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Abstract

Childhood obesity represents a significant public health challenge, 
affecting over 340 million children and adolescents worldwide. De-
spite the implementation of various intervention strategies, preva-
lence rates continue to rise. Artificial intelligence (AI) technologies 
offer considerable potential to address this crisis by enhancing risk 
prediction and individualizing treatment plans through scalable, 
family-oriented interventions. This review examines current evidence 
regarding AI applications in pediatric obesity medicine, with a focus 
on clinical utility, evaluation, and recommendations for future imple-
mentation. A comprehensive narrative review of the peer-reviewed 
literature was conducted to evaluate the applications of AI in pediatric 
obesity care. The review encompassed predictive analytics, clinical 
decision support systems (CDSS), remote monitoring technologies, 
and natural language processing (NLP) tools. PubMed, Scopus, and 
IEEE databases were systematically searched for studies published 
between 2015 and 2024 with a focus on validated AI systems with 
demonstrated clinical applications in pediatric populations. Studies 
were identified using combinations of keywords including “artificial 
intelligence,” “machine learning,” “deep learning,” “pediatric obesi-
ty,” “clinical decision support,” “predictive analysis,” “telemedicine,” 
“remote monitoring,” and “natural language processing.” Inclusion 
criteria included peer-reviewed English-language publications that 
described AI applications with relevance to pediatric obesity screen-
ing, prevention, or management. Studies were excluded if they ad-
dressed adult populations exclusively or focused on AI methodology 
without clinical application. Reference lists of relevant articles were 
also reviewed to identify additional eligible studies. Two authors (JRP 
and VSC) independently screened titles and abstracts, with discrep-

ancies resolved through discussion. It is important to note that no AI 
system is currently approved or used in routine pediatric obesity clini-
cal care; most applications described in this review remain in research 
or early pilot phases. AI applications demonstrate significant poten-
tial in managing various aspects of pediatric obesity. Machine learn-
ing algorithms facilitate earlier identification of high-risk children, 
achieving 75–90% accuracy in predicting obesity risk, as reported 
in studies employing logistic regression, random forest, and gradi-
ent boosting models on longitudinal electronic health record datasets. 
CDSS can generate effective treatment recommendations tailored to 
individual metabolic profiles, behavioral patterns, and family cir-
cumstances. Remote monitoring platforms that incorporate wearable 
devices and mobile health applications enable patient engagement 
and real-time adjustments to interventions. Automated screening and 
documentation through NLP tools may reduce clinician workload and 
enhance care quality. However, major implementation challenges in-
clude algorithmic bias, data breach risks, limited interoperability, and 
disparities in patient access to technology. AI applications enhance 
prediction accuracy, enable personalized interventions, and increase 
scalability, thereby offering substantial opportunities to advance pedi-
atric obesity care. Key steps for effective integration involve address-
ing technical challenges, enhancing equity and access, ensuring clini-
cal oversight, and adhering to family-centered care principles. Future 
research should prioritize improving validation across diverse popu-
lations by assessing long-term outcomes and developing implemen-
tation frameworks that support, rather than replace, the therapeutic 
relationship between communities and healthcare providers.
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Introduction

Childhood obesity represents a significant public health chal-
lenge in the 21st century, affecting an estimated 340 million 
children and adolescents aged 5 to 19 years worldwide [1]. 
In the United States, approximately 19.7% of children and 
adolescents are classified as obese. Studies indicate that this 
burden is disproportionately higher among racial and ethnic 
minority groups, as well as among individuals from low-
income families [2]. The immediate health consequences of 
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this condition include metabolic syndrome, type 2 diabetes, 
hypertension, and psychosocial complications. Additionally, it 
increases the future risk of adult obesity and chronic diseases 
[3]. Although extensive research and numerous interventions 
have been developed, traditional pediatric obesity manage-
ment strategies demonstrate limited long-term effectiveness, 
typically yielding only modest, unsustained weight outcomes 
in most behavioral interventions [4].

