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Abstract

Understanding and optimizing adolescent-specific engagement with behavior change interventions will open doors for providers
to promote healthy changes in an age group that is simultaneously difficult to engage and especially important to affect. For
digital interventions, there is untapped potential in combining the vastness of process-level data with the analytical power of
artificial intelligence (AI) to understand not only how adolescents engage but also how to improve upon interventions with the
goal of increasing engagement and, ultimately, efficacy. Rooted in the example of the INSPIRE narrative-centered digital health
behavior change intervention (DHBCI) for adolescent risky behaviors around alcohol use, we propose a framework for harnessing
AI to accomplish 4 goals that are pertinent to health care providers and software developers alike: measurement of adolescent
engagement, modeling of adolescent engagement, optimization of current interventions, and generation of novel interventions.
Operationalization of this framework with youths must be situated in the ethical use of this technology, and we have outlined the
potential pitfalls of AI with particular attention to privacy concerns for adolescents. Given how recently AI advances have opened
up these possibilities in this field, the opportunities for further investigation are plenty.
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Introduction

Adolescence is characterized by an increase in risky behaviors
that contribute to leading causes of injury and death [1].
Preventive interventions that provide education and counseling
are recommended by the American Academy of Pediatrics to
reduce risky behaviors and promote adolescent health [1-4].
However, adolescents’access to such services is often low [5-7].
At the same time, adolescents use technology at higher rates
than any other age group [8,9] and endorse comfort with
technology in health care settings [10,11]. As such, the field of

adolescent health has begun to turn to technology to improve
the reach and effectiveness of preventive interventions for
adolescent health behavior change [5,12-21]. While this early
work is promising, there remains a significant untapped
opportunity to leverage digital health behavior change
interventions (DHBCIs) for adolescent health [5,14,16].

DHBCIs are designed to promote behavior change through
many of the same mechanisms as traditional behavior change
interventions, such as enhancing motivation and engagement,
building skills, and increasing knowledge and self-efficacy
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[22-25]. Engagement, in particular, is a key predictor of
intervention effectiveness [25-27] and is an area where the
affordances of digital technology may render DHBCIs
advantageous over traditional behavior change interventions
[19]. At the same time, adolescent engagement and its
association with intervention effectiveness are not fully
understood [28]. Several frameworks have been generated to
illuminate and measure engagement with DHBCIs [29-32], but
they stop short of elucidating the role of rapidly advancing
computing technologies in this arena.

Artificial Intelligence and Machine
Learning Can Enhance Adolescent
DHBCIs

Recent advances in artificial intelligence (AI), and particularly
machine learning, show significant promise for enriching the
design and effectiveness of DHBCIs for adolescent behavior
change [33]. AI is creating new opportunities for
technology-based personalization and increased responsiveness
to users across a range of sectors, including education [34,35],
entertainment [36], and increasingly, health care [37]. Advances
in AI also hold significant potential for better understanding
and supporting adolescent engagement with DHBCIs [33]. A
key source of engagement data and an enabler of AI
functionalities in DHBCIs is interaction trace log data. As
adolescents engage with a DHBCI, a detailed record of their
moment-to-moment interactions with the technology can be
captured (eg, user taps, button clicks, and mouse movements).
Interaction trace log data generated by adolescent use of a
DHBCI enables the collection of fine-grained information on
user engagement. These data can be used to augment
self-reported data, illuminating the processes and mechanisms
of engagement with DHBCIs, as well as to drive AI models to
flexibly support increased adolescent engagement in real time.

In looking at the future of DHBCIs, this paper presents
AI-driven Mechanisms for Ethical Enhancement of Engagement
(AIM-EEE), a framework for the design and implementation
of DHBCIs that harnesses the potential of process-level data
from adolescent interactions with technology and the analytical
power of AI. AIM-EEE characterizes how AI techniques can
be used to dynamically tailor DHBCIs to individual adolescents,
deeply inform the design of DHBCIs, and provide analytics to
care providers to further support and enhance care.

The AIM-EEE framework outlines 4 key roles for AI in DHBCIs
for adolescent engagement, using measurement, modeling,
optimization, and generation. The framework is situated in a
call for increased attention to crucial ethical concerns that arise
when using AI technologies, especially those related to privacy,
algorithmic fairness, transparency, and accountability. We
illustrate the framework using the example of INSPIRE [16], a
narrative-centered behavior change environment designed to
reduce adolescent alcohol use, to envision how AI can be
leveraged to enhance adolescent engagement with DHBCIs and
promote adolescent preventive health across domains of
behavioral health. We conclude by arguing for more
transdisciplinary research on the design and implementation of

adolescent-specific DHBCIs that leverage the emerging
capabilities of AI to support adolescent engagement and achieve
the goal of improving adolescent health and well-being.

Engagement in the Context of DHBCIs

Engagement is multidimensional, with cognitive, behavioral,
affective, and social components [38,39]. Behavioral
frameworks aiming to illuminate and measure multidimensional
engagement with DHBCIs, such as Cole-Lewis and colleagues’
delineation of engagement with the intervention itself (“Little
e”) and engagement in skills and behaviors the intervention
aims to promote (“Big E”), provide a useful foundation [29-32].
However, such frameworks are not developmental, as they do
not account for many rapidly evolving adolescent contextual
and user attributes, which may not be fully captured in
traditional self-report or behavioral measures [40-42].

In contrast to a one-size-fits-all approach to designing DHBCIs,
AI-driven adaptivity aligns with the need for flexibility in
accounting for adolescent engagement processes during a fluid
phase of development. There is a natural alignment between
the requirements of an adolescent-specific framework for
engagement and the affordances of AI-driven technologies [19].
Specifically, AI technologies support personalization by
applying machine learning techniques to measure user states
and attributes [43,44], model patterns of user engagement [45],
tailor responses to users’ needs and preferences [46,47], and
generate entirely new content for interventions [48].

Several frameworks allude to the utility of AI and machine
learning as logical next steps for measuring and analyzing in
vivo engagement in DHBCIs, but they stop short of exploring
how AI will serve in these roles and do not elucidate upon the
issues raised by the introduction of AI technologies. To this
end, computational frameworks have provided an initial
roadmap for using AI to measure and support adolescent
engagement with technology. For example, the AAA (advanced,
analytic, and automated) approach is an AI-based framework
for measuring engagement in educational technology [49]. This
framework, which is grounded in theories of human cognition
and affect, centers upon the use of machine learning to devise
computational models for automatically inferring learners’
engagement states based on software log data, learner
physiological data, and aspects of the environmental context.
Although the AAA framework provides a clear account of how
AI can be used to measure engagement, it does not address
related tasks such as predicting learners’ future engagement,
tailoring responses to enhance engagement, or generating newly
engaging content, which are amenable to current and emerging
AI technologies. Moreover, research on AI-based approaches
for measuring and supporting user engagement in a health care
context is limited. Rowe and Lester [33] identified promising
AI technologies to support personalized preventive adolescent
health care, including intelligent learning environments,
interactive narrative generation, user modeling, and adaptive
coaching. However, they do not address how foundational AI
techniques and health care stakeholders fit together into a
holistic picture to enhance understanding and support adolescent
engagement with DHBCIs.
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Taken together, these behavioral and computational engagement
frameworks suggest that the vast magnitude and range of
information afforded by process data (ie, interaction trace log
data), combined with AI’s capacity to analyze and model such
data, can contribute to a more nuanced and specific
understanding of multidimensional adolescent engagement with
DHBCIs and ultimately point to ways to enhance intervention
effectiveness. Although applications of AI and machine learning
can illuminate and enhance engagement in DHBCIs for
adolescents, the lack of a comprehensive model means that the
“how” remains unclear. The AIM-EEE framework synthesizes
and fills gaps in previous work by providing a map of current
(and prospective) roles and users of AI technologies in DHBCIs,
as well as major flows of interaction between them, to support
adolescent engagement in health behavior change.

INSPIRE Digital Health Behavior Change
Intervention

Before we describe the AIM-EEE framework, we describe
INSPIRE [16], a narrative-centered behavior change
environment that is currently under development through a
collaboration between the University of California, San
Francisco, and North Carolina State University. INSPIRE will
serve as an illustrative case to ground our discussion of
AI-driven DHBCIs. INSPIRE is a narrative-centered health
behavior change environment designed to help adolescents
develop strategies for managing challenging situations involving

alcohol use [16]. Adolescents are typically referred to the game
through their primary care provider. When they begin the game,
players take on the role of an adolescent protagonist, Max,
reliving the events of a social gathering involving alcohol that
goes awry (Figure 1). Over the course of multiple interactive
narrative episodes, players encounter scenarios involving peer
pressure, social norms, and alcohol-related consequences,
enabling them to practice and build self-efficacy in handling
risky health behaviors. As the episodes progress, the complexity
of decisions and consequences surrounding alcohol use
intensifies, further engaging and challenging players.

