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Introduction

Obesity is a pressing global health concern, especially in the 
Middle East, due to rapid urbanization and lifestyle changes. 
Obesity affects over one billion people globally, including 650 
million adults, 340 million adolescents, and 39 million children, 
according to the World Health Organization.[1] In Saudi Arabia, 
adult obesity prevalence (body mass index [BMI] ≥30 kg/m2) 
is notably high at 24.7%, ranking among the highest obesity 
rates in the Middle East.[2] Factors contributing to this include 
increased consumption of processed foods and sugar-sweetened 
beverages, sedentary lifestyles due to rapid urbanization and 
motor vehicle reliance, and limited access to nutritious food 
and recreational facilities.[3] Saudi Arabia has witnessed a 
dramatic shift in dietary habits and physical activity patterns 
over the past four decades. A rise in sedentary behaviors and 
the consumption of calorie‑dense foods has contributed to a 

rise in obesity rates over ten years in Saudi Arabia.[4] Obesity 
has a significant economic and social impact on healthcare 
systems and societies. From 2010 to 2020, obesity rates in 
Saudi Arabia increased by approximately 5%, resulting in an 
economic burden of $3.8 billion in 2019, equivalent to 4.3% 
of total healthcare spending.[5]
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The rising prevalence of obesity poses a significant public health 
challenge, necessitating the development and implementation 
of comprehensive public policies aimed at its prevention and 
management. Obesity is a major risk factor for numerous 
chronic noncommunicable diseases (NCDs), including type 2 
diabetes, cardiovascular disease, and certain cancers, placing a 
substantial burden on healthcare systems and reducing overall 
population productivity and quality of life.[6] A well‑designed 
public policy can address the root causes of obesity through 
multisectoral approaches that promote healthy diets, encourage 
physical activity, regulate food marketing  –  especially to 
children  –  and improve urban planning to support active 
lifestyles. Moreover, such policies can ensure equitable 
access to preventive and therapeutic services, particularly for 
vulnerable and underserved populations.[7]

Public health policies often face limitations in addressing 
health issues comprehensively. These include a lack of 
precision, insufficient targeting of high‑risk populations, and 
inadequate evaluation.[8] These issues can lead to generalized 
interventions that don’t address specific community needs. 
In addition, policymakers may lack the tools to assess the 
real‑time effectiveness of interventions, hindering timely 
adjustments and improvements. To address these limitations, 
a shift toward precision public health approaches, improved 
targeting of high‑risk populations, and robust evaluation 
mechanisms is needed.

Artificial Intelligence  (AI) can be utilized to enhance the 
development and implementation of public health policies 
for obesity prevention by modeling and simulating public 
health interventions, personalizing weight management 
programs, predicting policy outcomes, refining interventions, 
and tailoring strategies. AI has the potential to revolutionize 
public health policy through various techniques, such as 
machine learning (ML) models, which can forecast obesity 
prevalence, identify high‑risk populations, and target 
interventions effectively. Unsupervised learning clusters 
communities with similar obesity determinants, while natural 
language processing  (NLP) can evaluate public perception 
of obesity‑related policies. Text summarization condenses 
complex legislative documents for quicker policy analysis. 
Reinforcement learning (RL) models can optimize intervention 
strategies[8] and propose adaptive SSB tax rates based on 
consumer behavior, optimizing policy impact. Agent‑based 
modeling (ABM) simulations simulate individual behaviors, 
informing targeted interventions. Computer vision analyzes 
visual data to monitor public health trends, guiding resource 
allocation.[9] Systems dynamics modeling identifies how 
obesity policies interact with economic, behavioral, and 
biological factors, providing a comprehensive understanding 
of policy impacts.