The etiology of pediatric obesity is multifactorial, encom-
passing genetic predisposition, metabolic factors, behavioral 
patterns, family dynamics, environmental influences, and so-
cial determinants of health. Consequently, effective manage-
ment requires sophisticated and personalized approaches that 
are not attainable through traditional, one-size-fits-all inter-
ventions [5]. Furthermore, barriers such as limited access to 
specialists, insufficient time for comprehensive behavioral as-
sessment and counseling, and difficulties in maintaining long-
term engagement with patients and families hinder the provi-
sion of intensive, family-centered obesity care [6].

Artificial intelligence (AI) technologies, including ma-
chine learning (ML), deep learning, natural language process-
ing (NLP), and predictive analytics, offer significant potential 
solutions to these challenges [7]. AI systems can process large 
volumes of heterogeneous data across healthcare systems, in-
cluding electronic health records (EHRs), genetic information, 
behavioral patterns, environmental factors, and social determi-
nants. These solutions enable the generation of individualized 
risk assessments, treatment recommendations, and interven-
tion strategies, thereby facilitating personalized patient man-
agement [8]. Furthermore, AI-supported remote monitoring 
applications and telemedicine platforms can improve access to 
specialists, thereby reducing the burden on healthcare systems 
[9].

Despite increased access to and investment in AI within 
healthcare, studies have demonstrated that the pediatric obe-
sity specialty remains underrepresented in AI research and 
implementation [9]. Significant progress has been made in AI 
applications for the management of adult chronic diseases and 
certain pediatric conditions. However, comprehensive reviews 
specifically addressing AI in pediatric medicine are lacking. 
Pediatric obesity management differs from adult medicine due 
to unique developmental, familial, and ethical considerations, 
making this gap particularly concerning. Unique pediatric con-
siderations include the influence of growth and pubertal de-
velopment on body composition trajectories, the central role 
of families and caregivers in behavioral interventions, age-de-
pendent metabolic variability, and stricter ethical and privacy 
regulations governing the use of minor’s health data [10].

This review synthesizes current evidence regarding AI ap-
plications in pediatric obesity management across four prima-
ry domains: predictive analytics and risk stratification, clinical 
decision support systems (CDSS), digital medicine and remote 
monitoring technologies, and NLP integrated with EHRs. The 
evidence supporting each domain is examined with careful 
attention to implementation strategies, particularly regarding 
algorithmic bias and equitable access. This analysis aims to 
identify critical gaps and challenges while providing a com-
prehensive understanding of potential AI technologies to im-
prove pediatric obesity care, and to offer recommendations for 

pediatricians, obesity medicine specialists, family physicians, 
and other healthcare professionals.

Predictive Analytics and Risk Stratification

Early identification of high-risk individuals within periodic 
population screenings for obesity provides a critical opportu-
nity for timely intervention and prevention. However, the pre-
dictive accuracy of traditional risk assessment methodologies 
remains limited. ML algorithms have demonstrated promise 
for predicting obesity risk in adult populations and are current-
ly under investigation for pediatric applications [9]. These ap-
proaches leverage data extracted from EHRs and incorporate 
diverse sources, including biometric parameters, early child-
hood growth patterns, parental characteristics, socioeconomic 
status, and environmental variables. It is important to note that 
much of the available evidence derives from adult or general 
medical populations, and its direct applicability to pediatric 
obesity must be interpreted with caution; studies specific to 
pediatric cohorts remain limited.

Research demonstrates that ML applications achieve su-
perior predictive performance compared to traditional statisti-
cal methods across various healthcare platforms [10]. These 
algorithms facilitate the identification of high-risk children by 
analyzing growth trajectories, family history, and early-life 
risk factors in childhood obesity research [11]. Such models 
enable more effective predictions when additional variables, 
including birth weight, parental obesity status, and social de-
terminants of health, are incorporated.

