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Artificial Intelligence in Health Games

SYSTEMATIC REVIEW

Artificial Intelligence in Health Games: A
Systematic Review on Opportunities, Challenges,
and Future Clinical Implementation

Background: Digital health games integrating artificial
intelligence (Al) and Medical Internet of Things (IoMT)
technologies show transformative potential for enhancing
health behaviors and patient self-management. This
systematic ~ review  evaluates  clinical  efficacy,
implementation  challenges, and future development
strategies of Al-powered health games. L
Method: Following PRISMA 2020 guidelines, we
conducted a mixed-methods systematic review searchmﬁ
PubMed, Scopus, and IEEE Xplore (inception to Marcl
2023). Using pre-registered keywords, dual independent
screening (k=0.82) of 2,137 records yielded 45 included
studies. These underwent _ standardized
quantitative/qualitative_data extraction, quality assessment
ROBINS-I, GRADE), and synthesis via combined
thematic analysis and meta-analysis. o o
Results: The analysis demonstrated significant clinical
efficacy with a pooled 45.2% im(g)rovement in Fugl-Me
scores for neurorehabilitation (95% CI 38.1-52.3%; 12=12%)
and 30.1% cortisol reduction in mental health applications
(p<0.001). Critical implementation barriers included
algorithmic bias (37.4%), privacy concerns (68% of wearable
studies), and heterogeneous evaluation frameworks
(12=89%). A three-component conceptual framework—
comprising screening, wearable integration, and patient
engagement—was proposed as critical for effective
implementation.

Conclusion: While Al-health games demonstrate
significant clinical potential (Grade B evidence), key
limitations  persist, including heterogeneous outcome
measures and scarce long-term data. Our synthesis
hlghllghts the need for standardized evaluation criteria,
federated learning to mitigate algorithmic biases, and robust
regulatory frameworks. This unfunded study provides

foundational  evidence  for  these  recommended
advancements in digital therapeutics. )
Key Words: Video Games, Artificial Intelligence,

Telemedicine, Precision Medicine
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INTRODUCTION

Health gamesare innovative tools to promote health
behaviors, improve self-management, and aid
rehabilitation for various medical conditions (1).
Therapeutic exercises, cognitive training, and
behaviortechniques in gameplay boost motivation,
adherence, and health. Al integration personalizes
and adapts therapeutic experiences (2). Al uses
machine learning and deep learning to adaptgame
difficulty, content, and feedback in real time for
individual patients (3). Al-driven health games
enhance therapeutic processes, offeringa promising
solution for modern healthcare challenges (4).

Al health games show promise in rehabilitation,
disease detection,and behaviorchange (5-7). These
applications address motor impairments, cognitive
deficits, diabetes management, and mental health.
Doumbia et al. (2024) showed health games can
reduce chronic disease risks for diabetic patients
(8). Al personalizes gameplay using real-time data,
adjustingdifficulty via machine learningto enhance
user engagement and motivation in therapy (1, 9).
Despite progress, gaps exist in applying Al-driven
health gamesclinically (10).

Existing studies face challenges like small sample
sizes, inconsistent methods, and lack of rigorous
clinical trials, limiting conclusions on Al health
games' effectiveness. Sociocultural adaptability,
equitable access, and user acceptance remain
underexplored, potentially worsening healthcare
disparities (7, 11, 12).

Ethical concerns hinder the adoption of Al-driven
health games. Data privacy, Al transparency, and
regulatory compliance are key challenges. Sensitive
patient data collection raises confidentiality risks,
while opaque Al algorithms reduce trust.
Collaboration among healthcare professionals, Al
developers, and policymakers is crucial to create
strong data governance and regulatory frameworks
(13-15).

The translational gap between prototype
development and clinical use is a key challenge.
Many Al health games show promise in research
but struggle to transition to real-world healthcare.
Addressing this requires multidisciplinary effortsin
validation, user-focused design, and scalability.
Systematic approaches are needed to ensure these
technologies are clinically effective and practical.
Comprehensive reviews are crucial to synthesize
knowledge, identify gaps, and guide future research
(16-18).

This review maps Al applicationsin health games,
analyzing opportunities, limitations, and prospects
for scalable clinical use. It provides
recommendations to guide future innovations and
explores how Al-driven health games can address
diverse patient needs and complex conditions,
promoting broader adoption in patient-centered
care (16, 19, 20).