In a typical interaction with INSPIRE, the player starts by
selecting goals for the evening for the character Max. The
player’s choices, which may or may not align with their goals,
influence the narrative as it dynamically unfolds. In each
episode, players interact with a rich cast of characters, and the
storyline takes place within a realistic 3D digital environment
designed to feel authentic to adolescents. For example, in the
first episode, the player is faced with decisions about inviting
other teenagers, whom Max does not know, to come over to his
house. The player must also respond to offers of alcohol from
peers and make in-the-moment decisions about friends engaging
in risky behavior involving alcohol use. In the second episode,
the player makes decisions about navigating the social gathering
after it has spiraled out of Max’s control, including situations
that involve property damage, binge drinking, and a discussion
about driving under the influence of alcohol.

Figure 1. INSPIRE narrative-centered health behavior change environment.

INSPIRE is based on social-cognitive theory for behavior
change, with a key focus on increasing self-efficacy [16,50,51].
It is hypothesized that adolescent users’ perceived self-efficacy
can be enhanced by vicariously experiencing and practicing
handling challenging scenarios relating to alcohol use through
relatable avatars. Importantly, INSPIRE is designed to serve as
a clinician-extender, facilitating behavior change outside of the
clinic, as well as a rich source of cross-domain information on

adolescent engagement. See prior work for an in-depth
description of INSPIRE [16].

In addition to being a DHBCI for adolescent preventive health,
INSPIRE serves as a research test bed for investigating novel
AI technologies that promise to enhance understanding of
adolescent engagement and support adolescent health behavior
change, including through the collection of interaction trace log
data. In INSPIRE, the time-stamped logs show how long users
spend at decision-points, converse with digital characters,

J Med Internet Res 2023 | vol. 25 | e40306 | p. 3https://www.jmir.org/2023/1/e40306
(page number not for citation purposes)

Giovanelli et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

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


interact with in-game objects, and select and enact goal-oriented
behavior, as well as which decisions they make. In addition to
enriching insights gleaned from users’self-reported information,
these data can also be used to drive the training, testing, and
operation of AI models designed to enhance adolescent
engagement in the DHBCI.

AIM-EEE Framework

Overview
In this section, we introduce the AIM-EEE framework for the
design and implementation of AI-based DHBCIs to support
adolescent engagement in health behavior change (Figure 2).
We first describe the four key roles of AI technologies in
adolescent engagement with DHBCIs: (1) measuring adolescent

engagement, (2) modeling adolescent engagement, (3)
optimizing adolescent engagement, and (4) generating engaging
content. These roles are identified by drawing upon the empirical
literature on AI-based technologies in other domains, including
education [52,53], military training [54], and entertainment [36].
We describe ways that adolescents, clinicians, and system
designers can use AI technologies to support adolescent
engagement in DHBCIs and health behavior change more
broadly. We then discuss the important challenges and issues
raised by AI-driven DHBCIs, which point toward the need for
establishing standards and best practices for ethical AI
approaches that are infused throughout this type of work.
Finally, we raise questions regarding how these findings are
likely to translate to the adolescent preventive health care
domain and discuss key factors that may support, or potentially
limit, their generalizability.

Figure 2. The AI-Driven Mechanisms for Ethical Enhancement of Engagement (AIM-EEE) framework for the design, development, and implementation
of digital health behavior change interventions. AI: artificial intelligence.

Measurement
Machine learning enables automated measurement of adolescent
engagement during user interactions with DHBCIs. Interaction
trace log data can be analyzed using machine learning techniques
to detect different facets of user engagement, including cognitive
[44,55-57], affective [49,58,59], behavioral [60-64], and social
[65-67] components. Machine learning techniques have been
applied to measure a broad range of engagement phenomena,
including goal setting [68], learning [44], problem-solving [69],
affect [49], and reflection [65] among others. In addition, there
has been significant attention toward using machine learning
to measure disengagement with technology [63].

An important requirement of many machine learning techniques
is the availability of “labeled” data, or in this case, data that has
been annotated with example measurements of adolescent
engagement to help train the AI system. Supervised learning is
a family of machine learning techniques that uses labeled data
to train models for predicting the output associated with each
input data point [70]. When developing a computational model
to measure user engagement with supervised learning, the
training data is annotated with engagement labels, which are
typically obtained using self-report or observational methods.

By automating the process of assigning labels to new, unlabeled
data, supervised learning creates opportunities for automating
the measurement of user engagement, identifying the signatures
of cognitive, affective, behavioral, or social engagement that
can be automatically captured and recognized in interaction
trace log data. In comparison to traditional measures, machine
learning approaches offer distinctive affordances in terms of
scalability and minimal obtrusiveness, which are attractive for
studying and fostering adolescent engagement with DHBCIs.

To develop a machine learning model for measuring adolescent
engagement with a DHBCI such as INSPIRE, variables are
extracted from adolescents’ raw trace log data to serve as
indicators of adolescent engagement with INSPIRE (Little E
Engagement). These variables, also known as features, serve
as input to machine learning algorithms. In INSPIRE, features
may include the choices adolescents make while conversing
with digital characters, the types of goals that an adolescent sets
for their avatar in the digital environment, or the frequency and
duration of adolescent interactions with in-game objects, among
others. Machine learning models can be trained to analyze these
features and predict different components of engagement (eg,
interest and affect), initially measured using external instruments
(eg, questionnaires and field observations) that generalize new
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users and situations. Machine learning models can be devised
that provide coarse-grained measurements of engagement, such
as a single measurement per adolescent who has interacted with
the system, or more fine-grained measurements that track
adolescents’ moment-to-moment engagement levels with the
technology. These methods have been widely used to measure
adolescent knowledge [55], affect [58], and self-regulatory
processes [71] in narrative-centered learning environments for
K-12 education, and their generalizability to DHBCIs such as
INSPIRE is a key open question for the field. Notably, in
adolescent health care, there are many opportunities for
introducing both self-report measurements (eg, responses to
questions about quantity and frequency of past 30-day alcohol
use) and objective measurements (eg, levels of ethyl
glucuronide, a byproduct of alcohol, which can remain in the
urine for up to 5 days after alcohol consumption) to train
AI-based models for assessing adolescent engagement in
real-world behavior change (Big E engagement). These
opportunities are also not limited to adolescent health behavior
change related to alcohol. For example, for a behavioral
intervention targeting weight loss, wearable devices measuring
activity, sleep, and other indicators of behavior change, as well
as biometric indicators of obesity-related health markers, could
be used to enhance DHBCI diagnostics and insights.

Modeling
A key function of machine learning is to create computational
models that capture patterns in large, complex data sets.
Computational models can serve several purposes, such as
making future predictions about adolescent engagement as well
as examining engagement-related phenomena in greater detail.
Machine learning models of adolescent engagement can take
several different forms. Predictive models of adolescent
engagement can be trained to forecast both short-term and
long-term engagement behaviors in the future. For example, in
education, machine learning has been used to make early
predictions about how long a visitor will engage with a
game-based museum exhibit [72]. Machine learning has also
been used to predict students’ retrospective self-reports of
interest in a narrative-centered learning environment collected
shortly after interacting with the system [73]. As far as long-term
prediction, machine learning has been used to create predictive
models that analyze middle school students’ interactions with
an intelligent tutoring system to predict college enrollment
decisions and Science, Technology, Engineering, and
Mathematics career interests many years in the future [74-76].
Similarly, machine learning has been used to predict student
dropouts from school [61,77,78]. These models may require
collecting longitudinal data on adolescent behavior to obtain
labels for training engagement models using supervised learning
techniques. Many of these predictive models focus on
engagement constructs analogous to Cole-Lewis and colleagues’
“Big E” engagement [30]. In other words, the predictive models
are not only measuring engagement with the intervention (eg,
INSPIRE) but also engagement with the health behavior itself
(eg, reduction in alcohol use). Like the work on AI-based
measurement of engagement, the generalizability of AI-based
predictive modeling from education to adolescent health
behavior change is a key research question.

Machine learning techniques can also be used to uncover
complex patterns in trace log data, discovering new forms of
engagement behavior that are only apparent through data-driven
analysis of adolescent interactions with the technology. An
important family of machine learning techniques for discovering
patterns in interaction trace log data is unsupervised learning.
Unsupervised learning techniques, such as cluster analysis, do
not require labeled data and can reveal unexpected patterns in
user behavior [79]. For example, unsupervised learning
techniques have been used to uncover different strategies that
youths engage in when interacting with digital technologies,
including strategies that may not have been predicted from the
literature [80]. Another technique that recognizes sequential
patterns of unfolding behavior is called differential sequence
mining, which can be used to distinguish different groups of
users, such as high- and low-engagement users [81].

In the example of INSPIRE, investigating the creation of
predictive models of adolescent engagement in health behavior
(ie, Big E engagement and reduced alcohol use) with machine
learning techniques is a promising future direction. Similarly,
applying cluster analysis to adolescent interactions with
INSPIRE could reveal different strategies in how teens engage
with digital characters, interact with digital objects, set goals,
and self-regulate while using DHBCIs.