AI applications, including deep learning models, can 
analyze complex nonlinear relationships and process high-
dimensional data. Using convolutional neural networks and 
other advanced architectures, it is possible to identify critical 
inflection points in pediatric EHR growth patterns that precede 
clinical obesity diagnosis through longitudinal growth trajec-
tory analysis. This capability enables the timely identification 
of intervention windows for the development of preventive 
strategies [12].

ML applications can support population-level risk strati-
fication in addition to individual-level predictions. These ap-
proaches facilitate targeted allocation of limited prevention 
and treatment resources for obesity prevention. An optimal 
stratification system can use EHR data to categorize children 
into low, moderate, and high-risk groups. This methodology 
enables intentional prioritization of intensive behavioral inter-
ventions for high-risk categories, while low-risk children can 
be directed to traditional universal prevention programs [5].

Despite advancements in AI applications, significant barri-
ers remain in translating clinical data using predictive models. 
Many algorithms demonstrate limited accuracy in identifying 
racial and ethnic minority populations, as well as children from 
low-income families, who are disproportionately affected by 
obesity [13]. This algorithmic bias often arises from training 
datasets that do not adequately represent diverse populations 
or from a failure to effectively account for social determinants 
of health and structural inequities [14]. Healthcare providers 
may be reluctant to use these data when predictions are not re-
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producible, and the interpretability of ML models undermines 
clinical trust [15].

CDSS

CDSS are AI applications that analyze patient-specific data 
to generate personalized recommendations, thereby assisting 
healthcare providers in making evidence-based treatment de-
cisions [16]. These systems have demonstrated significant po-
tential in addressing the complex and heterogeneous nature of 
pediatric obesity care, which often limits the effectiveness of 
conventional treatment protocols [17].

AI-powered CDSS are being developed to personalize 
obesity treatment recommendations. These technologies in-
tegrate factors such as individual metabolic phenotypes, be-
havioral patterns, and psychosocial variables into the design 
of intervention strategies. Such applications analyze EHR data 
for family dietary and physical activity patterns, and psycho-
social assessments to generate individualized care plans. These 
plans are typically aligned with evidence-based guidelines and 
aim to address family-specific barriers to effective obesity care 
[18]. Early implementation in pediatric primary care settings 
has the potential to enhance adherence to comprehensive obe-
sity assessment and counseling practices.

Studies indicate that ML applications can facilitate the 
identification of treatment-responsive phenotypes, potentially 
enabling early prediction of interventions that may benefit 
individual patients. These models can also predict responses 
to various obesity treatment modalities, including dietary in-
terventions, physical activity promotion, and comprehensive 
behavioral therapy. Treatment outcomes generally depend 
on characteristics such as age, metabolic parameters, family 
structure, and readiness for behavioral modifications [8]. As 
seen in Table 1, ML further helps efficiently match patients 
to appropriate interventions in line with established guidelines 
[11, 12, 16–20].

Reinforcement learning algorithms are being USED for 
personalizing the intensity and modality of obesity treatment 
over time by learning optimal decision-making through trial-
and-error interactions with dynamic environments. These 
systems can make real-time adjustments to recommendations 

and optimize intervention dosages based on individual treat-
ment responses, thereby reducing financial burdens for fami-
lies [12]. However, the validation of these approaches remains 
limited in real-time applications.

Despite the demonstrated potential of CDSS, several bar-
riers hinder their implementation. Integrating these models 
with existing EHR systems necessitates substantial technical 
infrastructure and workflow redesign. Additional challenges 
include healthcare providers’ concerns about liability, the pres-
ervation of clinical autonomy, the reliability of AI-generated 
recommendations, and the time required to review and imple-
ment CDSS outputs [16]. Furthermore, it is essential to uphold 
family-centered principles and ensure that recommendations 
are consistent with family preferences and cultural values.