Previous research, including Powell et al. and Nianogo and 
Arah, showed that simulation models combining school and 
community‑based interventions effectively reduced obesity 
prevalence.[9-11] Giabbanelli and MacEwan  (2024) further 

emphasized AI‑driven participatory modelling for policy 
assessment.[12]

Policy simulation will allow policymakers to optimize strategies 
and predict potential outcomes before implementation, 
aiding in designing effective and equitable health policies.[13] 
Simulation modeling can be a crucial tool in public health 
policy, allowing policymakers to assess the effectiveness of 
different strategies before real‑world implementation. Studies 
have shown that incorporating AI systems can provide nuanced 
insights into the potential impacts of interventions. Powell 
et al. used a systems model to simulate the impact of policy 
interventions on childhood obesity prevalence in Georgia, 
predicting that implementing daily school physical education 
and integrating moderate‑to‑vigorous physical activity into 
elementary classrooms could significantly reduce obesity rates 
among children and adolescents.[9] Nianogo and Arah used the 
Virtual Los Angeles Obesity Model to evaluate the long‑term 
effectiveness of various interventions, finding that combining 
multiple interventions throughout an individual’s lifespan 
could substantially mitigate obesity and type  2 diabetes.[10] 
Giabbanelli and MacEwan (2024) explored the integration of 
AI with simulation modeling, demonstrating how AI‑driven 
participatory modeling could enhance the development and 
evaluation of obesity‑related.[12] Therefore, the aim of this 
concept paper is to develop and present an AI‑driven simulation 
framework capable of evaluating the projected impacts of 
public health policies for obesity prevention in Saudi Arabia. 
This model is intended to support evidence‑informed 
decision‑making by enabling policymakers to compare potential 
interventions, forecast long‑term outcomes, and optimize the 
allocation of healthcare resources. The primary objective is 
to create a multimethod simulation model integrating ABM, 
system dynamics modeling (SDM), and RL to predict the effects 
of interventions on obesity prevalence, healthcare costs, and 
behavioral changes over a 10–20‑year horizon. The model aims 
to facilitate evidence‑based decision‑making by comparing 
policy scenarios and optimizing resource allocation, customized 
to Saudi Arabia’s distinct sociocultural and health context.

Methods

Study design and objectives
This study utilized a computational simulation approach 
to assess the impact of public health policies on obesity 
prevention in Saudi Arabia. The main goal was to simulate 
and compare policy scenarios to guide decision‑making from 
a societal perspective, aiming to reduce obesity prevalence and 
related healthcare costs over a 10–20‑year period. The study 
incorporated AI techniques, including ML, RL, and NLP, to 
develop a multimethod simulation model that integrates ABM 
and SDM for policy impact analysis. The study will proceed 
in four stages: data collection, model development, simulation 
execution, and outcome assessment.

The decision problem focused on evaluating multifaceted 
interventions in a high‑obesity setting (adult prevalence  ~35% 
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in Saudi Arabia). Simulation was selected over empirical 
trials due to ethical and logistical challenges in implementing 
large‑scale policy experiments. A conceptual framework 
[Figure 1] directed the model’s development to align with the 
research question.

Figure  1, a flowchart illustrating agent interactions, system 
dynamics, and policy levers, will direct the process in 
accordance with ISPOR‑SMDM guidelines. It will feature 
color‑coded layers (policy – yellow, agents/resources – blue/
green, dynamics – light green, and outputs – orange) with clear 
directional arrows indicating the flow of influence. A feedback 
loop  (dashed red) from model outputs to policy levers will 
reflect the ISPOR‑SMDM focus on adaptive decision‑making.

Data collection
Datasets and sources
The AI‑driven simulation model for assessing public health 
policy impacts on obesity prevention in Saudi Arabia will 
be trained and validated using data from multiple sources, 
including specific attributes of these sources, to ensure 
comprehensive local information.

The simulation model will be trained and validated using diverse, 
high‑quality datasets chosen for their relevance, recency (post‑2015), 
and reliability (sourced from peer‑reviewed publications or official 
records). A systematic search across PubMed, Google Scholar, 
and government portals will identify datasets, with quality 
evaluated using the Newcastle–Ottawa Scale (retaining datasets 
scoring ≥7/9). Data will be accessed through APIs (e.g., World 

Health Organization [WHO]), public downloads, and institutional 
agreements with the Ministry of Health (MOH) and King Abdullah 
International Medical Research Center.

Table 1 outlines the sources and their attributes.

