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Abstract: 
Personalized dietary guidance and sustained health behavior change remain challenging 
due to individual variability in metabolism, lifestyle, preferences, and adherence patterns. 
This paper proposes an Adaptive Artificial Intelligence (AI) Recommendation Engine 
designed to deliver dynamic, personalized diet and health behavior interventions by 
integrating multi-modal user data, including demographic profiles, dietary intake, physical 
activity, physiological indicators, and behavioral feedback. The proposed system employs 
a hybrid learning framework combining machine learning–based nutritional profiling, 
reinforcement learning–driven recommendation adaptation, and explainable AI 
mechanisms to continuously refine dietary plans and behavioral nudges in response to 
user progress and compliance levels. A feedback-aware optimization module dynamically 
adjusts caloric intake, macro-nutrient distribution, and lifestyle recommendations while 
minimizing user fatigue and recommendation drift. Experimental evaluation using real-
world and benchmark health datasets demonstrates improved adherence rates, dietary 
accuracy, and long-term behavior retention compared to conventional rule-based and 
static recommendation systems. The results indicate that the proposed adaptive AI engine 
offers a scalable, user-centric solution for personalized nutrition management and 
preventive healthcare applications. 
 
Keywords: Adaptive Artificial Intelligence; Personalized Nutrition; Diet Recommendation 
System; Health Behavior Change; Reinforcement Learning; Machine Learning; Explainable 
AI; Preventive Healthcare. 

 
1. Introduction 

Unhealthy dietary patterns and inadequate physical activity are major contributors to the 
global rise of chronic non-communicable diseases such as obesity, type-2 diabetes, 
cardiovascular disorders, and metabolic syndromes [1]. Although public health agencies 
provide standardized dietary guidelines, these generalized recommendations often fail to 
achieve sustained behavior change due to inter-individual variability in metabolism, 
lifestyle, cultural preferences, and psychological factors [2]. As a result, long-term 
adherence to healthy diets remains a persistent challenge. 
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Recent advancements in Artificial Intelligence (AI) and data-driven healthcare 
technologies have enabled the development of personalized health recommendation 
systems capable of leveraging large-scale user data [3]. Machine learning models have 
been increasingly applied to analyze dietary intake, physical activity, and physiological 
signals to generate tailored nutritional advice [4]. However, many existing diet 
recommendation systems rely on static rule-based logic or supervised learning models 
that lack continuous adaptability once deployed [5]. Such systems are often unable to 
respond effectively to evolving user behavior, lifestyle changes, or fluctuating motivation 
levels. 
Health behavior change is a dynamic and complex process influenced by cognitive, 
emotional, and environmental factors [6]. Studies indicate that adaptive interventions 
that incorporate real-time feedback and personalization significantly improve user 
engagement and adherence [7]. Reinforcement learning and adaptive optimization 
techniques provide a promising foundation for such systems by enabling continuous 
learning through user interaction and outcome-based feedback [8]. However, the black-
box nature of many AI models raises concerns regarding transparency and trust, 
particularly in healthcare applications. 
To address these challenges, explainable AI (XAI) has emerged as a critical component in 
intelligent health systems, offering interpretable insights into recommendation logic and 
decision-making processes [9]. Transparent recommendations not only enhance user 
trust but also support informed decision-making and ethical deployment of AI in 
healthcare environments. 
In this work, we propose an Adaptive AI Recommendation Engine for Personalized Diet 
and Health Behavior Change that integrates multi-modal user data with adaptive learning 
mechanisms to deliver dynamic and personalized dietary and lifestyle recommendations. 
The proposed framework continuously updates recommendations based on user 
compliance, behavioral feedback, and observed health outcomes. By combining 
reinforcement learning with explainable AI principles, the system aims to promote 
sustainable dietary adherence while maintaining transparency and user engagement. 
The key contributions of this study are summarized as follows: 
1. A hybrid AI-driven framework for personalized diet and health behavior 

recommendation using multi-modal user data. 
2. An adaptive reinforcement learning mechanism for continuous optimization of 

dietary and lifestyle recommendations. 
3. Integration of explainable AI components to enhance interpretability and user trust. 
4. Experimental validation demonstrating improved personalization accuracy and 

adherence compared to conventional approaches [10]. 
The remainder of this paper is organized as follows. Section II presents a review of related 
work on AI-based diet recommendation and behavior change systems. Section III details 
the proposed adaptive recommendation architecture and learning methodology. Section 
IV discusses experimental results and performance evaluation. Section V concludes the 
paper with future research directions. 
 

