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Abstract

The rising prevalence of diabetes mellitus has emerged as a major global health challenge. Early
identification of individuals at risk, combined with personalized lifestyle-based interventions, can
significantly reduce future complications. This study presents an Al-driven Nutrition Assistant
integrated with a Diabetes Risk Prediction model. The system uses a machine learning classification
approach to estimate the likelihood of diabetes based on clinical and nutritional factors, including body
mass index, glucose levels, diet patterns, and physical activity. Data preprocessing, feature selection,
and model training were performed on structured datasets to ensure reliability and accuracy. The
backend, developed using Node.js and Prisma ORM, manages data efficiently, while the Al module
employs OpenAl APls to provide personalized dietary recommendations. Experimental results
demonstrate high prediction accuracy and strong user engagement in nutrition guidance. The proposed
system highlights the combined potential of predictive analytics and Al-assisted nutrition planning for
supporting preventive healthcare.
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INTRODUCTION

The exponential rise in diabetes cases across the world underscores the urgent need for intelligent
healthcare systems that support early detection and lifestyle-based intervention. According to the World
Health Organization (WHO), diabetes currently affects more than 400 million individuals globally, with
projections indicating a dramatic increase in the coming decades. The condition is influenced by a
combination of genetic, environmental, and lifestyle factors, including unhealthy diet, obesity, and
sedentary behavior. Consequently, timely prediction and personalized guidance have become critical
components in both managing and preventing diabetes-related complications [1, 2].

Traditional diagnostic processes depend heavily on clinical assessment and manual evaluation, which
often lack real-time adaptability and individualized recommendations. With the emergence of artificial
intelligence (AI) and machine learning (ML), predictive healthcare has advanced significantly. These
technologies enable the analysis of large, diverse datasets to uncover relationships between dietary
habits, lifestyle choices, and health outcomes. Furthermore, recent developments in conversational Al
systems have made it possible to design Al-driven nutrition assistants that provide tailored dietary
suggestions aligned with user health parameters [3,

*Author for Correspondence 4] .
Shivin Tarare
E-mail: shivintarare2004@gmail.com

This research presents a comprehensive Al-
powered Diabetes Risk and Nutrition Assistant that
integrates machine learning techniques for risk

'Research Scholar, Department of Computer Application, P. E.
S. Modem College of Engineering, Pune, Maharashtra, India

Received Date: December 30, 2025
Accepted Date: February 05, 2026
Published Date: March 27, 2026

Citation: Shivin Tarare, Saurabh Paraskar, Kiran Chadde,
Himanshu Popat, Milind Deshpande. Diabetes Risk & Al
Nutrition Assistant. Research & Reviews: A Journal of
Bioinformatics. 2026; 13(1): 31-38p.

assessment with a conversational Al model for
personalized diet planning. The system evaluates
parameters, such as age, body mass index (BMI),
glucose levels, and dietary patterns, using
classification algorithms including Logistic
Regression and Random Forest for risk estimation.

© STM Journals 2026. All Rights Reserved

31



Diabetes Risk & Al Nutrition Assistant Tarare et al.

Additionally, the proposed assistant leverages OpenAl’s conversational capabilities to offer intelligent
meal planning, lifestyle modifications, and user-specific nutritional guidance [5, 6].

The motivation behind this work is to bridge the gap between data-driven medical insights and
accessible, user-friendly health advisory tools. By combining predictive analytics with interactive
dietary coaching, the proposed system aims to strengthen preventive healthcare, reduce diabetes-related
risks, and promote long-term lifestyle awareness [7].

PREPARE YOUR PAPER BEFORE STYLING

Several researchers have investigated the application of machine learning and artificial intelligence
for diabetes prediction and nutrition recommendation systems. Existing literature primarily addresses
these domains independently, with limited efforts toward developing an integrated framework that
combines both predictive diagnostics and personalized nutritional guidance [8].

Patel and Shah (2022) [2] developed a diabetes risk prediction model using Logistic Regression and
Support Vector Machines (SVM) on the Pima Indians Diabetes Dataset (PIDD), reporting an accuracy
of 78%. Although the model demonstrated promising classification capability, it lacked adaptability to
dynamic user inputs and did not incorporate nutritional factors. Similarly, Kumar et al. (2021) [3]
introduced a Random Forest — based predictive model integrated with electronic health record analytics,
achieving an improved accuracy of 84%. However, the system did not provide personalized dietary
recommendations or lifestyle guidance.

Recent advancements in Al-driven dietary management have been explored by Sharma and Gupta
(2022) [4], who incorporated natural language processing techniques into a chatbot-based nutrition
advisory system. Their model provided context-aware meal suggestions based on user preferences and
dietary restrictions, improving adherence to healthy eating patterns. Nonetheless, it did not account for
predictive medical indicators, such as diabetes risk. Likewise, the DietGPT framework proposed in Lee
and Kim (2023) [5] employed large language models for intelligent meal planning, but it operated
independently of physiological health parameters and risk assessment models.