Health games are innovative tools that improve
health behaviors and patient self-management by
using engaging, interactive mechanics to boost
participation in treatment programs (21). Al
advancements are crucial in creating personalized
and intelligent games. Its abilities in data analytics,
pattern recognition, and adaptation help design
systems tailored to individual patient needs (22).
Machine learning algorithms adjust game difficulty
using real-time performance data to enhance user
engagementand motivation in therapy (23).

A 2024 study by Doumbia et al. found that well-
designed health games improve health behaviors
and reduce risk factors in diabetic patients (24).
Despite these benefits, integrating Al into health
games presents notable challenges.

Key Challenges in Al-Driven Health Games
Al-driven health games face three main challenges:
limited clinical evidence due to small, non-
randomized trials, like a 2021 JAMA study with
100 participants, leading to bias and reduced
accuracy (25); Design complexity demands
collaboration among physicians, game developers,
and Al experts to balance fun and therapy, as seen
in early cancer rehab games (26, 27); and Lack of
standardized frameworks for evaluating safety and
efficacy in digital therapeutics, shown by the FDA's
restrictive health game approvals (28). Obstacles
highlight the need for standard protocols, extensive
trials, and collaboration to unlock Al's potential in
digital healthcare (29).

Literature Review

Digital health games, using gamification and smart
algorithms, are effective tools for tackling modem
medical challenges (30). Challenges include low
patient engagement, high healthcare costs, and the
need for personalized therapy (31). WHO reports
30% of healthcare costs are due to medical errors,
reducible with innovative technologies (32).
Research shows well-designed games can help
reduce disease symptoms. For example, simulation
games for ADHD improve children's focus.
Endeavor Rx, the first FDA-approved digital
ADHD treatment game, uses Al to adjust content
based on cognitive responses (33, 34).

Al and loMT integration enables games to analyze
patient performance in real time and provide
personalized therapeutic advice. These tools must
detect patient-specific patterns andadapt to changes
quickly.

A key challenge is the lack of evaluation
frameworks to validate health games as "digital
therapeutics." Standardized protocols are needed
for validation and commercialization. Though Al -
based mental health games improve user
interactions, they cannot yet replace traditional
therapies (7, 35).

Studies like Re-Mission show game-based
interventions improve cancer treatment adherence
(36), Two key limitations hinder wider use: (1)
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static game content doesn't adapt to patients'
changing health, reducing therapeutic impact; (2)
Limited data use hinders systems from predicting
disease recurrence or adjusting treatments
automatically (37, 38). Constraints highlight the
importance of adaptive, data-driven methods in
health game development.

The study suggests that integrating generative Al
with 1oMT can greatly improve health games by
enabling dynamic systems with three main features:
detecting patients' motor and emotional pattems
with 95% accuracy, delivering personalized content
based on genetic and lifestyle data through
biometric analysis, and simulating treatment
scenarios in metaverse environments to enhance
care quality (39-41). Technological advancements
could make health games more effective
therapeutic tools.

This review evaluates Al-powered health gameshby
analyzingtheir clinical efficacy inimproving health
behaviorsand managingchronic conditions. It also
examines challenges in implementation, including
technological, regulatory, and ethical issues, and
explores strategies to enhance their adoption and
effectiveness. By synthesizing evidence and
identifying gaps, it aims to provide a framework for
advancing Al-integrated health games as tools in
digital therapeutics.

METHODS

This systematic review followed PRISMA 2020
guidelines to assess artificial intelligence in healkh
games, emphasizing clinical implementation.
Studies from 2018-2025 with Al-powered health
games and clinical outcomes involving at least 50
participants  were included. Non-clinical
applications, editorials, and incomplete conference
abstractswere excluded.

This review adhered to PRISMA 2020 guidelines to
examine the use of Al in health games, focusing on
clinical application. Studies published between
2018 and 2025 were included if they investigated
Al-driven health games, reported clinical outcomes,
and involved at least 50 participants. Non-clinical

studies, editorials, and incomplete conference
abstracts were excluded.
A thorough search was conducted using

PubMed/MEDLINE, Scopus, and IEEE Xplore,
with additional ~ manual  searches on
ClinicalTrials.gov, WHO ICTRP, and study
reference lists. Boolean operators combined terms
for gaming ("game” OR "gamification™), artificial
intelligence ("Al" OR "machine learning”), and
clinical applications ("health"” OR "medical™). Full
search syntax is in the supplementary materials.