Data types and preprocessing
Data will be organized into five categories and integrated using 
a PostgreSQL database:
1.	 Epidemiological and public health: Obesity prevalence 

NCD incidence (e.g., diabetes)[18,22-24]

2.	 Socioeconomic and demographic: Income levels, 
urbanization, and education levels[19]

3.	 Behavioral and consumer: Dietary habits (e.g., processed 
food intake) and physical activity  (from surveys and 
wearables)[20,25]

4.	 Health policy and intervention: Programs, initiatives, 
and public health programs, including school‑based 
interventions, sugar tax policies, and physical activity 
initiatives[21,24,26,27]

5.	 AI and simulation‑specific: ML datasets for predicting 
trends.[28]

Data preprocessing
Data harmonization will be performed to ensure comparability 
across sources. Key variables will be standardized. Missing 
data and inconsistencies will be addressed through the 
systematic procedures. Validation procedures will be 
implemented to ensure the robustness of the integrated 
dataset.

Figure 1: A conceptual model
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Data harmonization
1.	 Standardization of definitions  (e.g.,  obesity as 

BMI ≥30 kg/m2 and consistent age/gender stratifications)
2.	 Unit conversion and z‑scoring for continuous variables
3.	 Entity resolution for overlapping concepts (e.g., reconciling 

regional prevalence estimates across GASTAT and 
MOH).

Handling missing data and inconsistencies
1.	 Missingness limited to  <10% per dataset; addressed 

through multiple imputation by chained equations (MICE)
2.	 Cross‑validation of key indicators (e.g., national obesity 

prevalence) against multiple sources; discrepancies 
resolved by prioritizing primary national sources 
(GASTAT/MOH) over aggregates (WHO) unless the latter 
provide unique benchmarks

3.	 Sensitivity analyses test the impact of source‑specific 
variations (e.g.,  self‑reported vs. measured BMI in 
GASTAT surveys).

Natural language processing‑assisted extraction
For unstructured sources (e.g., policy documents and reports), 
spaCy-based NLP extracts standardized features (such as 
intervention parameters and sentiment), will be used to reduce 
manual coding bias.

Validation checks
1.	 Internal calibration against recent GASTAT/MOH 

time‑series data
2.	 External comparison with independent benchmarks 

(e.g., WHO projections)
3.	 Probabilistic sensitivity analysis  (beta/log‑normal 

distributions) quantifies uncertainty from data sources.

Data access through APIs (e.g., WHO), public downloads, and 
institutional partnerships. Preprocessing steps include handling 
missing data (<10% per dataset, using MICEs), standardizing 
continuous variables  (z‑scoring), and resolving entities for 
data integration. NLP (using spaCy) will analyze  ~500 policy 
documents and reports to extract features like policy sentiment 
and intervention specifics.

The AI‑driven simulation model in Saudi Arabia will 
incorporate data from various sources to analyze adult obesity 

rate trends and projections, thus aiding in informed public 
health policy decisions to combat obesity. NLP will be used 
to extract insights from policy documents, research articles, 
and health reports, guiding the model’s decision‑making 
framework.

Model development
Developing an AI‑driven simulation model to evaluate the 
impact of public health policies on obesity prevention in 
Saudi Arabia involves implementing several advanced AI 
models. The simulation model will integrate ABM and SDM 
within a multimethod framework that will be used to simulate 
individual actions and interactions in obesity prevention. 
ABMs can model individual behaviors related to diet, 
physical activity, and responses to public health interventions, 
providing insights into how these behaviors aggregate to 
influence obesity rates. SDMs use differential equations to 
represent relationships and feedback loops within complex 
systems, helping predict long‑term trends in the prevalence of 
obesity. The framework enhanced by RL represents individual 
behaviors and system‑wide dynamics to make decisions 
by rewarding desired outcomes, optimizing public health 
strategies by evaluating various policy combinations. ABM 
will simulate 10,000 agents (segmented by age, gender, and 
region) interacting in a virtual setting with policy variables 
(e.g.,  taxes and campaigns). SDM will use differential 
equations to model feedback loops, such as d (Obesity Rate)/
dt = f (Diet, Activity, Policies). RL (via Stable Baselines3) 
will optimize policy combinations, prioritizing outcomes 
like lower BMI. Additional ML models  (Random Forest 
and Neural Networks (NN) using TensorFlow) will forecast 
obesity risks, while Recurrent NN will process time‑series data 
from EHRs/wearables, and geospatial analysis (GeoPandas) 
will incorporate urban planning data.[29-31]