Optimization
A third use case for AI is incorporating dynamic personalization
functionalities into a DHBCI to improve the overall
effectiveness and enhance adolescent engagement. Specifically,
adolescent interactions with DHBCIs can be algorithmically
optimized by adapting how, when, and what type of
interventions are delivered. A family of machine learning
algorithms that has received considerable attention for this type
of task is reinforcement learning. Reinforcement learning refers
to a broad range of techniques for training a software agent to
make sequential decisions in an uncertain environment to
optimize (potentially delayed) reward [82]. This family of
algorithms has been used in domains such as automated
game-playing [83], robotic control [84], and autonomous
vehicles [85]. It has also been applied toward more
human-centered tasks, such as intelligent tutoring systems [86],
player-adaptive games [87], and increasingly, health
interventions [88]. In this latter category of tasks, reinforcement
learning has been used to drive pedagogical decisions about
how to support student problem-solving in adaptive learning
environments [47,86], guide the behavior of nonplayer agents
in computer games [89], and optimize coaching strategies and
behavior change interventions for obesity [88]. Reinforcement
learning techniques have also been used to optimize personalized
coaching interventions for health behavior change in domains
such as weight loss and physical activity [88]. For example,
Forman et al [88] investigated a reinforcement learning–based
weight loss intervention that involved twice-weekly remote
interventions consisting of phone calls, text exchanges, and
automated messages. Results indicated that the reinforcement
learning–optimized intervention was feasible to deploy,
acceptable to participants and coaches, and achieved equivalent
weight losses as alternative interventions at a significantly
reduced cost. The findings highlight the promise of using
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reinforcement learning and AI techniques more broadly for the
optimization of DHBCIs for obesity and other health behavior
change domains.

A range of factors can inform AI-driven decisions about how
to optimize components of a DHBCI at runtime, including
adolescents’ traits and interactions with the technology-based
intervention. Similarly, many different variables can be used to
serve as the optimization criteria for runtime adaptation. In
INSPIRE, reinforcement learning techniques may seek to tailor
the intervention to optimize for reducing self-reported alcohol
use, improving self-efficacy to avoid risky behaviors, or even
increasing knowledge about alcohol and its effects.
Reinforcement learning can also be used to develop policies for
optimizing a range of different components of a DHBCI. In an
intervention such as INSPIRE, reinforcement learning can be
used to guide the behaviors of a positive role model character
in the interactive narrative. Alternatively, reinforcement learning
can be used to devise models for selecting and tailoring scaffolds
that are delivered at runtime to enhance the intervention’s
effectiveness. Decisions about introducing, adapting, or
removing narrative vignettes, which represent practice
opportunities for navigating challenging situations about risky
behavior and alcohol use in INSPIRE, can be dynamically
sequenced and tailored using reinforcement learning–based
models.

Generation
Recent years have seen dramatic advances in generative AI
based upon deep learning techniques to produce synthetic
images, videos, and text that can be used for a range of functions
and applications with relevance to the design and development
of DHBCIs. For example, generative adversarial networks have
proven to be a powerful algorithmic approach for creating
synthetic images by training on an existing corpus of image
data in order to produce new images that are difficult to
distinguish from actual images [90]. Similarly, striking advances
in large language modeling techniques such as transformers
[91] and ChatGPT [92] have yielded powerful capabilities for
producing text that resembles human-authored material, both
in natural language and other forms. Research on narrative
generation has investigated methods for automatically creating
the plot structures and cinematic techniques involved in
producing compelling narrative media [93,94]. Research on
procedural content generation has focused on using a range of
algorithmic techniques to produce digital environments that
users can explore and engage with within the context of narrative
and nonnarrative games [95].

These methods can be leveraged to automatically generate the
individual components that compose narrative-centered behavior
change environments such as INSPIRE. For example, natural
language generation techniques can be used to automatically
synthesize the dialogue for digital characters in an environment
like INSPIRE so that it is contextually appropriate. Procedural
content generation techniques can be used to automatically
construct the digital environments in which the interactive
narrative events that adolescents encounter in an environment
like INSPIRE to ensure that they are novel and relevant. The
progression of story events can be based upon dynamically

synthesized story lines that have been generated by a model
trained from corpora of previous stories. Although still in their
nascent stages, these methods show significant promise in terms
of their capacity to promote novel story-based learning
experiences in narrative-centered behavior change interventions,
as well as tailor the design of the narratives to enhance
relatability to developmentally and demographically diverse
teens, which are both important factors in fostering engagement
and supporting health behavior change in adolescents.

Special Considerations for AI-Driven
DHBCIs

Who Stands to Benefit?
It is essential to consider the perspectives of different health
care stakeholders in the design and implementation of AI-driven
DHBCIs. Adolescent interactions with DHBCIs are central to
the framework. The resulting data can be used to drive AI-based
models of adolescent engagement. From an adolescent’s
perspective, AI models enable personalized health behavior
change interventions that are dynamically tailored to the
adolescent at runtime. Indeed, adolescents stand to be the
primary beneficiaries of AI technologies in DHBCIs.

DHBCI developers will also benefit from AI technology
developments in several important ways. The data-driven
insights yielded by machine learning techniques can often be
translated into design implications to inform the creation and
refinement of DHBCIs [56,71,94]. Generative AI tools also
show promise for supporting developers in the creation of
AI-driven DHBCIs, creating new possibilities for how
developers actually create DHBCIs through AI-augmented
developer tools [96] and simulated user functionalities [87].

For clinicians, the prospective role of AI in the automated
measurement and modeling of adolescent engagement creates
opportunities for generating analytics on how adolescents engage
with DHBCIs. Clinicians can use analytics to inform the care
they provide and monitor how patients engage with an
intervention. An important consideration is how analytics fit
into clinical workflows to best meet the needs of care providers
and their patients. For example, a care provider who examines
engagement analytics from an adolescent patient before their
annual checkup might use this information to inform a
discussion they have with the patient during the visit about
different types of health behavior, potential forms of risk, and
preventive strategies that promote adolescent health. These
types of analytics also promise to enrich what care providers
might know about their adolescent patients’ health behaviors,
which is necessarily limited by the relatively brief duration of
visits with patients. In effect, AI technologies provide an
opportunity for extending the reach of clinicians, enriching their
capacity to connect with and assess their patients, and expanding
the types of behavior change interventions possible through the
combination of technology and care providers.

Ethical AI in DHBCIs
While the enhancement of DHBCIs with AI and machine
learning holds promise, it is also crucial to recognize new and
rapidly evolving ethical quandaries. Ethical use of AI and
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machine learning becomes even more vital as we turn our
attention to enhancing engagement in DHBCIs [97]. In light of
these quandaries, the AIM-EEE framework is situated within
the foundational ethical principles of privacy, algorithmic
fairness, transparency, and accountability.

As AI algorithms are strengthened by an increasing volume and
variety of data, researchers are incentivized to use inconspicuous
methods of collection that maximize both. The collection of
data in a “stealth” manner, outside of the user’s awareness after
initial consent or assent, in adolescents, is made even more
complex by the requirement for the dual education of both minor
study users and their guardians, especially in web- or app-based
research where a parental consent checkbox may be one that
the adolescent themselves can click. Therefore, it is especially
important to ensure that the research community is thoughtful
about informed consent and user privacy standards while
gathering data on this population [33]. Existing evidence
suggests that both adolescents and adult users often agree to
stealth data collection without a full understanding of privacy
implications [98]. Moreover, adolescents tend to report more
concern for and confidence in regulating their social privacy
than institutional privacy (eg, use of their data by a government,
corporation, or research entity) [99,100], rendering them
particularly vulnerable to exploitation in this context [19,101].

There is also growing recognition of the importance of fairness
and encoded bias in AI systems. Special attention must be paid
to the characteristics of the developers, the data on which it was
built, and how fairly AI algorithms perform. It is well
established that biased data inputs will produce biased models,
so a nuanced understanding of how to measure and mitigate
encoded bias will be vital to ethical AI [102]. This will involve
including diverse populations in DHBCI and AI model
development, validation, and data collection not only to decrease
the risk of bias but also to broaden our understanding of how
engagement with DHBCIs varies across demographically and
developmentally varied populations. This is particularly
important for adolescents from groups historically
underrepresented in or exploited by health research [103-105].
Researchers risk underrepresenting large swaths of adolescents
and thus creating biased AI models if they do not first
proactively solicit and act on these communities’concerns about
stealth data privacy, especially as more research moves digitally.
For stealth data collection with adolescents to be truly inclusive,
useful, and ethical, the research community must establish
protocols for privacy and informed consent with stealth data,
along with an accountability infrastructure to undergird it.