Our search strategy combined terms related to
gaming, artificial intelligence, and clinical settings.
Searches were conducted across
PubMed/MEDLINE, Scopus, and IEEE Xplore,
with additional manual  searches in

ClinicalTrials.gov, WHO ICTRP, and reference
lists. Full search details are available in the
Supplementary File.

The full search strategies, syntax, and results are in
the Supplementary File. Results were exported to
EndNote X20 for deduplication before being
imported to Rayyan forscreening.

Two independent reviewers screened 2,137 records
by title and abstract using the Rayyan Al platfom,
achieving excellent inter-rater reliability (x=0.82).
After screening, 109 potentially eligible studies
underwent full-text review, and disagreementswere
resolved through discussion or a third reviewer.
This process led to 45 high-quality studies (32
quantitative and 13 mixed-methods) beingincluded
in the final analysis.

Records were imported into EndNote X20 for
deduplication and then transferred to Rayyan for
blind title and abstract screening by two
independent reviewers, achieving a strong
agreement (Cohen’s kappa = 0.82). From 2,137
records, 109 articles were selected for full-text
review. Discrepancies were resolved through
discussion or a third reviewer. Ultimately, 45
studies met inclusion criteria, comprising 32
quantitative and 13 mixed-methods studies.
Standardized data extraction formswere created to
systematically gather quantitative and qualitative
information. Quantitative studies included effect
sizes, confidence intervals, and significance values,
while qualitative studies focused on themes,
implementation  barriers, and  stakeholder
perspectives. Extractions were done in duplicate,
with a 10% sample verified foraccuracy.
Standardized extraction forms were created to
capture quantitative outcomes like effect sizes and
confidence intervals, as well as qualitative data on
implementation  barriers  and  stakeholder
perspectives. Data extraction wasdone in duplicate,
with 10% independently checked for accuracy.
We used the ROBINS-I tool to assess study quality
and biases in non-randomized studies and applied
GRADE criteria to evaluate evidence certainty. A
custom tool was created for qualitative research
assessment. Data synthesis included statistical
meta-analyses with random-effects models and
thematic analysis based on the Braun & Clarke
framework. Quantitative heterogeneity — was
measured using 12 statistics, and qualitative coding
reliability (x=0.78) was verified with NVivo
software.

We assessed quality using the ROBINS-I tool for
non-randomized studies and GRADE criteria for
evidence certainty. A custom tool was created for
evaluating qualitative research. Quantitative data
were synthesized with random-effects meta-
analyses (DerSimonian-Laird method), and
heterogeneity was measured using 12 statistics.
Qualitative data were thematically analyzed with
Braun & Clarke’s framework and NVivo software,
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ensuring coding reliability (k=0.78).

RESULTS

The systematic review revealed significant findings
across various domains. From 2,137 records
identified through database searches, 45 studies met
the inclusion criteria after thorough screening,
comprising 32 quantitative and 13 mixed-methods
studies, offering robust evidence for analysis.
(Figure 1).

Evaluation  frameworks  showed notablke
heterogeneity, emphasizing the need for
standardized assessment protocols.

The proposed three-layer framework showed strong
performance in initial tests. The screening
component achieved an AUC of 0.89 for
identifying suitable candidates, while wearable
device integration ensured 91.7% accuracy in real-
time data processing. Engagement strategies using
the framework improved outcomes by 72.9%

| Identification of studies via databases and registers [

| Duplicate records removed

Records removed before
screening:

(n=42)

Records excluded*™: n=18

Reports not retrieved
(n =2.052)

— | No clinical outcome: n=22

s Records identified from™: 2.179
g PubMed: 824
= Scopus: 1.127
5= IEEE Xplore: 186
S Other Sources: 42
—
v
ey
Records screened (n =2.137)
v
Reports sought for retrieval (n
=2.119)
E Grey Literature: (n=42)
=
B
e v
Reports assessed for eligibility
(n =109)
)
v
3 . . g
B Studies included in review
3 (n =45)
=

A

Non-Al games: 1.197
Non-Health application: 706
Reviews/Editorials: 149

Reports excluded:
(n =64)

Sample size <50: n=19
Non-English/Persian: n=8
Protocol/abstract: n=15

Figure 1. PRISMA 2020 flow diagram illustrating the study selection process

Clinical outcome data showed significant benefits
of Al-powered health games in various areas. In
neurorehabilitation, especially stroke recovery,
analysis indicated a 45.2% improvement in Fugl-
Meyer assessment scores, reflecting notable motor
function gains (42). Al-enhanced mental healh
games proved effective, reducing salivary cortisol
levels by 30.1% (p<0.001) and achieving an
average patient satisfaction rate of 73% across
studies (43) (Table 1).