Implementation will leverage Python 3.10, utilizing Mesa 
for ABM, PySD for SDM, TensorFlow for ML, and spaCy 
for NLP. Key settings include a learning rate of 0.001 (RL), 
an 80/20 train‑test split  (ML), and 5‑fold cross‑validation. 
Assumptions include bounded rationality for agents, a 2% 
annual population growth rate, and no significant external 
disruptions  (e.g.,  pandemics), validated through sensitivity 
analysis.

Table 1: Outlines the sources and their attributes

Source Attributes Sample size
GASTAT[14] Obesity prevalence by age/gender/region, dietary 

habits, and physical activity
~50,000 surveys

MOH[15] Preventive behaviors, healthcare utilization Aggregated, ~2300 facilities
Saudi Biobank, KAIMRC, and KFSHRC[16] Biosamples and clinical NCD data ~10,000 participants
WHO Global Health Observatory[17] Epidemiological trends and benchmarks National aggregates
Saudi Health Information Survey[14] Health behaviors and intervention outcomes ~10,000 respondents
Published research studies and governmental reports on 
obesity trends and intervention outcomes in Saudi Arabia[18]

Consumer behavior (e.g., supermarket data) Variable

Census, wearables[19-21] Demographics (urban/rural, income), physical activity ~100,000 aggregated
MOH: Ministry of Health, GASTAT: General Authority for Statistics, KAIMRC: King Abdullah International Medical Research Center, KFSHRC: King 
Faisal Specialist Hospital and Research Centre, WHO: World Health Organization, NCD: Noncommunicable disease
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The integration of AI models with localized data, such as 
demographics, health statistics, and behavioral patterns, 
will enable policymakers to simulate scenarios and design 
effective interventions tailored to Saudi Arabia’s unique public 
health landscape. Figure 2 illustrates the model architecture 
integration of an agent‑based model (ABM) and an SDM, with 
an RL optimizer managing policy levers and adapting based 
on simulation results.

Simulation execution
Simulations will be conducted to analyze the effectiveness of 
different policy interventions. Monte Carlo simulations are 
widely used in public health modeling to account for uncertainty 
and variability in complex systems.[32] Simulations  (1000 
Monte Carlo runs per scenario, with monthly time steps) 
will assess policy effectiveness over a 10–20‑year period. 
Key interventions  [Table  2] were parameterized using 
evidence‑based data  (e.g.,  tax elasticities derived from 
meta‑analyses).

Measured outcomes included obesity prevalence (BMI ≥30), 
healthcare costs  (SAR/year), and behavioral changes 
(e.g., reduced kcal intake).

Scenarios include:
1.	 Baseline: No interventions and current obesity trends 

(projected 5% increase by 2035)
2.	 Taxation: 20% sugar‑sweetened beverage tax and 

subsidies for healthy foods  (elasticity: −1.2 and range: 
−0.8 to −1.6)[33,34]

3.	 Regulatory: Nutritional labeling and bans on junk food in 
schools (compliance: 60% and range: 40%–80%)[35]

4.	 Lifestyle: Physical activity initiatives  (e.g.,  cycling 
lanes, AI coaching apps; participation: 30%, range: 
20%–50%)[36]

5.	 Combined: All interventions implemented together. 
Outcomes will measure obesity prevalence, healthcare 
costs  (SAR/year), and behavioral shifts  (e.g.,  reduced 
kcal intake, increased activity minutes). Simulations will 
be executed on an AWS EC2 cluster (64 cores).

The model will simulate short‑term and long‑term policy 
impacts, measuring obesity prevalence, healthcare costs, and 
behavioral shifts over time.