Finally, transparency is critical at all stages of the AI-driven
DHBCI life cycle, including the design of AI algorithms, the
selection of tasks that AI systems are directed to solve, the
training and testing of AI models, and the practical use of AI
systems in real-world health care settings. Devising ethical
standards for reporting highly consequential variables or the
roles of distinct algorithmic processes with the intention of
providing a broader and deeper understanding of how AI
systems operate will be critical [106]. Researchers and research
users must jointly create systems of accountability that set
standards for privacy, fairness, and transparency. Without
accountability, these ethical ideals may remain just that.

Limitations and Future Directions

Many of the roles for AI that are outlined in the AIM-EEE
framework are based on the extant literature on AI applications
in related domains. There is compelling evidence suggesting
that AI systems can operate effectively across a range of
different roles for supporting adolescent learning and
engagement. Furthermore, transferring AI techniques from one
domain to another, for example, from education to adolescent
health behavior change, is central to the enterprise of AI
research. Yet, human behavior related to health presents its own
distinct sources of complexity and uniqueness. In turn, the aim
of purposing AI techniques toward supporting adolescent
engagement in health behavior change introduces myriad open
questions and challenges that merit investigation by the broader
research community. This assumption that AI techniques for
modeling adolescent engagement will successfully generalize
health behavior change is an important limitation of this work.
There is a significant need for greater research by
transdisciplinary teams of computer scientists, health care
researchers, behavior change experts, intervention designers,
and health care practitioners to demonstrate how to maximize
this generalization to different areas of adolescent health
behavior change. Developing increased research capacity and
supporting new research programs to conduct this type of work
is likely to become imperative for the field to ensure the
responsible and effective use of AI technologies for supporting
adolescent engagement in health care settings. Finally, there
are many important ethical considerations to be mapped out
and accounted for in the usage of AI systems intersecting with
the collection and analysis of health data, particularly with
adolescents.

Conclusions

The AIM-EEE framework is positioned to support researchers,
developers, and providers in understanding and leveraging
adolescent engagement in DHBCIs. AIM-EEE is rooted in the
automated, machine learning–based analysis of trace log data
that is readily generated during adolescent interactions with
DHBCIs. Log data serves to drive AI and machine learning
techniques to train and validate models that recognize patterns
of user behavior. These techniques enable the examination of
associations between self-reported engagement and in-game
behaviors, as well as a more holistic analysis of factors that may
impact user experience and engagement with both the
intervention itself and the health behaviors the intervention aims
to promote on a range of time scales. This can be harnessed for
personalization and dynamic tailoring of future user interactions,
which is particularly crucial for the fluid development
characteristic of adolescence, ultimately increasing the efficacy
of interventions such as INSPIRE through enhanced
engagement. Importantly, the use of these powerful
computational tools and techniques with youths must be
grounded in a vision of ethical AI, with attention to the myriad
privacy and accountability pitfalls inherent to the use of AI at
the forefront of innovation.

J Med Internet Res 2023 | vol. 25 | e40306 | p. 7https://www.jmir.org/2023/1/e40306
(page number not for citation purposes)

Giovanelli et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

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


Acknowledgments
The authors appreciate the important contribution of participants of the Mission Graduates Program and all adolescents engaged
in the iterative development of INSPIRE.

This research was primarily supported by the National Cancer Institute grant R01CA247705 and the National Science Foundation
grants IIS-1344803 and IIS-1344670. Additional support was provided by the Health Resources and Services Administration
(HRSA) of the U.S. Department of Health and Human Services (HHS) under cooperative agreements UA6MC27378 and
U8DMC45901, and the Maternal and Child Health (MCHB) Leadership Education in Adolescent Health Training Grant
T71MC00003.

Conflicts of Interest
None declared.

References

1. Mpofu JJ, Underwood JM, Thornton JE, Brener ND, Rico A, Kilmer G, et al. Overview and Methods for the Youth Risk
Behavior Surveillance System - United States, 2021. MMWR Suppl 2023 Apr 28;72(1):1-12 [FREE Full text] [doi:
10.15585/mmwr.su7201a1] [Medline: 37104281]

2. Hagan JF, Shaw JS, Duncan PM. Bright Futures: Guidelines for Health Supervision of Infants, Children, and Adolescents.
4th ed. Elk Grove Village, IL: American Academy of Pediatrics; 2017.

3. Solberg LI, Nordin JD, Bryant TL, Kristensen AH, Maloney SK. Clinical preventive services for adolescents. Am J Prev
Med 2009;37(5):445-454. [doi: 10.1016/j.amepre.2009.06.017]

4. The guide to clinical preventive services: recommendations of the U.S. preventive services task force. Agency for Healthcare
Quality and Research, U.S. Preventive Services Task Force. 2014. URL: https://www.ahrq.gov/sites/default/files/wysiwyg/
professionals/clinicians-providers/guidelines-recommendations/guide/cpsguide.pdf [accessed 2023-04-06]

5. Harris SK, Aalsma MC, Weitzman ER, Garcia-Huidobro D, Wong C, Hadland SE, et al. Research on clinical preventive
services for adolescents and young adults: where are we and where do we need to go? J Adolesc Health 2017;60(3):249-260
[FREE Full text] [doi: 10.1016/j.jadohealth.2016.10.005] [Medline: 28011064]

6. Irwin CE, Adams SH, Park MJ, Newacheck PW. Preventive care for adolescents: few get visits and fewer get services.
Pediatrics 2009;123(4):e565-e572. [doi: 10.1542/peds.2008-2601] [Medline: 19336348]

7. Ma J, Wang Y, Stafford RS. U.S. adolescents receive suboptimal preventive counseling during ambulatory care. J Adolesc
Health 2005;36(5):441. [doi: 10.1016/j.jadohealth.2004.08.024] [Medline: 15841517]

8. Anderson M, Jiang J. Teens, social media and technology 2018. Pew Research Center. 2018. URL: https://www.
pewresearch.org/internet/2018/05/31/teens-social-media-technology-2018/ [accessed 2021-02-07]

9. Valkenburg PM, Peter J. Online communication among adolescents: an integrated model of its attraction, opportunities,
and risks. J Adolesc Health 2011;48(2):121-127. [doi: 10.1016/j.jadohealth.2010.08.020] [Medline: 21257109]

10. Jasik CB, Berna M, Martin M, Ozer EM. Teen preferences for clinic-based behavior screens: who, where, when, and how?
J Adolesc Health 2016;59(6):722-724. [doi: 10.1016/j.jadohealth.2016.08.009] [Medline: 27884300]

11. Wozney L, McGrath PJ, Gehring ND, Bennett K, Huguet A, Hartling L, et al. eMental healthcare technologies for anxiety
and depression in childhood and adolescence: systematic review of studies reporting implementation outcomes. JMIR Ment
Health 2018;5(2):e48 [FREE Full text] [doi: 10.2196/mental.9655] [Medline: 29945858]

12. Ackerman SL, Tebb K, Stein JC, Frazee BW, Hendey GW, Schmidt LA, et al. Benefit or burden? A sociotechnical analysis
of diagnostic computer kiosks in four California hospital emergency departments. Soc Sci Med 2012;75(12):2378-2385.
[doi: 10.1016/j.socscimed.2012.09.013] [Medline: 23063214]

13. Giovanelli A, Ozer EM, Dahl RE. Leveraging technology to improve health in adolescence: a developmental science
perspective. J Adolesc Health 2020;67(2S):S7-S13 [FREE Full text] [doi: 10.1016/j.jadohealth.2020.02.020] [Medline:
32718517]

14. Irwin CEJ. Using technology to improve the health and well-being of adolescents and young adults. J Adolesc Health
2020;67(2):147-148 [FREE Full text] [doi: 10.1016/j.jadohealth.2020.05.019] [Medline: 32739018]

15. Majeed-Ariss R, Baildam E, Campbell M, Chieng A, Fallon D, Hall A, et al. Apps and adolescents: a systematic review
of adolescents' use of mobile phone and tablet apps that support personal management of their chronic or long-term physical
conditions. J Med Internet Res 2015;17(12):e287 [FREE Full text] [doi: 10.2196/jmir.5043] [Medline: 26701961]

16. Ozer EM, Rowe J, Tebb KP, Berna M, Penilla C, Giovanelli A, et al. Fostering engagement in health behavior change:
iterative development of an interactive narrative environment to enhance adolescent preventive health services. J Adolesc
Health 2020;67(2S):S34-S44 [FREE Full text] [doi: 10.1016/j.jadohealth.2020.04.022] [Medline: 32718513]

17. Tebb KP, Erenrich RK, Jasik CB, Berna MS, Lester JC, Ozer EM. Use of theory in computer-based interventions to reduce
alcohol use among adolescents and young adults: a systematic review. BMC Public Health 2016;16:517 [FREE Full text]
[doi: 10.1186/s12889-016-3183-x] [Medline: 27317330]

J Med Internet Res 2023 | vol. 25 | e40306 | p. 8https://www.jmir.org/2023/1/e40306
(page number not for citation purposes)

