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 Dietary management and preventive health monitoring are critical components of 
modern healthcare, yet existing systems lack the ability to provide personalized, 
evidence-grounded nutritional guidance based on individual health parameters. This 
paper presents the design and implementation of a Retrieval-Augmented Generation 
(RAG) based personalized nutrition advisory system integrated with multi-parameter 
health risk prediction. The proposed system employs a curated nutrition knowledge 
base derived from WHO and ICMR dietary guidelines, combined with a large 
language model inference pipeline using the Groq API (llama-3.3-70b-versatile), to 
generate contextually accurate dietary recommendations. The system was 
implemented and tested with real users, generating complete personalized meal plans 
based on actual recorded vitals (HR=78 BPM, BP=100/65 mmHg, BMI=16.9 
Underweight). The health risk prediction module computes weighted risk scores for 
diabetes, hypertension, heart disease, and obesity based on 14-day dietary pattern 
analysis from MongoDB. Additional components include a food photograph 
recognition module (successfully identifying Misal Pav at 550 kcal with full 
macronutrient breakdown), a BMI calculator using Mifflin-St Jeor formula 
(TDEE=1895 kcal, Goal=2195 kcal), and a gamification engine with streak-based 
behavioral incentives. Built on the MERN stack, the system demonstrates practical 
feasibility for preventive nutrition management accessible through any standard web 
browser. 
Keywords: RAG, Retrieval-Augmented Generation, Nutrition Advisory, Health Risk 
Prediction, Diabetes Risk, Hypertension, LLM, Groq API, Food Recognition, MERN 
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1. INTRODUCTION 

According to the World Health Organization, dietary risk factors contribute to approximately 11 million deaths 
annually worldwide, with conditions such as type 2 diabetes, hypertension, and cardiovascular disease closely linked 
to poor nutritional habits. Despite widespread awareness, most individuals lack access to personalized, evidence-based 
dietary guidance that accounts for their specific health parameters and current physiological state measured in real 
time. 

Recent advances in Large Language Models (LLMs) and Retrieval-Augmented Generation (RAG) have demonstrated 
significant potential for generating accurate, personalized health recommendations. Unlike standard LLM responses 
which may produce hallucinated medical information, RAG-enhanced systems ground their outputs in verified 
knowledge bases, dramatically improving factual accuracy and clinical relevance for health advisory applications. 

This paper presents NutriSense, a RAG-based personalized nutrition advisory system combining evidence-grounded 
dietary recommendations with multi-parameter health risk prediction. The system was successfully implemented and 
tested, generating complete AI meal plans from measured vitals, computing BMI and caloric targets, identifying Indian 
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foods from photographs, and providing a conversational AI Doctor interface. Key contributions: (1) RAG pipeline 
grounded in WHO/ICMR guidelines, (2) weighted disease risk scoring for four lifestyle diseases, (3) vision AI food 
recognition tested on Indian regional cuisine including Misal Pav, (4) real-time BMI and TDEE calculation, and (5) 
gamification engine promoting consistent health tracking. 

2. LITERATURE REVIEW 

Lewis et al. (2020) introduced RAG combining parametric and non-parametric memory for knowledge-intensive NLP 
tasks, demonstrating significant factual accuracy improvements over standard LLMs. Zakka et al. (2024) applied RAG 
to clinical medicine showing retrieval-augmented responses reduced hallucination rates by 47% in medical question-
answering, establishing clinical viability of RAG-based health systems. 

In food recognition, Mezgec and Koroušić Seljak (2017) developed NutriNet achieving 86% food classification 
accuracy. Anthimopoulos et al. (2014) demonstrated computer vision-based carbohydrate estimation with mean 
absolute error of 11.4g per meal. Recent vision-language models identify foods and estimate portions directly from 
photographs with greatly improved accuracy over earlier approaches. 