2. Literature Survey 
Personalized diet recommendation and health behavior change systems have evolved 
significantly from traditional rule-based nutrition planning to intelligent, data-driven 
decision-support frameworks [11]. Early digital nutrition tools primarily relied on expert-
defined dietary rules such as calorie thresholds, macro-nutrient ratios, and food-group 
constraints. While these approaches are easy to implement, they often fail to 
accommodate individual lifestyle variability and dynamic adherence behavior, resulting 
in limited long-term effectiveness [12]. 
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2.1 Personalized Diet Recommendation Systems 
Recent studies have explored machine learning-based personalization techniques to 
improve dietary recommendations by modeling user preferences, health goals, and 
physiological characteristics [13]. Clustering and supervised learning approaches are 
commonly employed to group users into dietary profiles and generate personalized meal 
plans. However, these systems generally assume stable user behavior and do not 
adequately capture temporal changes in eating patterns or motivation levels [14]. Hybrid 
recommender systems that combine content-based filtering with collaborative 
techniques have shown improved relevance but still suffer from cold-start issues and data 
sparsity in real-world applications [15]. 
 
2.2 Context-Aware and Multi-Modal Health Recommendation 
To enhance personalization, modern health recommendation systems integrate multi-
modal data sources, including physical activity metrics, sleep patterns, biometric signals, 
and contextual information such as time and location [16]. Context-aware 
recommendation engines dynamically adjust dietary suggestions based on real-time user 
constraints, leading to improved engagement and usability. However, challenges related 
to noisy sensor data, missing values, and heterogeneous data fusion remain significant 
obstacles to reliable recommendation performance [17]. 
 
2.3 Behavior Change and Digital Nudging 
Behavior change theories highlight that effective health interventions must consider 
psychological, environmental, and habitual factors alongside nutritional accuracy [18]. 
Digital nudging strategies, such as reminders, goal-setting prompts, and motivational 
messages, have been incorporated into mobile health platforms to improve dietary 
adherence. Nevertheless, excessive or poorly timed nudges can lead to user fatigue and 
disengagement, emphasizing the need for adaptive and personalized intervention 
strategies [19]. 
 
2.4 Reinforcement Learning for Adaptive Health Interventions 
Reinforcement learning (RL) has emerged as a powerful approach for optimizing 
sequential decision-making in personalized health recommendation systems [20]. RL-
based frameworks continuously learn optimal recommendation policies by maximizing 
long-term rewards such as sustained adherence and improved health outcomes. Despite 
their potential, RL systems face challenges related to reward formulation, delayed 
feedback, safety constraints, and computational complexity, particularly in real-world 
healthcare deployments [19], [20]. 
 
2.5 Explainability and Trust in AI-Based Health Systems 
The lack of transparency in AI-driven recommendation systems remains a critical concern 
in healthcare applications [18]. Explainable AI (XAI) techniques have been proposed to 
provide interpretable justifications for dietary and behavioral recommendations, thereby 
enhancing user trust and acceptance. However, designing explanations that are both 
accurate and easily understandable by non-expert users remains an open research 
challenge [20]. 
Research Gap Identification 
From the reviewed literature, it is evident that most existing diet and health behavior 
recommendation systems are either static or weakly adaptive, limiting their ability to 
respond to evolving user behavior [11]–[15]. Moreover, while adaptive learning 
approaches such as reinforcement learning improve personalization, they often lack 
effective explainability and user-fatigue-aware mechanisms, which are crucial for long-
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term sustainability [16]–[20]. These limitations motivate the development of an adaptive, 
explainable AI-driven recommendation engine capable of supporting sustained diet 
adherence and health behavior change. 
 

3. Design and Methodology 
The proposed Adaptive AI Recommendation Engine is designed as a modular, data-driven 
framework that continuously personalizes dietary and health behavior recommendations 
based on user characteristics, contextual factors, and feedback responses. The 
methodology integrates multi-modal data acquisition, feature extraction, adaptive 
learning, and explainable recommendation generation to support sustainable health 
behavior change. 
 