In the field of healthcare automation [6], demonstrated the advantages of microservice-based
architectures for developing modular and scalable health informatics systems. Their findings support
the architectural approach adopted in this study, wherein prediction, nutrition, and user interaction
components are designed as independent yet interconnected services.

A key gap identified in prior studies is the absence of unified systems that seamlessly integrate real-
time diabetes risk prediction with adaptive nutritional guidance. The proposed Al-powered Nutrition
Assistant addresses this gap by combining machine learning based risk assessment with a
conversational Al module capable of generating personalized meal recommendations aligned with the
user’s predicted health profile [9, 10].

SYSTEM DESIGN

The proposed Diabetes Risk and Al Nutrition Assistant follow a three-tier microservice-based
architecture comprising:

1. Data Processing and Risk Prediction Service.

2. Nutrition Recommendation Service.

3. User Interface and Communication Layer.

This architectural design ensures modularity, scalability, and efficient integration between system
components.

System Overview
The system workflow consists of the following stages:
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1. User Data Collection: User inputs, such as age, BMI, glucose level, blood pressure, physical
activity, and diet type are collected via a web-based interface.

2. Preprocessing and Feature Engineering: Missing values are imputed, categorical variables are
encoded, and numerical attributes are normalized to prepare the data for machine learning
algorithms.

3. Model Prediction: The trained machine learning model evaluates the processed input and predicts
the probability of diabetes risk.

4. Nutrition Module: Based on risk prediction, the Al chatbot recommends personalized meals,
daily calorie intake, and exercise routines tailored to the user’s health profile.

5. Data Storage and API Communication: User data, prediction outputs, and nutrition
recommendations are securely stored and retrieved using Prisma ORM with PostgreSQL or
MySQL. Communication between services is managed through RESTful APIs to ensure
seamless data exchange.

Machine Learning Model

The classification model was trained using a dataset derived from the Pima Indians Diabetes Database
(PIDD) from the UCI Machine Learning Repository, enhanced with synthetic features related to
nutritional attributes. Logistic Regression was selected for its interpretability, stability, and
computational efficiency. The model estimates diabetes probability using [11, 12]:

PO =11X) = I Gat Pt Famat B .

where P (y = 1 | X) denotes the probability of diabetes, 3; are model coefficients, and x; represents user-
specific attributes.

Model performance was evaluated using standard metrics including Accuracy, Precision, Recall, and
F1 Score. Additionally, k-fold cross-validation was employed to assess the model’s generalization
capability and reduce overfitting.

Al Nutrition Assistant

The AI Nutrition Assistant integrates the OpenAl GPT API to provide context-aware and
personalized dietary guidance. After receiving the risk score from the machine learning model, the
assistant generates meal plans and lifestyle recommendations tailored to the user’s health profile. For
users with elevated risk, the assistant emphasizes low-glycemic meals, fiber-rich foods, and balanced
macronutrient intake.

The system employs structured prompt templates, such as:
“Suggest a 7-day meal plan for a person with moderate diabetes risk, focusing on high-fiber and
low-sugar intake (Figure 1).”

User interface Application Al processing Database
layer layer layer layer

A 4

Al model
(risk prediction & %
nutrition planning)

Send &
communication > Database '

Figure 1. System architecture diabetes risk Al nutrient assistant.
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RESULTS AND EVALUATION
Model Evaluation

The dataset used for training and evaluation consisted of 768 records, each containing attributes such
as age, BMI, glucose level, insulin concentration, blood pressure, and training and 20% testing subsets.
Three machine learning algorithms — Logistic Regression, Random Forest, and Support Vector Machine
(SVM) — were trained and evaluated using key performance metrics, including Accuracy (ACC),
Precision (PRE), Recall (REC), and F I-Score (F 1) [13].

The comparative results for all models are presented in Table 1, demonstrating that the Random
Forest classifier achieved the highest predictive performance, whereas Logistic Regression provided

the most interpretable model coefficients, making it suitable for clinical insight.

Table 1. Model performance metrics (comparative results of ML algorithms used in diabetes risk

rediction).
Model Accuracy Precision Recall Score
Logistic Regression 86.2 0.84 0.82 0.83
Random Forest 90.5 0.89 0.91 0.90
SVM (RBF Kernel 88.4 0.86 0.87 0.86

The superior performance of the Random Forest algorithm is mainly due to its ensemble structure,
which mitigates overfitting and enhances generalization when modeling nonlinear relationships across
variables, such as BMI, glucose level, and age. Further optimization using Grid Search CV improved
the model’s performance to 90.5% accuracy, reflecting a 5% improvement over baseline Logistic
Regression.