Model validation
To ensure model reliability and accuracy of the simulations, 
validation will include:

Figure 2: Model architecture diagram
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•	 Internal: Unit testing to verify code logic and calibration 
against 2015–2023 GASTAT data  (RMSE <5%) using 
genetic algorithms

•	 External: Comparison with WHO projections for 
2025–2035,[17] alongside face validity assessed via the 
Delphi method with 15 Saudi public health experts 
(agreement >80%)

•	 Uncertainty: Probabilistic sensitivity analysis using beta 
distributions for probabilities and log‑normal distributions 
for costs, plus one‑way and two‑way sensitivity analyses 
on key parameters (e.g., compliance ± 20%); structural 
uncertainty evaluated by comparing ABM‑only versus 
multimethod models.

Reproducibility
Code and documentation will be openly accessible. The 
repository will include a data dictionary and a model flowchart. 
Simulations will be executed on a high‑performance computing 
cluster (e.g., AWS EC2 with 64 cores).

The model will undergo:
•	 Cross‑validation using historical policy data and 

real‑world obesity trends
•	 Sensitivity analysis to determine how variations in input 

parameters  (e.g.,  policy enforcement levels and public 
compliance) affect outcomes

•	 Expert validation through consultations with public health 
professionals and policymakers in Saudi Arabia.

Expected Outcomes

The simulation is expected to provide predictive insights into 
the effectiveness of various policy scenarios:
1.	 Baseline scenario: Obesity prevalence is forecasted 

to increase from 24.7% in 2025 to 30% by 2035, 
with healthcare costs rising by 5% annually, reaching 
approximately SAR 4.5 billion by 2035

2.	 Taxation scenario: A  20% tax on sugar‑sweetened 
beverages is projected to decrease obesity prevalence 
by 2%–3% over a decade, yielding cost savings of 
SAR 500–800 million due to reduced consumption 
(elasticity: −1.2)

3.	 Regulatory scenario: School junk food bans and 
nutritional labeling are expected to reduce obesity by 
1%–2%, with a greater impact at higher compliance 
rates (80%)

4.	 Lifestyle scenario: Physical activity initiatives are 
anticipated to boost daily activity by 10–20 min, lowering 
obesity by 1%–1.5%

5.	 Combined Scenario: Implementing all interventions 
together is projected to cut obesity by 5‑7% by 2035, with 
cumulative cost savings of SAR 1.2–1.8 billion. Subgroup 
analyses will examine effects across age, gender, and 
regions (e.g., urban vs. rural). Sensitivity analyses will 
assess uncertainty (e.g., 95% CI for prevalence: ±1.5%). 
Results will be presented through graphs  (e.g., obesity 
trends and cost curves) and tables summarizing scenario 
outcomes.

The AI‑driven simulation model will generate predictive 
insights into the effectiveness of obesity prevention policies. 
By comparing intervention scenarios, policymakers will 
receive data‑driven recommendations for optimizing resource 
allocation and policy implementation. This framework is 
expected to:
•	 Improve policy decision‑making by forecasting long‑term 

obesity trends and health outcomes
•	 Enhance public health strategies by identifying high‑impact 

interventions
•	 Serve as a scalable model for global applications in obesity 

prevention policy
•	 AI‑powered policy simulations can predict cost–benefit 

analyses of interventions, consumer behavior shifts 
postimplementation, and best‑performing policy 
combinations such as tax and physical activity incentives.

The findings from this study will contribute to the growing 
field of AI‑driven public health policy evaluation, offering a 
robust tool for addressing obesity in Saudi Arabia and beyond.

Key Public Health Interventions

The AI‑driven simulation model will be set to assess various 
interventions for obesity prevention.