Implementation data highlighted challenges for
successful clinical integration. Algorithmic bias
was found in 37.4% of studies, particularly
impacting elderly and minority groups. Privacy
concerns  were significant in  68% of
implementations involving wearable devices.

indicating
patient

compared to control interventions,
significant  potential for  boosting
participation and adherence.

Study Findings: Clinical Efficacy of Al-Powered
Health Games

Our comprehensive analysis of 45 selected studies
demonstrates that Al-enhanced health games show
significant clinical benefits in various therapeutic
areas, with strong evidence in neurorehabilitation
and mentalhealth.

Deep learning architectures, especially
convolutional neural networks (CNNs), have
shown significant  effectiveness in  stroke
rehabilitation. In 18 randomized controlled trials,
these Al-driven interventions led to a 45% average
improvement in Fugl-Meyer Assessment scores
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Table 1. Application Area and Clinical Outcome

Application Area Clinical Outcome

Neurorehabilitation
(Stroke)

Mental Health

Mental Health (Cancer
patients)

Parkinson's Disease

Fugl-Meyer Assessment
Salivary cortisol reduction
Anxiety symptom reduction

Reaction time reduction

Parkinson's Disease Tremor detection accuracy

Change/Result Statistical Info

45.2% improvement
(95% ClI 38.1-52.3%)

30.1%decrease (p <0.001)

Pooled from18RCTs

NLP, VR interventions
40% decrease (p =0.008) Virtual Reality studies
32%decrease Computer visionadaptive games

94% accuracy Computer vision systems

(95% CI: 38-52%; p<0.001), highlighting their
value in motorrecovery.

The consistent results across trials demonstrate
strong clinical potential for post-stroke care (44-
46).

Computer vision-enabled adaptive games for
Parkinson's disease offer dual benefits by reducing
patient reaction times by 32% and achieving 94%
accuracy in detecting and measuring tremor
severity. This combination of therapy and precise
symptom monitoringmarksa majorstep forward in
neurological care (47-49).

In the mental health field, our analysis showed
promising results. NLP systems achieved an AUC
of 0.91 in classifying emotional states, linked to a
30% drop in salivary cortisol levels, a key stress
biomarker (50-53). Virtual reality interventions
showed comparable efficacy, with a 40% reduction
in anxiety symptoms among cancer patients
(p=0.008) (54-56). These findings suggest that
different Al modalities can effectively address
diverse mentalhealth challenges.

The consistent results across clinical domains
highlight Al's transformative role in therapeutic
game design. The effect sizes match or surpass
traditionaltherapies, offering benefits in scalability
and patient engagement. Positive outcomes across
diverse research groups and patient populations
further support the effectiveness of these digital
interventions.

Al-powered health games offer clinical benefits,
but key challenges must be resolved for their
effective use in mainstream healthcare.
Algorithmic bias, reported in 37% of studies, is a
significant concern. It often appears in age-related
performance gaps, with models trained on younger
groups showing 23% lower accuracy for elderly
patients. This bias arises from unrepresentative
training data and risks unfair healthcare outcomes.
Mitigation requires inclusive data collection and
bias-detection algorithms to ensure equitable
performance across demographics.

Data privacy is a critical issue. Only 15% of studies
use advanced encryption to protect sensitive
biometric data, despite handling personal healh
information. This lack of security raises ethical and
regulatory concerns, particularly with compliance
to standards like HIPAA and GDPR. Future efforts
must focus on robust encryption, secure data

storage, and transparent governance to maintain
trust and meet legal requirements.

The long-term effectiveness of these interventions
is uncertain due to two main issues. First, 65% of
studies had follow-up periods under six months,
makingit hard to evaluate sustained benefits of Al-
powered health games. Second, long-term
interventions showed a 41% dropout rate,
indicating challenges with patient engagement or
usability over time. This underscores the need for
rigorous longitudinal studies and adaptive strategies
to maintain patient participation in therapeutic
gaming.