Nutrition Assistant Evaluation

The AI Nutrition Assistant was evaluated across 50 simulated user scenarios, representing low,
moderate, and high diabetes risk categories. The chatbot outputs were assessed for relevance, accuracy,
and contextual adaptability, based on expert feedback provided by nutrition specialists.

Results Indicated

e 92% of average response relevance.

e 89% contextual accuracy.

e High adaptability across diverse user profiles.

These results demonstrate the system’s ability to generate meaningful, health-oriented dietary
guidance aligned with individual risk predictions. The chatbot showed good performance in response
relevance, accuracy, and contextual adaptability.

System Performance
Dietary intake patterns. The dataset was divided into 80%.

The system was deployed using Docker containerized microservice architecture, with separate
services for the backend, database, and Al assistant. Performance evaluation under simulated concurrent
load (100 users) showed:

e 1.2 seconds average API response latency, ensuring near real-time communication.

e 99.2% system uptime, demonstrating stability and reliability.

o Efficient service isolation, enabling independent scaling of high-demand components.

These results confirm the robustness and scalability of the microservice-based system design.

SYSTEM WORKFLOW

The Diabetes Risk & Al Nutrition Assistant follows a five-phase sequential workflow integrating
machine learning, Al-driven recommendations, and microservice-based deployment. Each module
contributes to accurate risk prediction and intelligent nutritional guidance.
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STEP-BY-STEP WORKFLOW

User Registration and Data Input

o Users register and enter demographic, physiological, and dietary information through a React-based
web interface.

e Inputs include age, BMI, blood pressure, glucose level, dietary preference
(vegetarian/nonvegetarian), and physical activity level.

¢ Frontend validation ensures data consistency before submission to the backend API.

Data Preprocessing and Storage

e The backend, implemented using Node.js and Prisma ORM, receives the input data and performs
preprocessing operations, such as handling missing values and normalizing numerical attributes.
Processed data is stored securely in a MySQL or PostgreSQL database.
Prisma automates schema synchronization, ensuring consistent data flow between the prediction
and nutrition modules.

Risk Prediction Module (Machine Learning Engine)

e Preprocessed data is passed to the machine learning model (Random Forest or Logistic Regression),
trained on the Pima Indians Diabetes Dataset enhanced with nutritional features.
The model computes a risk score between O and 1, representing the probability of diabetes.

e (lassification thresholds categorize users into:
o Low Risk: 0-0.3.
o Moderate Risk: 0.3-0.7.
o High Risk: 0.7-1.0.

e The system supports continual learning, where future predictions may be refined using accumulated
user outcomes.

e Users can view their health metrics and dietary trends through interactive visualizations.

Al Nutrition Recommendation Engine
e The Al Nutrition Assistant uses the OpenAl GPT API to generate personalized dietary and lifestyle

recommendations.

e Responses are dynamically generated based on the predicted risk category and the user’s dietary
preferences.

Examples

e High Risk: Low-glycemic foods, fiber-rich meals, reduced sugar intake.
e Moderate Risk: Balanced macronutrient diet with controlled calories.
e Low Risk: General wellness advice and fitness-oriented suggestions E.
e Feedback and Monitoring Layer:
o All user interactions, prediction outputs, and Al responses are logged for model refinement and
trend analysis.
o The system supports periodic monitoring, enabling users to track their progress and enabling
developers to enhance model performance.

HEALTHCARE APPLICATIONS

The Diabetes Risk & Al Nutrition Assistant provides valuable applications across the healthcare
domain by combining predictive analytics with personalized dietary recommendations. Its integration
of machine learning and Al support makes it useful for early detection, continuous monitoring, and
lifestyle management [14].

Early Diabetes Detection and Risk Stratification

The system assists in the early identification of individuals at risk of diabetes by analyzing key health
indicators through machine learning models. It helps clinics, primary care physicians, and diagnostic
centers in pre-screening large populations with minimal clinical inputs.
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o Example: Community health workers or telemedicine staff can use the system to screen rural
populations using basic parameters such as age, BMI, and glucose levels.

o Benefit: Early detection enables timely intervention, The Al-powered nutrition assistant
functions as a virtual reducing the likelithood of disease progression and long-term
complications.

Personalized Nutrition and Lifestyle Counseling Dietician, Providing Dynamic Meal Plans and

Lifestyle Recommendations Aligned with the User’s Diabetes Risk Category

e FExample: High-risk users receive low-glycemic, fiber-rich dietary suggestions, whereas moderate-
risk users are provided with balanced macronutrient-based meal plans.

o Benefit: This ensures evidence-based nutrition guidance without requiring continuous involvement
of a human nutritionist, improving accessibility for all users.