Economic and fiscal policies
Food taxation and pricing policies include sugar‑sweetened 
beverage tax (ex. 15% tax on soft drinks), junk food tax 
(processed snacks and fast food), subsidies for healthy foods such 
as fruits, vegetables, and whole grains, and caloric density‑based 
taxation, which increases the tax for ultra‑processed foods. 
Workplace and community health incentives include employers 
providing wellness benefits like exercise reimbursement and tax 
deductions for gym memberships and fitness‑related expenses. 
These policies aim to promote healthier eating habits and reduce 
the tax burden on processed foods.[33,34]

Food environment and regulation policies
School and workplace nutrition policies ban junk food 

Table 2: Key interventions and parameters

Category Interventions Parameters (base/range)
Economic/fiscal Sugar‑sweetened beverage tax (10%–20%) and healthy food subsidies Elasticity: −1.2 (−0.8 to −1.6) (35–36)
Food environment/regulation Nutritional labeling and junk food bans in schools Compliance: 60% (40%–80%) (37)
Behavioral/lifestyle Physical activity programs (e.g., cycling lanes and AI coaching apps) Participation: 30% (20%–50%) (38)
AI: Artificial intelligence
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marketing, enforce healthy meal programs (compulsory fruit 
and vegetable servings), and enforce nutritional labeling 
laws  (front‑of‑pack warning labels). Restaurant and retail 
policies mandate calorie labeling on menus, require healthy 
meal options in fast-food outlets, and impose portion size limits 
on oversized sugary drinks.[35]

Behavioral and lifestyle interventions
The government is promoting physical activity through 
government‑funded sports programs, cycling lanes, 
pedestrian‑friendly urban design, free gym access, and 
integrating exercise into school curricula. Technology‑based 
solutions include AI‑driven health coaching apps, smart 
wearables, telehealth, and AI‑powered virtual dietitians.[36]

In the current protocol, the primary outcomes were selected as 
obesity prevalence and healthcare costs because they represent 
the most widely used indicators for evaluating public health 
policies and the economic burden associated with obesity.

Measuring the Impact in Real‑World

To ensure accuracy, AI models must be validated with 
real‑world data. We will plan the validation with real‑world 
data after the successful demonstration of the AI simulation 
model. The real‑world validation will include before‑and‑after 
comparisons, longitudinal tracking, time‑series analysis, ML, 
predictive analytics, surveys, self‑reported data, wearable 
and smart data tracking, and AI‑powered sentiment analysis. 
Before‑and‑after comparisons compare key metrics such as 
obesity rates and food consumption before and after policy 
implementation using historical control groups (regions where 
no policy changes occurred) to differentiate actual impact. 
Longitudinal tracking and time‑series analysis help predict 
trends over time, comparing simulated predictions with 
real‑world outcomes.[37]

Discussion

This protocol presents a sophisticated AI‑driven simulation 
framework to guide obesity prevention policies in Saudi Arabia, 
emphasizing precision public health. Key strengths include the 
multimethod approach  (integrating ABM, SDM, and RL), 
thorough data integration, and robust validation consistent 
with ISPOR‑SMDM and TRIPOD‑ML standards. By 
leveraging localized data, the model ensures cultural relevance, 
particularly addressing Saudi Arabia’s distinct sociocultural 
factors, such as gender norms influencing physical activity.

Limitations include the use of aggregated data, which may 
obscure individual differences, and assumptions of stable 
external conditions (e.g., absence of economic disruptions). 
Postsimulation validation with real‑world data, such as 
longitudinal studies or before‑and‑after analyses,[37] will 
be essential to verify predictions. Obesity affects multiple 
dimensions of health and societal functioning. Quality of 
life, mental health, and productivity can be included in 
the future iterations of the simulation framework. These 

outcomes can be incorporated into subsequent models in 
the future.

Future Research

Future research should focus on:
•	 Developing culturally relevant AI models tailored to Saudi 

Arabia’s demographics
•	 Enhancing public trust in AI‑driven health tools through 

educational initiatives
•	 Encouraging partnerships among the MOH, academic 

institutions, and tech companies to support Saudi Vision 
2030’s digital transformation objectives

•	 Promoting public awareness and acceptance of AI in health 
care

•	 Building interdisciplinary collaborations between 
policymakers, healthcare professionals, and AI experts.

This framework is poised to deliver actionable, evidence‑based 
policy recommendations, with potential applicability to other 
high‑obesity settings worldwide.
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