3.1 System Architecture Overview 
The overall architecture of the proposed system consists of five primary layers: (i) data 
acquisition, (ii) user profiling and feature engineering, (iii) adaptive learning and decision 
engine, (iv) recommendation and explainability module, and (v) feedback and 
optimization loop. This layered design enables scalability, robustness, and real-time 
adaptability in personalized health recommendation delivery. 
Multi-source data collected from dietary logs, wearable sensors, and user interactions are 
processed and stored in a secure health data repository. The system continuously updates 
user profiles to reflect changes in dietary habits, physical activity levels, and behavioral 
responses. 
The personalized dietary requirement of a user is estimated based on basal metabolic rate 
(BMR), activity level, and health objectives. The BMR is computed using a standard 
metabolic formulation as: 

BMR𝑢 = 𝛼 ⋅ 𝑊𝑢 + 𝛽 ⋅ 𝐻𝑢 + 𝛾 ⋅ 𝐴𝑢 + 𝛿 (1) 
 
where 𝑊𝑢, 𝐻𝑢, and 𝐴𝑢represent the weight, height, and age of the user 𝑢, respectively, and 
𝛼, 𝛽, 𝛾, 𝛿are model coefficients derived from nutritional guidelines. 
The daily caloric requirement is calculated as: 

𝐶𝑢 = BMR𝑢 × 𝐴𝐹𝑢 (2) 
 
where 𝐴𝐹𝑢denotes the activity factor determined from physical activity metrics. 

 
Fig. 1. Overall Architecture of the Proposed Adaptive AI Recommendation Engine 

 
Fig. 1 presents the high-level system architecture comprising data acquisition, user 
profiling, adaptive learning, explainable recommendation, and feedback optimization 
modules. Multi-modal data collected from dietary logs, wearable sensors, and user 
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interactions are processed and fed into the adaptive learning engine. The feedback loop 
enables continuous personalization by updating recommendations based on real-time 
user behavior and outcomes. 
 
3.2 Multi-Modal Data Collection and Preprocessing 
The data acquisition module collects heterogeneous data, including demographic 
attributes (age, gender, BMI), dietary intake (calorie consumption, macro-nutrients), 
physical activity metrics (step count, energy expenditure), physiological indicators (heart 
rate trends), and contextual data (time, location). Data preprocessing involves noise 
filtering, normalization, missing-value imputation, and temporal alignment to ensure data 
consistency across modalities. 
Each user state is represented as a multi-dimensional feature vector: 

𝑺𝑡 = [𝐶𝑢,𝑀𝑢, 𝑃𝑢, 𝐴𝑢 , 𝐻𝑢, 𝑅𝑢] (3) 
 
where 𝐶𝑢is caloric intake, 𝑀𝑢is macro-nutrient balance, 𝑃𝑢is physical activity level, 𝐴𝑢is 
adherence score, 𝐻𝑢represents health indicators, and 𝑅𝑢denotes recent feedback at time 
𝑡. Feature extraction techniques are applied to derive meaningful nutritional and 
behavioral indicators, such as daily caloric balance, adherence score, and activity 
regularity index, which are used as inputs to the adaptive learning model. 
 

 
Fig. 2. Multi-Modal Data Collection and Preprocessing Pipeline 

 
Fig. 2 illustrates the preprocessing pipeline for heterogeneous data sources, including 
dietary intake, physical activity, physiological signals, and contextual information. Noise 
filtering, normalization, missing-value imputation, and feature extraction are applied to 
generate structured inputs for the learning model, ensuring data consistency and 
reliability. 
 
3.3 User Profiling and Nutritional Modeling 
A personalized user profile is constructed using extracted features and historical data 
patterns. Nutritional modeling is performed using supervised machine learning 
techniques to estimate individual energy requirements, macro-nutrient needs, and 
dietary constraints.  
The recommendation process is formulated as a Markov Decision Process (MDP). The 
optimal policy 𝜋∗is obtained by maximizing the expected cumulative reward: 

𝜋∗ = 𝑎𝑟𝑔⁡𝑚𝑎𝑥⁡
𝜋

𝔼 [∑ 𝛾𝑡
𝑇

𝑡=0
⋅ 𝑟𝑡] (4) 
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where 𝛾is the discount factor and 𝑟𝑡is the reward function capturing adherence, 
satisfaction, and health improvement. 
 

Fig. 3. User Profiling and Nutritional Modeling Framework 

 
 
Fig. 3 depicts the construction of dynamic user profiles based on demographic attributes, 
health indicators, and behavioral patterns. Nutritional modeling techniques estimate 
personalized caloric and macro-nutrient requirements, which are continuously updated 
as new behavioral data becomes available. 
 
The reward function is defined as: 

𝑟𝑡 = 𝜆1𝐴𝑡 + 𝜆2𝐻𝑡 − 𝜆3𝐹𝑡 (5) 
 
where 𝐴𝑡denotes adherence gain, 𝐻𝑡represents health improvement, 𝐹𝑡is user fatigue, and 
𝜆1, 𝜆2, 𝜆3are weighting parameters. Users are dynamically categorized into evolving health 
and behavior clusters, allowing the system to adjust dietary strategies as user conditions 
change. 
 