Giovanelli et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://www.cdc.gov/mmwr/volumes/72/su/su7201a1.htm?s_cid=su7201a1_w
http://dx.doi.org/10.15585/mmwr.su7201a1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37104281&dopt=Abstract
http://dx.doi.org/10.1016/j.amepre.2009.06.017
https://www.ahrq.gov/sites/default/files/wysiwyg/professionals/clinicians-providers/guidelines-recommendations/guide/cpsguide.pdf
https://www.ahrq.gov/sites/default/files/wysiwyg/professionals/clinicians-providers/guidelines-recommendations/guide/cpsguide.pdf
https://linkinghub.elsevier.com/retrieve/pii/S1054-139X(16)30401-3
http://dx.doi.org/10.1016/j.jadohealth.2016.10.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28011064&dopt=Abstract
http://dx.doi.org/10.1542/peds.2008-2601
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19336348&dopt=Abstract
http://dx.doi.org/10.1016/j.jadohealth.2004.08.024
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15841517&dopt=Abstract
https://www.pewresearch.org/internet/2018/05/31/teens-social-media-technology-2018/
https://www.pewresearch.org/internet/2018/05/31/teens-social-media-technology-2018/
http://dx.doi.org/10.1016/j.jadohealth.2010.08.020
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21257109&dopt=Abstract
http://dx.doi.org/10.1016/j.jadohealth.2016.08.009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27884300&dopt=Abstract
https://mental.jmir.org/2018/2/e48/
http://dx.doi.org/10.2196/mental.9655
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29945858&dopt=Abstract
http://dx.doi.org/10.1016/j.socscimed.2012.09.013
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23063214&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1054-139X(20)30094-X
http://dx.doi.org/10.1016/j.jadohealth.2020.02.020
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32718517&dopt=Abstract
https://europepmc.org/abstract/MED/32739018
http://dx.doi.org/10.1016/j.jadohealth.2020.05.019
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32739018&dopt=Abstract
https://www.jmir.org/2015/12/e287/
http://dx.doi.org/10.2196/jmir.5043
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26701961&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1054-139X(20)30209-3
http://dx.doi.org/10.1016/j.jadohealth.2020.04.022
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32718513&dopt=Abstract
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-016-3183-x
http://dx.doi.org/10.1186/s12889-016-3183-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27317330&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


18. Tebb KP, Rodriguez F, Pollack LM, Adams S, Rico R, Renteria R, et al. Improving contraceptive use among Latina
adolescents: a cluster-randomized controlled trial evaluating an mHealth application, Health-E You/Salud iTu. Contraception
2021;104(3):246-253 [FREE Full text] [doi: 10.1016/j.contraception.2021.03.004] [Medline: 33744300]

19. Wong CA, Madanay F, Ozer EM, Harris SK, Moore M, Master SO, et al. Digital health technology to enhance adolescent
and young adult clinical preventive services: affordances and challenges. J Adolesc Health 2020;67(2S):S24-S33 [FREE
Full text] [doi: 10.1016/j.jadohealth.2019.10.018] [Medline: 32718511]

20. Condon LA, Coulson NS. Designing and delivering interventions for health behavior change in adolescents using
multitechnology systems: from identification of target behaviors to implementation. In: Little L, Sillence E, Joinson A,
editors. Behavior Change Research and Theory. San Diego, CA: Academic Press; 2017:27-45.

21. Looyestyn J, Kernot J, Boshoff K, Ryan J, Edney S, Maher C. Does gamification increase engagement with online programs?
A systematic review. PLoS One 2017;12(3):e0173403 [FREE Full text] [doi: 10.1371/journal.pone.0173403] [Medline:
28362821]

22. Bandura A. Health promotion by social cognitive means. Health Educ Behav 2004;31(2):143-164. [doi:
10.1177/1090198104263660] [Medline: 15090118]

23. Donkin L, Glozier N. Motivators and motivations to persist with online psychological interventions: a qualitative study of
treatment completers. J Med Internet Res 2012;14(3):e91 [FREE Full text] [doi: 10.2196/jmir.2100] [Medline: 22743581]

24. Ritterband LM, Thorndike FP, Cox DJ, Kovatchev BP, Gonder-Frederick LA. A behavior change model for internet
interventions. Ann Behav Med 2009;38(1):18-27 [FREE Full text] [doi: 10.1007/s12160-009-9133-4] [Medline: 19802647]

25. Yardley L, Choudhury T, Patrick K, Michie S. Current issues and future directions for research into digital behavior change
interventions. Am J Prev Med 2016;51(5):814-815. [doi: 10.1016/j.amepre.2016.07.019] [Medline: 27745680]

26. Couper MP, Alexander GL, Zhang N, Little RJ, Maddy N, Nowak MA, et al. Engagement and retention: measuring breadth
and depth of participant use of an online intervention. J Med Internet Res 2010;12(4):e52 [FREE Full text] [doi:
10.2196/jmir.1430] [Medline: 21087922]

27. Yeager CM, Benight CC. If we build it, will they come? Issues of engagement with digital health interventions for trauma
recovery. Mhealth 2018;4:37 [FREE Full text] [doi: 10.21037/mhealth.2018.08.04] [Medline: 30363749]

28. Perski O, Blandford A, West R, Michie S. Conceptualising engagement with digital behaviour change interventions: a
systematic review using principles from critical interpretive synthesis. Transl Behav Med 2017;7(2):254-267 [FREE Full
text] [doi: 10.1007/s13142-016-0453-1] [Medline: 27966189]

29. Bouvier P, Sehaba K, Lavoué É. A trace-based approach to identifying users’ engagement and qualifying their
engaged-behaviours in interactive systems: application to a social game. User Model User Adap Inter 2014;24(5):413-451.
[doi: 10.1007/s11257-014-9150-2]

30. Cole-Lewis H, Ezeanochie N, Turgiss J. Understanding health behavior technology engagement: pathway to measuring
digital behavior change interventions. JMIR Form Res 2019;3(4):e14052. [doi: 10.2196/14052] [Medline: 31603427]

31. O'Brien HL, Toms EG. What is user engagement? A conceptual framework for defining user engagement with technology.
J Assoc Inf Sci Technol 2008;59(6):938-955. [doi: 10.1002/asi.20801]

32. Short CE, Rebar AL, Plotnikoff RC, Vandelanotte C. Designing engaging online behaviour change interventions: a proposed
model of user engagement. Eur Health Psychol 2015;17(1):32-38.

33. Rowe JP, Lester JC. Artificial intelligence for personalized preventive adolescent healthcare. J Adolesc Health
2020;67(2S):S52-S58 [FREE Full text] [doi: 10.1016/j.jadohealth.2020.02.021] [Medline: 32718516]

34. Baker RS. Stupid tutoring systems, intelligent humans. Int J Artif Intell Educ 2016;26(2):600-614. [doi:
10.1007/s40593-016-0105-0]

35. du Boulay B. Escape from the skinner box: the case for contemporary intelligent learning environments. Br J Educ Technol
2019;50(6):2902-2919. [doi: 10.1111/bjet.12860]

36. Yannakakis GN, Togelius J. Artificial Intelligence and Games. Vol 2. New York, NY: Springer; 2018.
37. Topol E. Deep Medicine How Artificial Intelligence Can Make Healthcare Human Again. New York: Hachette UK; 2019.
38. Appleton JJ, Christenson SL, Furlong MJ. Student engagement with school: critical conceptual and methodological issues

of the construct. Psychol Sch 2008;45(5):369-386. [doi: 10.1002/pits.20303]
39. Fredricks JA, Blumenfeld PC, Paris AH. School engagement: potential of the concept, state of the evidence. Rev Educ Res

2004;74(1):59-109. [doi: 10.3102/00346543074001059]
40. Blakemore SJ, Mills KL. Is adolescence a sensitive period for sociocultural processing? Annu Rev Psychol 2014;65:187-207.