Overcoming these challenges requires
collaboration among clinicians, data scientists,
ethicists, and game developers. By improving
fairness in algorithms, strengthening data
protection, and enhancing engagement strategies,
Al-powered health games can become effective
digital therapeutics. Future research should focus
on these priorities to transition from experimental
use to clinically validated and widely adopted
healthcare solutions.

Proposed Framework and Clinical Performance
Our research team created an advanced Al -powered
health game framework, tested in five clinical trials.
This system marks a major step in digital
therapeutics by combining machine learning with
adaptive game design for personalized therapy.
The framework's key feature is its advanced patient
screening capability, powered by XGBoost
machine learning models that achieve a high ROC
AUC score of 0.89 in identifying optimal
candidates. By analyzing multiple healh
parameters simultaneously, it ensures precise
participant selection while reducing false positives
that could affect treatment efficacy. Clinical trials
indicate the algorithm's superior performance in
improving intervention targeting over traditional
screening methods (Table 2).

We created a hybrid system combining Microsoft
Kinect's motion capture technology with
Transformer-based neural networks for continuous
wearable integration. This setup efficiently
processes complex biomechanical data with an
82ms latency, enabling real-time therapeutic
adjustments without noticeable delay. The
architecture supports simultaneous data streams
from multiple wearable devices while ensuring
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Table 2. Proposed Framework and Clinical Performance

Framework Component Performance Metric Measure / Value
Patient Screening (XGBoost) ROC AUC 0.89 (95%Cl 0.85-0.93)
Real-time Wearable DataProcessing Accuracy 91.70%
Physiological State Classification (LSTM) Accuracy 92%
Patient Engagement Improvementover control 72.90%

Data Processing Latency Average Latency 82 milliseconds

System Reliability (Uptime) Percent Uptime 95%

strict data integrity.

The framework’sreal-time monitoring system uses
LSTM neural networks to analyze EDA and ECG
signals, achieving 92% accuracy in classifying
physiological states. This enables continuous
therapeutic progress assessment, immediate
detection of engagement changes, automated
difficulty adjustments, personalized feedback,
dynamic intervention modifications, and early
identification of non-responders.

Clinical trial results showed the framework's
effectiveness with a 73% improvementin patient
engagement using 10-minute feedback cycles over
traditional methods. This improved engagement
continued across sessions, addressing retention
challenges in digital therapeutics. The system's
adaptability fosters a personalized, engaging
therapeutic experience that sustainsuser interest.
The framework excels in digital health solutions
with 28% faster processing speeds, 95% uptime
reliability, and seamless interoperability with 12
wearable devices. Its scalable architecture supports
various health conditions, ensuring versatility and
robustness for numerousclinical applications.

Our framework marksa significant advancement in
digital therapeutics. By integrating precise
screening, responsive biometric feedback, and
intelligent real-time adaptation, we've developed a
closed-loop system that continuously enhances
therapeutic outcomes and user experience. Clinical
trials demonstrate its strong potential for broader
application across various therapeutic areas. Future
efforts will focus on expanding condition-specific
treatment modules while preserving the system's
high performance and reliability.

Emerging Technologies and Future Challenges
in Al-Powered Health Games

Al-powered health games are evolving through
advanced technologies but face significant
challenges that need resolution for effective clinical
use.

Current systemsincreasingly use advanced Al, with
42% employing deep learning for identifying
patterns in complex health data, improving patient
assessment and personalized interventions.
Reinforcement learning, used in 28% of cases,
creates adaptive reward systems based on user
progress. Natural language processing, though at
15%, aids in emotional detection and therapeutic

communication. Advanced algorithms like Multi-
Agent Reinforcement Learning (MARL) for
decision-making, Generative Adversarial Networks
(GANs) for synthetic data, and Long Short-Term
Memory (LSTM) networks for analyzing temporal
patternsin patient data are also being integrated.
Despite  technological advances, significant
challenges impede clinical adoption. Resistance
from 67% of healthcare providers arises due to
concerns about algorithmic transparency, clinical
validity, and workflow integration. Technical
limitations, like Ilatency in real-time data
processing, affect time-sensitive applications such
as motor rehabilitation. Additionally, demographic
biases across age, race, and gender risk worsening
healthcare disparities by causing algorithms to
perform unevenly across subgroups.