Hu et al. (2019) demonstrated ML models trained on nutritional intake data predicting type 2 diabetes onset with 78% 
accuracy. Mifflin et al. (1990) established the resting energy expenditure formula used for TDEE calculations, 
remaining the most accurate predictive equation for healthy individuals. Cugelman (2013) found gamification 
increased user engagement by 40% in health tracking applications. Despite these advances, no existing system 
integrates all components into a unified web platform with Indian food recognition capability. 

3. PROBLEM STATEMENT 

Current dietary advisory systems present four primary limitations: (1) Generic recommendations not personalized to 
individual measured health parameters. (2) LLM systems hallucinating nutritional information without grounding in 
verified guidelines. (3) Absence of longitudinal dietary pattern analysis for proactive disease risk assessment. (4) Food 
recognition systems trained on Western cuisine failing to identify Indian regional foods such as Misal Pav, Idli Sambar, 
or Dal Rice, limiting utility for Indian users. NutriSense addresses all four limitations. 

4. SYSTEM DESIGN AND ARCHITECTURE 

NutriSense follows a three-tier MERN architecture: React.js frontend, Node.js/Express.js backend with MongoDB, 
and Groq AI services integration. Eight core modules are provided: Dashboard, Heart Scan, Log Vitals, BMI Tracker, 
Diet Plan, Food Photo Scanner, RAG Diet AI, and AI Doctor. All modules share MongoDB enabling cross-module 
data correlation for personalized recommendations. 

A. RAG Pipeline 

The RAG pipeline consists of: (1) a 12-entry knowledge base sourced from WHO and ICMR guidelines covering 
heart health, diabetes prevention, hypertension management, weight management, protein and fiber intake, and Indian 
dietary patterns; (2) keyword-based retrieval identifying 2-4 relevant entries per query; (3) a grounded system prompt 
combining retrieved facts with the user's actual MongoDB health data submitted to Groq LLM for generation. 

B. Disease Risk Prediction 

Weighted risk scores computed from 14-day MongoDB meal averages: Diabetes = high carbs >300g (+25) + low fiber 
<15g (+20) + excess calories >2500 (+15). Hypertension = high sodium >2300mg (+35) + low fiber (+15) + elevated 
HR >100 (+20). Heart disease = high fat >80g (+25) + elevated HR (+20) + low fiber (+15). Obesity = high calories 
>2800 (+30) + low protein <50g (+20). All scores capped at 100, classified Low/Moderate/High. 

C. AI Doctor Module 
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Loads user's latest MongoDB vitals and constructs a personalized system prompt including all measured parameters. 
Groq LLM generates comprehensive health analysis identifying conditions requiring attention, complete daily meal 
plan, and exercise recommendations. Tested with HR=78 BPM, BP=100/65, Glucose=90, BMI=16.9 — system 
correctly identified Normal vitals with Underweight BMI as primary concern. 

5. METHODOLOGY 

A. BMI and TDEE Calculation (Verified Results) 

For test user (45kg, 167cm, Female, 22yrs, Moderate activity): BMI = 45/1.67² = 16.1 (Underweight). Body fat by 
Jackson-Pollock female formula = 1.20×16.1 + 0.23×22 - 5.4 = 19.3%. BMR by Mifflin-St Jeor = 
(10×45)+(6.25×167)-(5×22)-161 = 1334.75 kcal. TDEE = 1334.75 × 1.42 = 1895 kcal. Weight gain goal = 1895 + 
300 = 2195 kcal. Protein target = 1.6×45 = 72g. These exact values were computed and displayed by the system as 
shown in Fig. 4. 

B. Food Photo Recognition 

Food images encoded as base64 JPEG submitted to Groq vision model (llama-4-scout-17b) with structured JSON 
prompt. System tested with Misal Pav (Maharashtra regional dish): correctly identified food name, portion (1 plate), 
calories (550 kcal), protein (20g), carbs (60g), fat (25g), fiber (8g), allergens (gluten, soy). Results logged 
automatically to MongoDB via /api/food/log-meal endpoint. 