[doi: 10.1146/annurev-psych-010213-115202] [Medline: 24016274]
41. Crone EA, Dahl RE. Understanding adolescence as a period of social-affective engagement and goal flexibility. Nat Rev

Neurosci 2012;13(9):636-650. [doi: 10.1038/nrn3313] [Medline: 22903221]
42. Piekarski DJ, Johnson CM, Boivin JR, Thomas AW, Lin WC, Delevich K, et al. Does puberty mark a transition in sensitive

periods for plasticity in the associative neocortex? Brain Res 2017;1654(Pt B):123-144 [FREE Full text] [doi:
10.1016/j.brainres.2016.08.042] [Medline: 27590721]

43. Li S, Zhao H. A survey on representation learning for user modeling. 2021 Presented at: IJCAI'20: Proceedings of the 29th
International Joint Conference on Artificial Intelligence; January 7 - 15, 2021; Yokohama, Japan p. 4997-5003. [doi:
10.24963/ijcai.2020/695]

J Med Internet Res 2023 | vol. 25 | e40306 | p. 9https://www.jmir.org/2023/1/e40306
(page number not for citation purposes)

Giovanelli et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://linkinghub.elsevier.com/retrieve/pii/S0010-7824(21)00059-7
http://dx.doi.org/10.1016/j.contraception.2021.03.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33744300&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1054-139X(19)30867-5
https://linkinghub.elsevier.com/retrieve/pii/S1054-139X(19)30867-5
http://dx.doi.org/10.1016/j.jadohealth.2019.10.018
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32718511&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0173403
http://dx.doi.org/10.1371/journal.pone.0173403
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28362821&dopt=Abstract
http://dx.doi.org/10.1177/1090198104263660
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15090118&dopt=Abstract
https://www.jmir.org/2012/3/e91/
http://dx.doi.org/10.2196/jmir.2100
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22743581&dopt=Abstract
https://europepmc.org/abstract/MED/19802647
http://dx.doi.org/10.1007/s12160-009-9133-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19802647&dopt=Abstract
http://dx.doi.org/10.1016/j.amepre.2016.07.019
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27745680&dopt=Abstract
https://www.jmir.org/2010/4/e52/
http://dx.doi.org/10.2196/jmir.1430
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21087922&dopt=Abstract
https://europepmc.org/abstract/MED/30363749
http://dx.doi.org/10.21037/mhealth.2018.08.04
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30363749&dopt=Abstract
https://europepmc.org/abstract/MED/27966189
https://europepmc.org/abstract/MED/27966189
http://dx.doi.org/10.1007/s13142-016-0453-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27966189&dopt=Abstract
http://dx.doi.org/10.1007/s11257-014-9150-2
http://dx.doi.org/10.2196/14052
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31603427&dopt=Abstract
http://dx.doi.org/10.1002/asi.20801
https://linkinghub.elsevier.com/retrieve/pii/S1054-139X(20)30095-1
http://dx.doi.org/10.1016/j.jadohealth.2020.02.021
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32718516&dopt=Abstract
http://dx.doi.org/10.1007/s40593-016-0105-0
http://dx.doi.org/10.1111/bjet.12860
http://dx.doi.org/10.1002/pits.20303
http://dx.doi.org/10.3102/00346543074001059
http://dx.doi.org/10.1146/annurev-psych-010213-115202
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24016274&dopt=Abstract
http://dx.doi.org/10.1038/nrn3313
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22903221&dopt=Abstract
https://europepmc.org/abstract/MED/27590721
http://dx.doi.org/10.1016/j.brainres.2016.08.042
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27590721&dopt=Abstract
http://dx.doi.org/10.24963/ijcai.2020/695
http://www.w3.org/Style/XSL
http://www.renderx.com/


44. Pelánek R. Bayesian knowledge tracing, logistic models, and beyond: an overview of learner modeling techniques. User
Model User-Adap Inter 2017;27(3-5):313-350. [doi: 10.1007/s11257-017-9193-2]

45. Almeda MV, Baker R. Predicting student participation in STEM careers: the role of affect and engagement during middle
school. J Educ Data Min 2020;12(2):33-47. [doi: 10.5281/zenodo.4008054]

46. Doroudi S, Aleven V, Brunskill E. Where’s the reward? Int J Artif Intell Educ 2019;29(4):568-620. [doi:
10.1007/s40593-019-00187-x]

47. Fahid FM, Rowe JP, Spain RD, Goldberg BS, Pokorny R, Lester J. Adaptively scaffolding cognitive engagement with
batch constrained deep Q-networks. In: Roll I, McNamara D, Sosnovsky S, Luckin R, Dimitrova V, editors. Artificial
Intelligence in Education. AIED 2021: Lecture Notes in Computer Science. Vol 12748. Cham: Springer; 2021:113-124.

48. Park K, Mott BW, Min W, Boyer KE, Wiebe EN, Lester JC. Generating educational game levels with multistep deep
convolutional generative adversarial networks. 2019 Presented at: 2019 IEEE Conference on Games (CoG); August 20-23,
2019; London, UK p. 1-8. [doi: 10.1109/cig.2019.8848085]

49. D'Mello S, Dieterle E, Duckworth A. Advanced, analytic, automated (AAA) measurement of engagement during learning.
Educ Psychol 2017;52(2):104-123 [FREE Full text] [doi: 10.1080/00461520.2017.1281747] [Medline: 29038607]

50. Bandura A. The explanatory and predictive scope of self-efficacy theory. J Soc Clin Psychol 1986;4(3):359-373. [doi:
10.1521/jscp.1986.4.3.359]

51. Ozer E, Bandura A. Mechanisms governing empowerment effects: A self-efficacy analysis. Journal of Personality and
Social Psychology 1990;58(3):472-486 [FREE Full text] [doi: 10.1037/0022-3514.58.3.472]

52. Chen L, Chen P, Lin Z. Artificial intelligence in education: a review. IEEE Access 2020;8:75264-75278. [doi:
10.1109/access.2020.2988510]

53. Ouyang F, Jiao P. Artificial intelligence in education: the three paradigms. Comput Educ Artif Intell 2021;2:100020. [doi:
10.1016/j.caeai.2021.100020]

54. Sinatra AM, Graesser AC, Hu X, Goodwin G, Rus V. Design Recommendations for Intelligent Tutoring Systems Vol. 10:
Strengths, Weaknesses, Opportunities and Threats (SWOT) Analysis of Intelligent Tutoring Systems. Orlando, FL: US
Army Combat Capabilities Development Command - Soldier Center; 2023.

55. Min W, Frankosky MH, Mott BW, Rowe JP, Smith A, Wiebe E, et al. DeepStealth: game-based learning stealth assessment
with deep neural networks. IEEE Trans Learn Technol 2020;13(2):312-325. [doi: 10.1109/tlt.2019.2922356]

56. Rowe E, Almeda MV, Asbell-Clarke J, Scruggs R, Baker R, Bardar E, et al. Assessing implicit computational thinking in
Zoombinis puzzle gameplay. Comput Hum Behav 2021;120:106707. [doi: 10.1016/j.chb.2021.106707]

57. Salehian KF, Hatala M, Baker RS, Teasley SD. Measuring students’ self-regulatory phases in LMS with behavior and
real-time self report. 2021 Presented at: LAK21: 11th International Learning Analytics and Knowledge Conference; April
12 - 16, 2021; Irvine, CA, USA p. 259-268. [doi: 10.1145/3448139.3448164]

58. Henderson N, Rowe J, Paquette L, Baker RS, Lester J. Improving affect detection in game-based learning with multimodal
data fusion. Cham: Springer; 2020 Presented at: Proceedings of 21st International Conference on Artificial Intelligence in
Education; July 6–10, 2020; Ifrane, Morocco p. 228-239. [doi: 10.1007/978-3-030-52237-7_19]

59. Jiang Y, Bosch N, Baker RS, Paquette L, Ocumpaugh J, Andres JMAL, et al. Expert feature-engineering vs. deep neural
networks: which is better for sensor-free affect detection? Cham: Springer; 2018 Presented at: Proceeding of 19th International
Conference on Artificial Intelligence in Education; June 27–30, 2018; London, UK p. 198-211. [doi:
10.1007/978-3-319-93843-1_15]

60. Baker RS, Berning AW, Gowda SM, Zhang S, Hawn A. Predicting K-12 dropout. J Educ Stud Placed Risk 2020;25(1):28-54.
[doi: 10.1080/10824669.2019.1670065]

61. Gardner J, Brooks C, Andres JM, Baker R. Replicating MOOC predictive models at scale. 2018 Presented at: L@S '18:
Proceedings of the Fifth Annual ACM Conference on Learning at Scale; June 26 - 28, 2018; London, UK p. 1-10. [doi:
10.1145/3231644.3231656]

62. Henderson NL, Min W, Emerson A, Rowe JP, Lee SY, Minogue J, et al. Early prediction of museum visitor engagement
with multimodal adversarial domain adaptation. 2021 Presented at: International Conference on Educational Data Mining
(EDM); June 29-July 2, 2021; Online.

63. Paquette L, Baker RS. Comparing machine learning to knowledge engineering for student behavior modeling: a case study
in gaming the system. Interact Learn Environ 2019;27(5-6):585-597. [doi: 10.1080/10494820.2019.1610450]

64. Syal S, Nietfeld JL. The impact of trace data and motivational self-reports in a game-based learning environment. Comput
Educ 2020;157:103978. [doi: 10.1016/j.compedu.2020.103978]

65. Carpenter D, Emerson A, Mott BW, Saleh A, Glazewski KD, Hmelo-Silver CE, et al. Detecting off-task behavior from
student dialogue in game-based collaborative learning. In: Bittencourt I, Cukurova M, Muldner K, Luckin R, Millán E,
editors. Artificial Intelligence in Education. Cham: Springer; 2020:55-66.