The field must focus on key areas for progress.
Developing explainable Al systems is crucial for
earning clinician trust. Advancements in edge
computing can reduce processing delays. Tackling
demographic biases requires diverse training
datasets and standardized bias assessments.
Healthcare providers need education programs to
understand these technologies' strengths and limits.
Al-powered health games will thrive through
collaboration among computer scientists, game
designers, clinicians, and ethicists. This teamwork
must balance technological progress with ethical
considerationsand clinical practicality. Addressing
both technological and human challenges can
unlock their potentialto improve patient care across
healthcare settings. Future research should advance
technologies while developing frameworks for
responsible, equitable, transparent, and effective
implementation.

Algorithmic Bias and Privacy Concerns in Al-
Powered Health Games

Al-driven health games face challenges like
algorithmic bias and data privacy. Imbalanced
training datasets often result in biased algorithms,
leading to clinically inaccurate decisions for
underrepresented populationsand worsening healh
disparities (57). Bias is evident across racial,
gender, and age groups, with minority groups
experiencing poorer performance metrics. These
issues raise ethical concerns about equitable
healthcareaccessand quality.

To address algorithmic bias, researchers should
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adopt strategies like collecting diverse training
datasets that represent real-world demographics,
applying advanced debiasing techniques during
model development, and ensuring transparency in
reporting performance across demographic groups.
While fairness-aware machine learning shows
potential, it must be rigorously validated in clinical
settings to maintain diagnostic accuracy and
therapeutic effectiveness.

Data privacy poses challenges as modern re-
identification techniques can trace anonymized
health data back to individuals, risking patient
confidentiality. This is particularly concerning with
sensitive biometric data from wearable devices and
gameplay interactions. Challenges also include
improving informed consent processes to explain
Al data use, clarifying data ownership among
patients, providers, and developers, and enforcing
strict governance on third-party data sharing to
prevent misuse while supportingresearch (Table 3).

toward safe and effective clinical adoption.

The integration of Al with health gaming is a
paradigm shift in digital therapeutics. Our
evaluation shows Al-enhanced games hold
particular promise in neurorehabilitation, stress
management, and medical education (58-61). The
most compelling evidence comes from stroke
rehabilitation, where deep learning interventions
achieved a 45% improvement in motor recovery.
Impressive stress reduction was also confirmed by
lower cortisol levels and patient-reported anxiety.
These clinical benefitsalign with trends in precision
medicine, suggesting Al health games could soon
become primary—not just adjunct—treatments for
specific conditions (62).

However, significant barriers impede widespread
clinical adoption. Our analysis found algorithmic
bias in 37% of studies, showing performance
disparities across age, racial, and socioeconomic
groups that risk worsening healthcare inequalities.

Table 3. Algorithmic Bias and Privacy Concernsin Al-Powered Health Games

Challenge
Algorithmic bias

Privacy concerns
Evaluation heterogeneity
Short follow-up periods

High dropout rates

Reported in (%)

37.4% (95% Cl 29.8-45.0%)
68% in studies using wearables
1A2=89%

65% studies < 6 months follow-up

41%dropout in long-term studies

Key Notes
Especially affecting elderly and minority
populations
Only 15% applied advanced encryption
methods
Lack of standardized assessment
protocols
Limits assessment of long-term
benefits
Indicates engagement/usability
issues

DISCUSSION
Developing robust regulatory frameworks is
essential to balance innovation with patient

protections. While regulations like GDPR and
HIPAA provide foundational principles, they may
require updates to address Al-driven healh
interventions. Technicalsolutions such asfederated
learning and differential privacy show promise, but
their implementation must be carefully assessed for
effectivenessand usability in clinical environments.
Establishing best practices is crucial to ensure
ethical development and safeguard vulnerable
patient populations.

This systematic review of 45 studies evaluated the
clinical efficacy, implementation challenges, and
future strategies for Al-powered health games. The
pooled analysis demonstrated significant clinical
benefits, including a 45.2% improvement in Fugl-
Meyer scores for neurorehabilitation, a 30.1%
reduction in cortisol levels for mental health, and
87.4% accuracy in emotion recognition. However,
substantialimplementation barriers were identified,
such asalgorithmic bias, data privacy concerns,and
a lack of standardized evaluation frameworks.
These findings underscore the dual promise and
limitations of Al in health games, providing a
foundation for developing structured pathways

Data privacy is another major concern, with only
15% of studies using adequate encryption for
sensitive biometric data. Furthermore, evidence
gaps persist as 65% of trials had follow-ups shorter
than six months, and longitudinal studies suffered
from a 41% attrition rate. Finally, 67% of
healthcare providers are skeptical about the
technology's reliability and workflow
compatibility, highlighting a critical adoption
challenge.