Remote Health Monitoring and Telemedicine
Integration
The system can be integrated into telemedicine platforms to support remote patient monitoring,
enhancing continuity of care and adherence to preventive strategies.
o FExample: Healthcare providers can access a patient-friendly dashboard that displays glucose
level trends, dietary patterns, daily activity logs, and system-generated alerts for elevated risk.
e Benefit: This strengthens remote care delivery, promotes patient engagement, and helps
clinicians intervene promptly when risk levels change.

ADVANTAGES AND LIMITATIONS
Advantages

The Diabetes Risk & Al Nutrition Assistant offers several technological and functional advantages
that enhance its effectiveness as a preventive healthcare system [15].

o Accurate and Early Risk Prediction: The incorporation of machine learning models — particularly
Random Forest and Logistic Regression — enables accurate diabetes risk estimation using
minimal clinical parameters. This supports early detection and encourages timely preventive
measures.

o  Personalized Nutrition Guidance: The system includes an Al-driven nutrition assistant capable
of generating customized meal plans and lifestyle recommendations. These suggestions adapt
dynamically to each user’s health profile, improving engagement and long-term adherence to
healthy habits.

e Modular Microservice Architecture scalability, maintainability, and flexibility. Each service
operates independently, allowing seamless updates, fault isolation, and integration with cloud
environments.

e Data-Driven Decision Support: By combining predictive analytics with contextual
recommendations, the system bridges the gap between raw health data and practical lifestyle
management. Users and healthcare professionals gain actionable insights based on risk indicators.

e Cost-Effective Preventive Tool: As a digital health platform, the system reduces dependency on
continuous clinical supervision. It offers low-cost preventive care options, making it especially
beneficial in resource-constrained or rural settings.

o User-Friendly and Cross-Platform Compatibility: The React-based frontend and API-driven
backend ensure broad device compatibility. This enhances accessibility for diverse user groups
and supports widespread adoption.

Limitations
Although highly promising, the system has several limitations that must be considered for practical
deployment.
o Dependence Data Quality: Prediction accuracy is significantly influenced by the completeness
and correctness of user-provided inputs. Inconsistent or inaccurate data entry reduces the
reliability of risk scoring.
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o Limited Clinical Validation: The current evaluation relies on publicly available datasets (e.g.,
Pima Indians) and simulated user scenarios. Clinical-grade validation across varied demographic
and geographic populations is essential for broader applicability.

o Lack of Real-Time Monitoring: The prototype does not integrate with loT-enabled devices such
as wearable sensors or continuous glucose monitors (CGMs). This limits real-time adaptation to
physiological changes.

e Privacy and Security Constraints: Managing sensitive health information requires strict
compliance with standards such as HIPAA and GDPR. The current version prioritizes
functionality and may require additional enhancements for full regulatory compliance.

o Model Interpretability: While the ML prediction models are interpretable, the deep learning-
based components are used for nutrition. The dockerized microservice architecture enhances
system scalability and modularity. However, the Al-based recommendations operate as black-
box systems, which restricts transparency and may reduce clinician trust in certain
recommendations.

CONCLUSION AND FUTURE SCOPE
Conclusion

The proposed Al-Powered Diabetes Risk and Nutrition Assistant integrate machine learning based
risk prediction with an intelligent, conversational nutrition advisor to support preventive healthcare.
Using microservice-based architecture, the system combines Logistic Regression and Random Forest
models, achieving high predictive accuracy of up to 90.5%. Additionally, the Al-driven nutrition
assistant delivers personalized, context-aware dietary and lifestyle recommendations aligned with each
user’s risk category. Experimental evaluations demonstrate the effectiveness of combining predictive
analytics with adaptive Al counseling, thereby enabling proactive management of diabetes risk. Overall,
the system provides a scalable, data-centric framework that contributes significantly to the digitization
of preventive healthcare services.

Future Scope

Several enhancements can be incorporated into future versions of the system to improve functionality,

usability, and clinical reliability:

o [ntegration with loT Devices: Incorporating wearable sensors and continuous glucose monitors
(CGMs) will enable real-time physiological data collection and allow the assistant to provide
dynamic, adaptive recommendations.

e Advanced Predictive Analytics: Future models can employ deep learning architectures such as
LSTMs, CNN-based ensembles, or temporal neural networks to improve predictive accuracy and
capture longitudinal health trends.

o Clinical Collaboration and Validation: Partnering with hospitals, clinics, and healthcare
institutions will facilitate the development of clinically validated datasets. This will support
robust evaluation across diverse demographic and geographic populations.

e Data Privacy and Explainability Enhancements: Implementing federated learning, differential
privacy, and explainable Al (XAI) frameworks will enhance data security while improving the
interpretability of predictions and recommendations for both users and clinicians.

e Mobile and Voice-Based Interface Expansion: Developing fully featured mobile applications and
voice-interactive assistants will increase accessibility for non-technical users, elderly individuals,
and people in rural or underserved communities.
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