Telemedicine and Remote Monitoring Technolo-
gies

The COVID-19 pandemic led to a rapid increase in the adop-
tion of telemedicine for patient care, including obesity manage-
ment, and highlighted both the opportunities and limitations of 
virtual healthcare delivery [21]. Remote monitoring technolo-
gies and telemedicine platforms enhanced by AI have the po-
tential to improve access to obesity management specialists, 
particularly for underserved populations, and to facilitate more 
frequent interactions between traditional clinical encounters.

Wearable devices and smartphone applications use AI al-
gorithms to continuously monitor physiological parameters, 
including physical activity, dietary intake, sleep patterns, and 
heart rate. These parameters provide real-time insights into 
behavioral trends and inform adaptive interventions, allowing 
for early identification of unhealthy behaviors or physiological 
deviations [18]. Mobile health applications analyze acceler-
ometer data, food images, and self-reported information about 
food and activity, and deliver personalized prompts to support 
behavioral modification and motivation. Studies indicate that 
such real-time interventions may improve physical activity 
levels and dietary quality among adolescents with obesity.

Computer vision and image recognition algorithms sup-
port the development of automated dietary assessment tools 
and reduce the burden of manual food logging, thereby im-

Table 1.  Current Artificial Intelligence Applications in Pediatric Obesity Medicine by Domain and Technology Category

AI domain Current applications Implementation status
Predictive analytics stage Early obesity-risk prediction, 

analysis of growth trajectories
Research, early pilots, e.g., Esteva et al [12] demonstrated deep learning 
approaches; Ward et al [11] modeled childhood-to-adult obesity trajectories.

Clinical decision support 
phase (testing)

Treatment planning assistance, 
guideline-support prompts

Early pilots, limited clinical testing, e.g., Barlow et al [17] expert 
committee framework; Sutton et al [16] CDSS overview

Remote monitoring (apps) Wearable analytics, diet tracking Growing use, commercially available, e.g., Nahum-Shani et al [18] 
JITAI framework; Boushey et al [19] image-based dietary assessment.

Natural language processing 
adoption (studies)

Identification of obesity 
cases, documentation aid

Early pilots, e.g., Kreimeyer et al [20] NLP systems 
for clinical information extraction.

This table summarizes key AI applications across predictive analytics, clinical decision support, remote monitoring, and natural language processing 
domains, including representative studies, technology approaches, reported performance metrics, and implementation status. Source: Table synthe-
sized by authors JP, MS, and VSC from data extracted from [11, 12, 16–20]. Literature coverage: 2015–2024. AI: artificial intelligence.
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proving accuracy [19]. These applications enable healthcare 
providers to continuously monitor dietary patterns by analyz-
ing meal photographs to estimate portion sizes and nutritional 
content, and to provide real-time feedback to patients and 
families. Integration of these applications with telehealth plat-
forms facilitates synchronous dietary counseling and supports 
timely dietary interventions.

Virtual reality and gamification strategies combined with 
AI-driven personalized algorithms have the potential to enhance 
engagement, physical activity, and nutrition awareness. These 
platforms deliver content tailored to individual progress and 
preferences, utilizing real-time adjustments to difficulty levels 
and reward systems. This approach may promote behavioral 
change through dynamic, individualized content delivery [22].

Limitations to the use of AI in pediatric obesity manage-
ment are diverse. The implementation of remote monitoring 
technologies is associated with significant inequities in access. 
Disparities in the availability of smartphones, wearable devic-
es, and reliable internet connectivity exacerbate existing health 
inequities. Security concerns are particularly critical in pedi-
atric populations and necessitate robust safeguards to prevent 
data breaches and misuse [23]. Furthermore, excessive screen 
time and technology-mediated care may undermine social 
connections and the principles of family-centered care, both 
of which are essential for effective pediatric obesity treatment.

NLP and EHR Integration

NLP is a branch of AI that enables computers to interpret and 
generate human language. NLP has several practical appli-
cations in pediatric obesity management, such as automated 
screening and identification of pediatric obesity cases, clinical 
documentation support, and extraction of insights from un-
structured clinical notes [20].