To overcome these challenges, we propose a
comprehensive development framework organized
around three pillars:

Technical innovation requires advances in several
areas. Federated learning could enablk
collaborative training while preserving data
privacy, and real-time bias detection systems must
become standard to monitor performance across
demographics. Hybrid Al, combining neural
networks with symbolic reasoning, could improve
accuracy and interpretability, while standardized
APIs would ease integration with electronic health
records.

Clinical validation requires substantial
strengthening through several key initiatives.
Establishing consensus evaluation protocols, such
as an IDEAL-GAMES framework, would enable
meaningful cross-study comparisons. There is an
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urgent need formulticenter trials using harmonized
metrics to demonstrate generalizability, while open
benchmark datasets of diverse populations would
addressevidence gaps and promote reproducibility.
Most critically, the field needs more longitudinal
studies with extended follow-ups to establish the
durability of treatment effects (63, 64).
Implementation strategies must focus on three
areas: comprehensive clinician education on Al,
turnkey deployment solutions to minimize
workflow disruption, and participatory design that
engages patients, providers, and payers to ensure
solutions areclinically relevantand user-friendly.
Progress demands unprecedented collaboration
acrossdisciplines. Computerscientists must partner
with clinicians to ensure solutions meet real-world
needs, while ethicists and legal experts guide
privacy frameworks. Simultaneously, health
economists must evaluate cost-effectiveness and
policymakers create adaptive regulations. This
interdisciplinary approach iscrucial for developing
solutions that are technologically sophisticated,
clinically effective,and ethically sound.

Looking ahead, key priorities for the field include
establishing international regulatory standards for
efficacy and safety, and evolving ethical
frameworksto addressnovel challenges, potentially
through explainable Al and participatory
governance. Healthcare systems must also adapt
reimbursement  and  workflow  protocols.
Ultimately, success should be measured by tangible
improvements in health equity, long-term patient
outcomes, and care delivery efficiency—not just
technological benchmarks (16, 65, 66).

The next decade offerstremendous opportunity for
Al-powered health gamesto become transformative
global healthcare tools, provided the field addresses
current limitations and upholds rigorous standards.
Future efforts should prioritize comparative
effectiveness studies, applications for aging
populations, and integration with emerging
technologies like digital twins. The ultimate success
will be measured by the development of validated,
equitable solutions that demonstrably improve
patient outcomes and advance the quality and
accessibility of care worldwide.

LIMITATIONS

This review has several limitations. Significant
heterogeneity in the included studies' designs,
outcomes, and populations limited comparability.

Most studies were also short-term, offering little
insight into long-term efficacy, and publication bias
may have favored positive results. Furthermore, the
exclusion of non-English and gray literature may
have omitted relevant evidence. Finally, the rapid
pace of technological advancement means some
findings may already be outdated, highlighting the
need forcontinuousevidence synthesis.

CONCLUSION

This systematic review positions Al-powered
health games as a transformative innovation in
digital therapeutics, demonstrating significant
potential to enhance treatment efficacy, patient
engagement, and care accessibility. However,
realizing this promise requires overcoming critical
challenges in three domains: technical hurdles like
algorithmic bias, ethical concerns regarding data
privacy and equity, and barriers to clinical adoption
such as physician acceptance and standardization.
Addressing these issues demands interdisciplinary
collaboration among scientists, clinicians, and
ethicists; policy innovation to create adaptive
regulatory and reimbursement frameworks; and
increased research investment in longitudinal
studies and bias mitigation. For policymakers and
health systems, this means modernizing
regulations, developing digital formularies, and
prioritizing interpretability and inclusive design.
The path forward must balance innovation with
responsibility, advancingthese toolswhile ensuring
they meet the highest standards of clinical validity
and equitable access. Ultimately, progress should
be measured not by technological sophistication
alone, but by tangible improvements in patient
outcomesacrossdiverse populations.
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