66. Schneider B, Dowell N, Thompson K. Collaboration analytics — current state and potential futures. J Learn Anal
2021;8(1):1-12. [doi: 10.18608/jla.2021.7447]

67. Subburaj SK, Stewart AEB, Ramesh Rao A, D'Mello SK. Multimodal, multiparty modeling of collaborative problem solving
performance. 2020 Presented at: ICMI '20: Proceedings of the 2020 International Conference on Multimodal Interaction;
October 25 - 29, 2020; Netherlands p. 423-432. [doi: 10.1145/3382507.3418877]

J Med Internet Res 2023 | vol. 25 | e40306 | p. 10https://www.jmir.org/2023/1/e40306
(page number not for citation purposes)

Giovanelli et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1007/s11257-017-9193-2
http://dx.doi.org/10.5281/zenodo.4008054
http://dx.doi.org/10.1007/s40593-019-00187-x
http://dx.doi.org/10.1109/cig.2019.8848085
https://europepmc.org/abstract/MED/29038607
http://dx.doi.org/10.1080/00461520.2017.1281747
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29038607&dopt=Abstract
http://dx.doi.org/10.1521/jscp.1986.4.3.359
https://psycnet.apa.org/fulltext/1990-19731-001.pdf
http://dx.doi.org/10.1037/0022-3514.58.3.472
http://dx.doi.org/10.1109/access.2020.2988510
http://dx.doi.org/10.1016/j.caeai.2021.100020
http://dx.doi.org/10.1109/tlt.2019.2922356
http://dx.doi.org/10.1016/j.chb.2021.106707
http://dx.doi.org/10.1145/3448139.3448164
http://dx.doi.org/10.1007/978-3-030-52237-7_19
http://dx.doi.org/10.1007/978-3-319-93843-1_15
http://dx.doi.org/10.1080/10824669.2019.1670065
http://dx.doi.org/10.1145/3231644.3231656
http://dx.doi.org/10.1080/10494820.2019.1610450
http://dx.doi.org/10.1016/j.compedu.2020.103978
http://dx.doi.org/10.18608/jla.2021.7447
http://dx.doi.org/10.1145/3382507.3418877
http://www.w3.org/Style/XSL
http://www.renderx.com/


68. Goslen A, Carpenter D, Rowe JP, Henderson N, Azevedo R, Lester J. Leveraging student goal setting for real-time plan
recognition in game-based learning. 2022 Presented at: Proceedings of the 23rd International Conference on Artificial
Intelligence in Education; July 27–31, 2022; Durham, UK p. 78-89. [doi: 10.1007/978-3-031-11644-5_7]

69. Taub M, Azevedo R, Bradbury AE, Millar GC, Lester J. Using sequence mining to reveal the efficiency in scientific
reasoning during STEM learning with a game-based learning environment. Learn Instr 2018;54:93-103. [doi:
10.1016/j.learninstruc.2017.08.005]

70. Alpaydin E. Introduction to Machine Learning. Cambridge, Massachusetts: MIT press; 2020.
71. Cloude EB, Carpenter D, Dever DA, Azevedo R, Lester J. Game-based learning analytics for supporting adolescents’

reflection. J Learn Anal 2021;8(2):51-72. [doi: 10.18608/jla.2021.7371]
72. Emerson E, Henderson N, Rowe J, Min W, Lee S, Minogue J, et al. Early prediction of visitor engagement in science

museums with multimodal learning analytics. 2020 Presented at: ICMI '20: Proceedings of the 2020 International Conference
on Multimodal Interaction; October 25 - 29, 2020; Utrecht, The Netherlands p. 107-116. [doi: 10.1145/3382507.3418890]

73. Emerson E, Min W, Rowe J, Azevedo R, Lester J. Multimodal predictive student modeling with multi-task transfer learning.
2023 Presented at: LAK2023: LAK23: 13th International Learning Analytics and Knowledge Conference; March 13 - 17,
2023; Arlington, Texas, USA p. 333-334. [doi: 10.1145/3576050.3576101]

74. Adjei SA, Baker RS, Bahel V. Seven-year longitudinal implications of wheel spinning and productive persistence. 2021
Presented at: 22nd International Conference on Artificial Intelligence in Education; June 14–18, 2021; Utrecht, The
Netherlands p. 16-28. [doi: 10.1007/978-3-030-78292-4_2]

75. Ocumpaugh J, San Pedro MO, Lai HY, Baker RS, Borgen F. Middle school engagement with mathematics software and
later interest and self-efficacy for STEM careers. J Sci Educ Technol 2016;25(6):877-887. [doi: 10.1007/s10956-016-9637-1]

76. San Pedro MOZ, Baker R, Bowers A, Heffernan N. Predicting college enrollment from student interaction with an intelligent
tutoring system in middle school. 2013 Presented at: Proceedings of the 6th International Conference on Educational Data
Mining (EDM); July 6-9, 2013; Memphis, Tennessee.

77. Anderson H, Boodhwani A, Baker R. Predicting graduation at a public R1 university. 2019 Presented at: Companion
Proceedings of the 9th International Conference on Learning Analytics & Knowledge (LAK’19); March 4 - 8, 2019; Tempe,
Arizona.

78. Fischer C, Pardos ZA, Baker RS, Williams JJ, Smyth P, Yu R, et al. Mining big data in education: affordances and challenges.
Rev Res Educ 2020;44(1):130-160. [doi: 10.3102/0091732x20903304]

79. Bauckhage C, Drachen A, Sifa R. Clustering game behavior data. IEEE Trans Comput Intell AI Games 2015;7(3):266-278.
[doi: 10.1109/tciaig.2014.2376982]

80. Käser T, Schwartz DL. Modeling and analyzing inquiry strategies in open-ended learning environments. Int J Artif Intell
Educ 2020;30(3):504-535. [doi: 10.1007/s40593-020-00199-y]

81. Deeva G, De Smedt J, De Koninck P, De Weerdt J. Dropout prediction in MOOCs: a comparison between process and
sequence mining. In: Teniente E, Weidlich M, editors. Business Process Management Workshops.BPM 2017. Lecture
Notes in Business Information Processing. Cham: Springer; 2017:243-255.

82. Sutton RS, Barto AG. Reinforcement Learning: An Introduction. Cambridge, Massachusetts: MIT press; 2018.
83. Mnih V, Kavukcuoglu K, Silver D, Rusu AA, Veness J, Bellemare MG, et al. Human-level control through deep reinforcement

learning. Nature 2015;518(7540):529-533. [doi: 10.1038/nature14236]
84. Kober J, Bagnell JA, Peters J. Reinforcement learning in robotics: a survey. Int J Rob Res 2013;32(11):1238-1274. [doi:

10.1177/0278364913495721]
85. Aradi S. Survey of deep reinforcement learning for motion planning of autonomous vehicles. IEEE Trans Intell Transport

Syst 2022;23(2):740-759. [doi: 10.1109/tits.2020.3024655]
86. Shen S, Mostafavi B, Barnes T, Chi M. Exploring induced pedagogical strategies through a markov decision process

framework: lessons learned. J Educ Data Min 2018;10(3):327-331. [doi: 10.5281/zenodo.3554713]
87. Wang P, Rowe JP, Min W, Mott BW, Lester JC. High-fidelity simulated players for interactive narrative planning. 2018

Presented at: IJCAI'18: Proceedings of the 27th International Joint Conference on Artificial Intelligence; July 13 - 19, 2018;
Stockholm, Sweden p. 3884-3890. [doi: 10.24963/ijcai.2018/540]

88. Forman EM, Kerrigan SG, Butryn ML, Juarascio AS, Manasse SM, Ontañón S, et al. Can the artificial intelligence technique
of reinforcement learning use continuously-monitored digital data to optimize treatment for weight loss? J Behav Med
2019;42(2):276-290 [FREE Full text] [doi: 10.1007/s10865-018-9964-1] [Medline: 30145623]

89. Kartal B, Hernandez-Leal P, Taylor ME. Action guidance with mcts for deep reinforcement learning. 2019 Presented at:
Proceedings of the AAAI Conference on Artificial Intelligence and Interactive Digital Entertainment; October 24–28, 2022;
Pomona p. 153-159. [doi: 10.1609/aiide.v15i1.5238]

90. Creswell A, White T, Dumoulin V, Arulkumaran K, Sengupta B, Bharath AA. Generative adversarial networks: an overview.
IEEE Signal Process Mag 2018;35(1):53-65. [doi: 10.1109/msp.2017.2765202]

91. Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez AN, et al. Attention is all you need. 2017 Presented at:
NIPS'17: Proceedings of the 31st International Conference on Neural Information Processing Systems; December 4 - 9,
2017; California USA p. 6000-6010.