NLP algorithms can analyze free-text clinical notes to 
identify pediatric patients with obesity or related comorbidities 
that are not typically captured by structured diagnostic ICD 
codes. This approach addresses underdiagnosis and enhances 
case ascertainment. Studies from other clinical domains have 
demonstrated that NLP systems achieve high sensitivity and 
specificity in identifying pediatric obesity cases from clinical 
notes, surpassing identification rates based on diagnosis codes 
[20]. Improved case identification enables more comprehen-
sive population health management and supports quality im-
provement initiatives in pediatric obesity care.

AI-driven documentation tools that utilize NLP and speech 
recognition have been shown to reduce physician burnout asso-
ciated with clinical documentation, particularly during exten-
sive obesity-focused visits. Consequently, these tools increase 
the amount of time providers can dedicate to direct patient care 
and family engagement, thereby enhancing patient satisfaction 
and outcomes. These technologies are also capable of generat-
ing patient visit summaries, extracting data relevant to obesity 
registries, and automatically translating this information into 
quality measure initiatives [20]. Preliminary evidence from 
general pediatric care indicates that NLP-supported documen-
tation improves the comprehensiveness of clinical records and 

reduces providers’ administrative burden [20].
NLP systems facilitate the analysis of clinical narratives to 

identify patterns, statement strategies, and outcomes that may 
not be evident in structured data. The analytical capabilities of 
NLP support quality improvement initiatives, enhance com-
parative effectiveness research, and help identify best practices 
in real-world obesity care delivery [9]. Furthermore, NLP can 
extract data from clinical notes regarding social determinants 
of health, thereby enabling more comprehensive risk assess-
ments and the development of personalized interventions.

The effective implementation of NLP technologies pre-
sents significant challenges. Clinical documentation practices 
and EHRs exhibit considerable variability, and the complex-
ity of abbreviations and medical jargon requires careful atten-
tion to accuracy across diverse linguistic and cultural contexts 
[19]. Erroneous NLP-generated documentation or case iden-
tification may have substantial consequences for patient care, 
underscoring the need for ongoing scientific validation and 
concurrent human oversight. The integrated AI workflow in 
pediatric obesity care is illustrated in Figure 1.

Implementation Challenges and Ethical Consid-
erations

The integration of AI technology into pediatric obesity man-
agement presents significant technical, clinical, and ethical 
challenges [21]. AI systems trained on non-representative 
datasets may perpetuate and exacerbate health disparities, rais-
ing substantial concerns regarding algorithmic bias [13]. Inten-
tional and systematic inclusion of representative and accurate 
data, along with comprehensive fairness testing, is necessary 
to achieve equitable performance across diverse populations 
[22, 23].

Maintaining data privacy and security is particularly im-
portant in pediatric populations, given enhanced protections 
for minors and parental authority over children’s health infor-
mation. Compliance with regulatory requirements and main-
taining family trust are essential for implementing AI systems 
that process sensitive health data [22]. Table 2 displays how 
clear communication about data use, storage, and sharing prac-
tices is critical for obtaining informed consent and addressing 
ethical challenges in AI implementation [21–23].

Adapting AI models to ensure interpretability and ex-
plainability is essential for fostering clinical trust. Healthcare 
providers must understand the rationale behind AI-generated 
recommendations and assess their sustainability to effectively 
communicate these insights to families, thereby upholding 
accountability in clinical scenarios [14]. AI platforms should 
generate predictions with transparent explanations to reduce 
resistance from both clinicians and families [24–26].

Integrating AI tools into existing clinical workflows and 
EHR systems presents several practical challenges. AI tools 
that do not require additional time or effort from clinicians are 
more likely to be adopted in the long term, regardless of tech-
nical sophistication [27]. Research indicates that successful AI 
integration must address not only algorithmic fairness but also 
equitable access to AI-enabled technologies and services. Ef-
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fective implementation depends on user-friendly design, op-
timized workflows, and adequate training support. Attention 
to digital literacy, technology access, and the development of 
culturally appropriate tools that integrate with community-
based resources is also necessary. These measures help ensure 
that AI innovations benefit, rather than marginalize, vulnerable 
populations [28].