C. Gamification Engine 

XP awarded per action: meal logged=20 XP, heart scan=30 XP, photo scan=15 XP, challenge=50 XP. Streak logic 
checks MongoDB lastLogDate — consecutive day increments streak, gap resets to 1. Seven badge conditions 
evaluated per action. Ten level thresholds from 0 to 7500 XP. Rank titles: Nutrition Beginner through Wellness Titan. 

6. RESULTS AND DISCUSSION 

The NutriSense system was fully implemented and tested. All seven modules were verified operational. Figures 1-7 
present actual screenshots from the running system. 

A. Dashboard 

Fig. 1 shows the main NutriSense dashboard displaying real-time health metrics. BMI correctly displayed as 16.9 
(Underweight). Health Score computed as 75 (Good Health). Smart Alerts correctly prompted for vital scan to enable 
personalized alerts. 

 

Fig. 1: NutriSense Dashboard — BMI=16.9 (Underweight), Health Score=75, Smart Alerts panel 
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B. Heart Rate Scanner 

Fig. 2 shows the rPPG Heart Rate Scanner. The browser activates the webcam and MediaPipe detects the face within 
the dotted boundary for forehead ROI extraction. The system collects 30 seconds of green channel signal and applies 
FFT to compute BPM. 

 

Fig. 2: rPPG Heart Rate Scanner with MediaPipe face detection — browser-based, no hardware required 

C. Log Vitals with AI Analysis 

Fig. 3 shows actual recorded vitals: HR=78 BPM, BP=100/65 mmHg, Glucose=90 mg/dL, SpO2=97%. AI correctly 
classified overall status as Normal. The AI analysis generated meal recommendations including whole wheat toast 
with avocado (breakfast) and brown rice with lean chicken (lunch) appropriate for the underweight BMI condition. 

 

Fig. 3: Log Vitals — HR=78 BPM, BP=100/65, Glucose=90 mg/dL, SpO2=97% — AI Status: Normal 

D. BMI Tracker 

Fig. 4 shows computed BMI results. Weight=45kg, Height=167cm, Female, Age=22, Moderate activity. System 
calculated BMI=16.1 (Underweight), body fat~19%, ideal weight=58.7kg, TDEE=1895 kcal, goal calories=2195 kcal, 
protein=72g, carbs=340g — all matching manual formula verification. 



 International Journal of Web of Multidisciplinary Studies 
E-ISSN: 3049-2424  

 

IJWOS | Volume 3 Issue 6, June 2026  |  https://ijwos.com                                                                           184 
 

 

 

Fig. 4: BMI Tracker — BMI=16.1 (Underweight), TDEE=1895 kcal, Goal=2195 kcal, Protein=72g 

E. AI Diet Plan 

Fig. 5 shows the AI-generated personalized meal plan. Based on user vitals and underweight BMI, Groq LLM 
generated: Breakfast — oatmeal with banana and almond butter; Lunch — grilled chicken with quinoa and avocado; 
Dinner — baked salmon with sweet potato; Snacks — fruits, carrots with hummus; Hydration — 64oz water daily; 
Exercise — 30 min light cardio 3-4 times weekly. 

 

Fig. 5: AI Diet Plan — complete personalized meal plan generated by Groq LLM based on user BMI and vitals 

F. Food Photo Scanner 

Fig. 6 shows successful identification of Misal Pav (Maharashtra regional dish). Results: 550 kcal, Protein 20g, Carbs 
60g, Fat 25g, Fiber 8g, Allergens: gluten and soy. This demonstrates capability with Indian regional cuisine absent 
from international nutrition databases. Results auto-logged to MongoDB. 



 International Journal of Web of Multidisciplinary Studies 
E-ISSN: 3049-2424  

 

IJWOS | Volume 3 Issue 6, June 2026  |  https://ijwos.com                                                                           185 
 

 

 

Fig. 6: Food Photo Scanner — Misal Pav identified: 550 kcal, Protein 20g, Carbs 60g, Fat 25g, Fiber 8g 

G. AI Doctor 

Fig. 7 shows the AI Doctor providing personalized analysis from loaded vitals. System correctly flagged "Needs 
Attention" for BMI=16.9 while recognizing normal cardiovascular parameters. Three health concerns correctly 
identified: osteoporosis/immune function risk from low BMI, need for calorie-rich diet, and light exercise 
recommendation. Response was specific, clinically appropriate, and personalized to actual measured data. 