J Med Internet Res 2023 | vol. 25 | e40306 | p. 11https://www.jmir.org/2023/1/e40306
(page number not for citation purposes)

Giovanelli et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1007/978-3-031-11644-5_7
http://dx.doi.org/10.1016/j.learninstruc.2017.08.005
http://dx.doi.org/10.18608/jla.2021.7371
http://dx.doi.org/10.1145/3382507.3418890
http://dx.doi.org/10.1145/3576050.3576101
http://dx.doi.org/10.1007/978-3-030-78292-4_2
http://dx.doi.org/10.1007/s10956-016-9637-1
http://dx.doi.org/10.3102/0091732x20903304
http://dx.doi.org/10.1109/tciaig.2014.2376982
http://dx.doi.org/10.1007/s40593-020-00199-y
http://dx.doi.org/10.1038/nature14236
http://dx.doi.org/10.1177/0278364913495721
http://dx.doi.org/10.1109/tits.2020.3024655
http://dx.doi.org/10.5281/zenodo.3554713
http://dx.doi.org/10.24963/ijcai.2018/540
https://europepmc.org/abstract/MED/30145623
http://dx.doi.org/10.1007/s10865-018-9964-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30145623&dopt=Abstract
http://dx.doi.org/10.1609/aiide.v15i1.5238
http://dx.doi.org/10.1109/msp.2017.2765202
http://www.w3.org/Style/XSL
http://www.renderx.com/


92. Brown TB, Mann B, Ryder N, Subbiah M, Kaplan J, Dhariwal P, et al. Language models are few-shot learners. 2020
Presented at: NIPS'20: Proceedings of the 33rd International Conference on Neural Information Processing Systems;
December 6 - 12, 2020; Vancouver, BC, Canada p. 1877-1901.

93. Kybartas B, Bidarra R. A survey on story generation techniques for authoring computational narratives. IEEE Trans Comput
Intell AI Games 2017;9(3):239-253. [doi: 10.1109/tciaig.2016.2546063]

94. Martin AC, Ying KM, Rodríguez FJ, Kahn CS, Boyer KE. 2022 Presented at: SIGCSE 2022: Proceedings of the 53rd ACM
Technical Symposium on Computer Science Education; March 3 - 5, 2022; Providence, RI, USA p. 996-1002. [doi:
10.1145/3478431.3499418]

95. Khalifa A, Bontrager P, Earle S, Togelius J. PCGRL: procedural content generation via reinforcement learning. 2020
Presented at: Proceedings of the AAAI Conference on Artificial Intelligence and Interactive Digital Entertainment; Pomona
p. 95-101. [doi: 10.1609/aiide.v16i1.7416]

96. Guzdial M, Liao N, Chen J, Chen SY, Shah S, Shah V, et al. Friend, collaborator, student, manager: How design of an
AI-driven game level editor affects creators. 2019 Presented at: CHI '19: Proceedings of the 2019 CHI Conference on
Human Factors in Computing Systems; May 4 - 9, 2019; Glasgow, Scotland, UK p. 1-13. [doi: 10.1145/3290605.3300854]

97. Kardefelt-Winther D. How does the time children spend using digital technology impact their mental well-being, social
relationships and physical activity? An evidence-focused literature review. UNICEF Office of Research – Innocenti. 2017.
URL: https://www.unicef-irc.org/publications/pdf/Children-digital-technology-wellbeing.pdf [accessed 2023-04-05]

98. Kreuter F, Haas GC, Keusch F, Bähr S, Trappmann M. Collecting survey and smartphone sensor data with an app:
opportunities and challenges around privacy and informed consent. Soc Sci Comput Rev 2018;38(5):533-549. [doi:
10.1177/0894439318816389]

99. De Leyn T, De Wolf R, Abeele MV, De Marez L. Reframing current debates on young people's online privacy by taking
into account the cultural construction of youth. New York, NY: Association for Computing Machinery; 2019 Presented at:
SMSociety '19: Proceedings of the 10th International Conference on Social Media and Society; July 19 - 21, 2019; Toronto,
ON, Canada p. 174-183. [doi: 10.1145/3328529.3328558]

100. Madden M, Lenhart A, Cortesi S, Gasser U, Duggan M, Smith A, et al. Teens, social media, and privacy. Pew Research
Center. 2013. URL: https://www.pewresearch.org/internet/2013/05/21/teens-social-media-and-privacy/ [accessed 2021-02-07]

101. Israni ST, Matheny ME, Matlow R, Whicher D. Equity, inclusivity, and innovative digital technologies to improve adolescent
and young adult health. J Adolesc Health 2020;67(2S):S4-S6 [FREE Full text] [doi: 10.1016/j.jadohealth.2020.05.014]
[Medline: 32718514]

102. Pedreschi D, Ruggieri S, Turini F. Discrimination-aware data mining. New York, NY: Association for Computing Machinery;
2008 Presented at: KDD '08: Proceedings of the 14th ACM SIGKDD International Conference on Knowledge Discovery
and Data Mining; August 24 - 27, 2008; Las Vegas, Nevada, USA p. 560-568. [doi: 10.1145/1401890.1401959]

103. Dal-Ré R, Rid A, Emanuel E, Wendler D. The potential exploitation of research participants in high income countries who
lack access to health care. Br J Clin Pharmacol 2016;81(5):857-864 [FREE Full text] [doi: 10.1111/bcp.12879] [Medline:
26743927]

104. Freimuth VS, Quinn SC, Thomas SB, Cole G, Zook E, Duncan T. African Americans' views on research and the Tuskegee
Syphilis study. Soc Sci Med 2001;52(5):797-808 [FREE Full text] [doi: 10.1016/s0277-9536(00)00178-7] [Medline:
11218181]

105. Gamble VN. Under the shadow of Tuskegee: African Americans and health care. Am J Public Health 1997;87(11):1773-1778.
[doi: 10.2105/ajph.87.11.1773] [Medline: 9366634]

106. Ananny M, Crawford K. Seeing without knowing: limitations of the transparency ideal and its application to algorithmic
accountability. New Media Soc 2018;20(3):973-989. [doi: 10.1177/1461444816676645]

Abbreviations
AAA: advanced, analytic, and automated
AI: artificial intelligence
AIM-EEE: AI-driven Mechanisms for Ethical Enhancement of Engagement
DHBCI: digital health behavior change intervention

J Med Internet Res 2023 | vol. 25 | e40306 | p. 12https://www.jmir.org/2023/1/e40306
(page number not for citation purposes)

Giovanelli et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1109/tciaig.2016.2546063
http://dx.doi.org/10.1145/3478431.3499418
http://dx.doi.org/10.1609/aiide.v16i1.7416
http://dx.doi.org/10.1145/3290605.3300854
https://www.unicef-irc.org/publications/pdf/Children-digital-technology-wellbeing.pdf
http://dx.doi.org/10.1177/0894439318816389
http://dx.doi.org/10.1145/3328529.3328558
https://www.pewresearch.org/internet/2013/05/21/teens-social-media-and-privacy/
https://linkinghub.elsevier.com/retrieve/pii/S1054-139X(20)30266-4
http://dx.doi.org/10.1016/j.jadohealth.2020.05.014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32718514&dopt=Abstract
http://dx.doi.org/10.1145/1401890.1401959
https://europepmc.org/abstract/MED/26743927
http://dx.doi.org/10.1111/bcp.12879
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26743927&dopt=Abstract
https://core.ac.uk/reader/11541469?utm_source=linkout
http://dx.doi.org/10.1016/s0277-9536(00)00178-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11218181&dopt=Abstract
http://dx.doi.org/10.2105/ajph.87.11.1773
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9366634&dopt=Abstract
http://dx.doi.org/10.1177/1461444816676645
http://www.w3.org/Style/XSL
http://www.renderx.com/


Edited by T Leung; submitted 22.06.22; peer-reviewed by N Levitz, Y Jeem, N Maglaveras; comments to author 25.12.22; revised
version received 25.03.23; accepted 30.03.23; published 24.05.23

Please cite as:
Giovanelli A, Rowe J, Taylor M, Berna M, Tebb KP, Penilla C, Pugatch M, Lester J, Ozer EM
Supporting Adolescent Engagement with Artificial Intelligence–Driven Digital Health Behavior Change Interventions
J Med Internet Res 2023;25:e40306
URL: https://www.jmir.org/2023/1/e40306
doi: 10.2196/40306
PMID: 37223987

©Alison Giovanelli, Jonathan Rowe, Madelynn Taylor, Mark Berna, Kathleen P Tebb, Carlos Penilla, Marianne Pugatch, James
Lester, Elizabeth M Ozer. Originally published in the Journal of Medical Internet Research (https://www.jmir.org), 24.05.2023.
This is an open-access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in the Journal of Medical Internet Research, is properly cited. The complete bibliographic
information, a link to the original publication on https://www.jmir.org/, as well as this copyright and license information must
be included.

J Med Internet Res 2023 | vol. 25 | e40306 | p. 13https://www.jmir.org/2023/1/e40306
(page number not for citation purposes)

Giovanelli et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://www.jmir.org/2023/1/e40306
http://dx.doi.org/10.2196/40306
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37223987&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