Maintaining a central framework of family-centered care 
and therapeutic social connections remains essential [29]. AI 
should support human relationships, clinical judgment, and 
family empowerment, all of which are fundamental to effec-
tive pediatric obesity care. Ongoing evaluation and future re-
search are required to balance technological innovation with 
holistic, human-centered medical practice.

Figure 1. AI workflow in pediatric obesity care pathway. The figure depicts the flow of various information types (e.g. medical 
records, wearable device data, family context, and environmental factors) into a single AI engine. This engine analyzes the ag-
gregated data and provides insights and guidance to families, patients, and pediatric care teams. Actions taken by these groups 
generate new data, which are subsequently reintegrated into the AI engine, establishing a continuous feedback loop. Source: Figure 
created by authors JP, MS, and VSC using Microsoft PowerPoint from data extracted from sources [16–20]. AI: artificial intelligence.
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Future Directions

AI research and implementation in pediatric obesity medicine pre-
sent several promising directions. AI tools must be developed and 
validated to address the needs of diverse pediatric populations, 
including various age groups, racial and ethnic backgrounds, and 
socioeconomic contexts [28]. Future research should prioritize 
the design of prospective clinical trials comparing AI-enhanced 
care to standard care, using long-term outcomes such as body 
mass index (BMI) trends, metabolic health, and psychosocial 
well-being as critical evidence of AI’s clinical effectiveness.

AI-driven precision medicine approaches can facilitate 
the identification of novel obesity phenotypes and therapeutic 
targets by integrating multi-omics data, such as genomics, me-
tabolomics, and microbiome analysis, with clinical, behavioral, 
and environmental information systems [30]. These strategies, 
in turn, support the development of personalized treatment plans 
that target specific biological mechanisms underlying obesity.

Future research should also explore the development of 
federated learning approaches, which enable the training of AI 
models across multiple institutions without sharing sensitive pa-
tient data. This strategy addresses privacy concerns while ena-
bling the creation of robust models from large, diverse datasets 
[31]. The expansion of such methodologies, where data remain 
distributed across various healthcare systems, is particularly 
valuable for pediatric populations by enhancing data security.

Research into AI applications that primarily focus on obe-
sity prevention, rather than treatment, represents an underex-
plored opportunity [32]. As seen in Figure 2, this approach may 
lead to the development of more effective and cost-efficient 
strategies, as AI-powered early intervention systems can iden-
tify and support families during critical developmental periods 
such as pregnancy, early childhood, and adolescence.

Conclusions

AI shows emerging potential to support pediatric obesity care 
by enabling improved risk assessment, individualized clinical 
decision-making, scalable remote monitoring, and optimized 

AI-driven health records. ML algorithms have shown promise 
in identifying children at elevated risk for obesity, while CDSS 
provide tailored treatment recommendations. Remote monitor-
ing platforms facilitate sustained patient engagement, and NLP 
tools improve case identification and documentation.

However, achieving these benefits necessitates address-
ing challenges, including algorithmic bias, data privacy and 
security concerns, limited interoperability, implementation 
barriers, and health inequities. Effective integration requires 
rigorous validation across diverse populations, user-centered 
design aligned with clinical workflows, and robust privacy 
protections with transparent algorithms. Collaboration among 
pediatric providers, obesity specialists, researchers, and poli-
cymakers is crucial to ensure that AI augments clinical judg-
ment and therapeutic relationships. With thorough evaluation, 
AI can enhance prevention and treatment efforts, broaden ac-
cess, and improve outcomes for children globally. While most 
applications remain in research or early pilot phases, continued 
development and rigorous clinical validation are essential.
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