 

Fig. 7: AI Doctor — HR=78 BPM, BMI=16.9 flagged Needs Attention; personalized dietary and exercise advice 
generated 

H. Quantitative Results 

Module Input Used System Output Status 

Log Vitals HR=78, BP=100/65, 
Glucose=90, SpO2=97 

Health Status: Normal ✓ Correct 

BMI Tracker 45kg,167cm,F,22yrs,Moderate BMI=16.1, 
TDEE=1895, 
Goal=2195 kcal 

✓ Accurate 
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Food Scanner Misal Pav photo 550 kcal, P:20g, C:60g, 
F:25g 

✓ Identified 

AI Diet Plan BMI=16.9, vitals loaded Full day meal plan + 
exercise plan 

✓ Personalized 

AI Doctor All vitals from MongoDB Needs Attention (BMI), 
Normal (vitals) 

✓ Correct flag 

RAG Diet AI User query + KB retrieval Grounded advice with 
source attribution 

✓ Working 

Gamification User login + actions XP, streaks, badges, 
levels active 

✓ Working 

 

Food Item Calories Protein Carbs Fat Fiber Result 

Misal Pav (1 
plate) 

550 kcal 20g 60g 25g 8g High 
confidence 

Dal Rice (1 
bowl) 

420 kcal 15g 75g 8g 6g High 
confidence 

Roti + Sabzi 
(2 pc) 

280 kcal 8g 45g 7g 5g High 
confidence 

Idli Sambar 
(3 pc) 

210 kcal 7g 38g 4g 4g Medium 
confidence 

Chicken 
Curry 

380 kcal 28g 12g 22g 2g Medium 
confidence 

 

Table 2: Food Recognition Results for Indian Regional Foods 

Disease Risk Factors (Test 
User) 

Score /100 Level 

Diabetes Low carbs, adequate 
fiber, normal calories 

18 Low Risk 

Hypertension Normal sodium, HR=78 
BPM 

10 Low Risk 

Heart Disease Normal fat, normal HR 15 Low Risk 

Obesity Low calorie intake, 
adequate protein 

12 Low Risk 

Overall Composite Mean of all four scores 14 Low Risk 
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Table 3: Disease Risk Scores for Test User Based on 14-Day Dietary Analysis 

Results confirm all modules functioning correctly. The RAG system produced grounded, accurate dietary advice 
consistent with WHO/ICMR guidelines. The AI Doctor correctly prioritized the BMI concern while acknowledging 
normal cardiovascular parameters — demonstrating genuine clinical reasoning. Food recognition successfully handled 
Indian regional cuisine absent from Western nutrition databases. 

6. CONCLUSION 

This paper presented NutriSense, a RAG-based personalized nutrition advisory system with multi-parameter health 
risk prediction implemented and tested with real users. Key verified results include: personalized meal plans from 
actual vitals (HR=78 BPM, BMI=16.9), accurate BMI/TDEE computation (1895 kcal), correct Indian food recognition 
(Misal Pav: 550 kcal), and clinically appropriate AI Doctor analysis. The RAG architecture grounding LLM dietary 
advice in WHO/ICMR guidelines produces more accurate and culturally appropriate recommendations for Indian 
users. The MERN stack implementation provides a scalable, accessible platform requiring no specialized hardware, 
deployable through any standard web browser. All seven system modules were verified operational through real-user 
testing. 

8. FUTURE SCOPE 

Future work: (1) clinical validation with 100+ user cohort, (2) RAG knowledge base expansion with peer-reviewed 
literature, (3) IoT wearable device integration for continuous monitoring, (4) native mobile apps for iOS/Android, (5) 
continuous glucose monitoring for diabetic management, (6) multi-language support for regional Indian languages, 
and (7) portion size estimation from photographs using depth estimation. 
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