3.4 Adaptive Learning and Recommendation Engine 
The core of the proposed system is an adaptive recommendation engine based on 
reinforcement learning (RL). The RL agent treats diet and behavior recommendation as a 
sequential decision-making problem, where each recommendation action influences 
future user states. The state space includes current health indicators, adherence levels, 
and contextual features, while the action space consists of dietary suggestions, portion 
adjustments, and behavioral nudges. 

 



Int. J.Adv.Sig.Img.Sci, Vol. 12, No. 1, 2026 

243 

Fig. 4. Reinforcement Learning-Based Adaptive Recommendation Process 
 
Fig. 4 demonstrates the reinforcement learning mechanism used to optimize diet and 
behavior recommendations. The RL agent observes the current user state, selects an 
appropriate action (dietary suggestion or behavioral nudge), and receives feedback in the 
form of rewards. The policy is iteratively updated to maximize long-term adherence and 
health outcomes. 
 
A reward function is designed to maximize long-term adherence and positive health 
outcomes while minimizing user fatigue. Rewards are computed based on user 
compliance, feedback ratings, and short-term health improvements. The policy is updated 
iteratively using feedback signals, enabling continuous adaptation to user behavior. 
 
3.5 Explainable Recommendation Module 
To improve transparency and trust, an explainable AI (XAI) layer is integrated with the 
recommendation engine. This module generates human-interpretable explanations for 
each recommendation by highlighting influential features such as recent dietary patterns 
or activity trends. Rule-based explanations and feature-importance analysis are employed 
to ensure clarity and compliance with ethical AI principles. 
 

 
Fig. 5. Explainable AI and Feedback Optimization Loop 

 
Fig. 5 illustrates the integration of explainable AI within the recommendation framework. 
The system generates interpretable explanations for each recommendation, highlighting 
contributing factors such as recent dietary patterns or activity levels. User feedback is 
incorporated to refine explanations and optimize future recommendations, enhancing 
transparency and trust. 
 
3.6 Feedback Loop and Optimization 
User feedback is continuously collected through explicit inputs (ratings, 
acceptance/rejection of recommendations) and implicit behavioral signals (meal 
completion, activity compliance). This feedback is incorporated into the learning loop to 
update both the user profile and the RL policy. The optimization process ensures that 
recommendations remain personalized, context-aware, and aligned with long-term health 
objectives. 
 

4. Experimental Results and Analysis 
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4.1 Experimental Setup 
The proposed Adaptive AI Recommendation Engine was evaluated using a combination of 
publicly available health datasets and simulated user interaction data to assess its 
effectiveness in personalized diet recommendation and health behavior change. The 
experimental setup considers diverse user profiles varying in age, body mass index (BMI), 
activity levels, and dietary preferences to ensure robustness and generalizability of 
results. 
The system was implemented using Python-based machine learning libraries, and 
reinforcement learning components were trained over multiple interaction episodes. 
Performance was compared against conventional rule-based diet recommendation 
systems and static machine learning-based recommenders to demonstrate the benefits of 
adaptivity and feedback-driven optimization. 
 
4.2 Evaluation Metrics 
To comprehensively evaluate the proposed framework, the following performance 
metrics were employed: 
• Recommendation Accuracy (%): Measures the relevance of diet recommendations 

with respect to user preferences and nutritional goals. 
• Adherence Rate (%): Indicates the percentage of recommendations followed by 

users over time. 
• Health Improvement Score: Quantifies improvements in key health indicators such 

as caloric balance and activity consistency. 
• User Engagement Index: Captures sustained interaction with the system, including 

feedback and compliance frequency. 
• Reward Convergence: Assesses the learning stability and convergence behavior of 

the reinforcement learning model. 
These metrics collectively capture both short-term recommendation quality and long-
term behavior change effectiveness. 
 
4.3 Performance Analysis 
The proposed model consistently achieves higher accuracy due to continuous user profile 
updates and adaptive learning. Unlike static systems, the reinforcement learning-based 
framework dynamically adjusts dietary suggestions in response to behavioral feedback, 
resulting in improved personalization. 
 

 
 

Fig. 6. Recommendation Accuracy Comparison 
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Fig. 6 illustrates the recommendation accuracy achieved by the proposed adaptive AI 
model in comparison with conventional rule-based and static machine learning-based 
diet recommendation systems. The proposed framework consistently outperforms 
baseline approaches due to its ability to continuously update user profiles and adapt 
recommendations using reinforcement learning. The improvement in accuracy 
demonstrates the effectiveness of feedback-driven personalization in capturing evolving 
dietary preferences and health goals. 

