dx.doi.org/10.1207/s15327965pli1104_01
http://dx.doi.org/10.1037/0003-066X.55.1.68
http://dx.doi.org/10.1146/annurev.psych.52.1.1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11148297&dopt=Abstract
http://dx.doi.org/10.1177/0146167295214002
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Brons et a

Edited by A Mavragani; submitted 05.04.23; peer-reviewed by P Gorp, M Smons, M Swartz, R Safa; comments to author 17.09.23;
revised version received 07.01.24; accepted 23.07.24; published 15.11.24

Please cite as:

Brons A, Wang S, Visser B, Krose B, Bakkes S, Veltkamp R

Machine Learning Methods to Personalize Persuasive Strategies in mHealth Interventions That Promote Physical Activity: Scoping
Review and Categorization Overview

J Med Internet Res 2024;26:e47774

URL: https.//wwww.jmir.org/2024/1/e47774

doi: 10.2196/47774

PMID:

©Annette Brons, Shihan Wang, Bart Visser, Ben Krose, Sander Bakkes, Remco Veltkamp. Originally published in the Journal
of Medical Internet Research (https.//www.jmir.org), 15.11.2024. This is an open-access article distributed under the terms of
the Creative Commons Attribution License (https.//creativecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work, first published in the Journal of Medical Internet
Research (ISSN 1438-8871), is properly cited. The complete bibliographic information, a link to the original publication on
https://mwww.jmir.org/, as well as this copyright and license information must be included.

https://www.jmir.org/2024/1/e47774 JMed Internet Res 2024 | vol. 26 | e47774 | p. 20
(page number not for citation purposes)

RenderX


https://www.jmir.org/2024/1/e47774
http://dx.doi.org/10.2196/47774
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