 

 
Fig. 7. Adherence Rate Analysis Over Time 

 
Fig. 7 presents the adherence rate of users interacting with different recommendation 
systems across multiple cycles. The proposed adaptive engine achieves a significantly 
higher adherence rate compared to traditional systems. This improvement is attributed 
to fatigue-aware recommendation adjustment and personalized nudging strategies, which 
enhance user compliance and reduce disengagement over prolonged usage periods. Fig. 7 
presents the adherence rate analysis over multiple interaction cycles. The adaptive 
recommendation engine demonstrates a significant improvement in adherence compared 
to conventional systems. This improvement is attributed to the feedback-aware reward 
function and fatigue-aware recommendation adjustment, which reduces user 
disengagement. 
 
4.4 Health Behavior Change Analysis 
The impact of the proposed system on long-term health behavior change is analyzed using 
health improvement scores, as shown in Fig. 8. Results indicate that users interacting with 
the adaptive system exhibit more consistent dietary compliance and physical activity 
patterns over time. The reinforcement learning mechanism effectively balances 
nutritional goals with user comfort, leading to gradual yet sustained behavior 
improvement. 
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Fig. 8. Health Improvement Score Evaluation 

 
Fig. 8 analyzes the impact of the proposed system on long-term health behavior change 
using a composite health improvement score. Users adopting the adaptive AI 
recommendations exhibit more consistent dietary patterns and physical activity levels 
compared to baseline methods. The results confirm that gradual, adaptive interventions 
are more effective than static recommendations in promoting sustainable health behavior 
change. 
 
 

 
 

Fig. 9. User Engagement and Explainability Impact 
 
Fig. 9 illustrates user engagement levels under different recommendation strategies. The 
inclusion of explainable AI significantly enhances engagement, as users are more likely to 
trust and follow recommendations when clear justifications are provided. This 
transparency improves interaction frequency and contributes to sustained system usage, 
highlighting the importance of explainability in AI-driven healthcare applications. Fig. 9 
analyzes user engagement trends. The inclusion of explainable AI components 
significantly enhances user trust and interaction, as users are more likely to follow 
recommendations when clear justifications are provided. This transparency directly 
contributes to higher engagement and adherence rates. 
 
4.5 Learning Convergence and Stability 
The stable convergence pattern indicates effective policy learning and adaptation without 
performance oscillations. This demonstrates the robustness of the proposed adaptive 
learning mechanism for long-term personalized diet and health behavior 
recommendation. 
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Fig. 10. Reinforcement Learning Reward Convergence 

 
Fig. 10 depicts the reward convergence behavior of the reinforcement learning agent 
across training episodes. The results demonstrate stable convergence, indicating that the 
learning policy effectively adapts to user behavior without oscillations or degradation in 
performance. This confirms the suitability of reinforcement learning for long-term 
personalized health recommendation tasks. 
 
4.6 Comparative Analysis with Existing Methods 
A comparative evaluation with existing rule-based and static ML-based diet 
recommendation systems reveals that the proposed framework outperforms baseline 
methods across all evaluated metrics. The adaptive learning capability, combined with 
explainability and feedback optimization, enables superior personalization and sustained 
health behavior change. 
 

5. Conclusion 
This paper presented an Adaptive AI Recommendation Engine for Personalized Diet and 
Health Behavior Change, designed to address the limitations of static and rule-based 
nutrition recommendation systems. By integrating multi-modal health data, 
reinforcement learning-based adaptation, and explainable AI mechanisms, the proposed 
framework enables continuous personalization of dietary and lifestyle recommendations 
in response to evolving user behavior and feedback. Experimental results demonstrated 
that the proposed system significantly outperforms conventional approaches in terms of 
recommendation accuracy, user adherence, engagement, and long-term health behavior 
improvement. The reinforcement learning-driven optimization effectively balances 
nutritional objectives with user comfort, while the explainable recommendation module 
enhances transparency and trust, which are critical for sustained adoption in healthcare 
applications. The findings confirm that adaptive, feedback-aware recommendation 
strategies are more effective than static interventions in promoting sustainable dietary 
adherence and positive health behavior change. The modular design of the proposed 
framework further supports scalability and real-world deployment across diverse user 
populations and healthcare settings. Future work will focus on incorporating clinically 
validated health indicators, federated learning for privacy preservation, and real-time 
integration with wearable and medical devices. Extending the framework to support 
personalized interventions for chronic disease management and population-scale 
preventive healthcare represents a promising direction for further research. 
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