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Abstract- The growing prevalence of lifestyle-related non-
communicable diseases has created an urgent need for
intelligent, personalised digital health tools. Conventional
dietary applications provide only static calorie counters
and population-average recommendations, failing to
adapt to individual physiology, goals, or evolving health
context. We present NutriAl Pro, a full-stack Al-
augmented nutrition intelligence platform that integrates
a React/Vite single-page frontend, an Express.js
middleware server, Firebase cloud services, and the
Google Gemini 1.5 Pro multimodal large language model.
The system delivers four intelligent modules: an AI health
coach conditioned on the user's biometric profile, a Food
Vision pipeline that estimates caloric and macronutrient
content from meal photographs, a generative weekly meal
planner, and a predictive health analytics dashboard built
on the Mifflin—St Jeor equation and a composite Health
Optimisation Score. Functional evaluation demonstrates
a 93%  food-recognition accuracy, sub-second
authentication, Al coaching latency of 1.8-3.2 seconds,
and a 100% pass rate across the defined test suite. The
work contributes a replicable engineering blueprint for
Al-augmented consumer health platforms.
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I. INTRODUCTION

In the contemporary digital age, the convergence of
Artificial Intelligence (AI) and personal health
management has emerged as one of the most
consequential frontiers in applied computer science.
The global burden of non-communicable diseases
(NCDs)—including type 2 diabetes, cardiovascular
disorders, and obesity—is intrinsically linked to
sedentary lifestyles and nutritional imbalances.
According to the World Health Organisation, poor
diet is responsible for more than one in five deaths
globally, underscoring the transformative potential of
technology-assisted nutritional guidance.
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The rapid advancement of Large Language Models
(LLMs), multimodal AI, and cloud-native
architectures has created an unprecedented
opportunity to build health platforms that are not
merely informative but genuinely intelligent and
adaptive. Traditional applications in this domain have
been constrained by rigid rule-based logic, manual
data-entry requirements, and an absence of
personalisation beyond basic demographic inputs.
The user remains largely passive in these systems,
consuming pre-packaged advice that fails to account
for their unique biochemical profile, cultural dietary
preferences, or dynamic health trajectory.

NutriAl Pro is conceived as a response to this
technological deficiency. It leverages the generative
and reasoning capabilities of Google Gemini 1.5
Pro—a  state-of-the-art ~multimodal LLM—in
conjunction with a robust full-stack web architecture,
to transform the user experience from passive
consumption to active, intelligent health partnership.
By synthesising real-time conversational Al
computer vision-based dietary analysis, predictive
biomarker assessment, and personalised meal
planning within a single cohesive platform, NutriAl
Pro represents a significant step toward the
democratisation of precision nutrition.

This paper documents the system design,
architectural  decisions, implementation, and
functional evaluation of NutriAl Pro. We describe
each intelligence module in turn, present empirical
performance results, and compare the platform's
feature surface against representative incumbents in
the consumer nutrition application market.
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IL. LITERATURE REVIEW

The intersection of artificial intelligence, nutritional
science, and digital health has generated a substantial
body of academic and applied research over the past
decade. This section examines existing literature
pertaining to Al-assisted dietary management,
computer vision for food recognition, conversational
health agents, and predictive health analytics.

A. Conventional Dietary Tracking Applications
Early-generation tracking applications such as
MyFitnessPal, Cronometer, and Lose It! established
the paradigm of manual nutritional self-monitoring
through extensive food databases searchable by name
or barcode. Seminal HCI studies by Cordeiro et al.
(2015) demonstrated that while such applications
improved short-term dietary awareness, long-term
adherence was severely hampered by the cognitive
burden of manual logging, with dropout rates
exceeding 70% within the first month of use. These
platforms operate on population-level nutritional data
with no individual physiological adaptation.

B. Computer Vision for Food Recognition

The application of Convolutional Neural Networks
(CNNs) to food recognition represents a significant
research trajectory. Bossard et al. (2014) introduced
the Food-101 dataset and demonstrated that fine-
tuned deep CNN architectures could achieve
competitive multi-class food classification accuracy.
Subsequent work by Yanai and Kawano (2015)
extended this to caloric estimation through portion-
size approximation. More recently, multimodal
models such as Google Gemini have shown zero-shot
food identification directly from photographs without
task-specific training, lowering the barrier to
integration in consumer applications.

C. Large Language Models in Health Contexts

The emergence of transformer-based LLMs, initiated
by Vaswani et al. (2017), has catalysed a paradigm
shift in natural language understanding. Health-
focused applications have been explored in clinical
note summarisation (Peng et al., 2019) and medical
question-answering (Singhal et al., 2023; Med-PaLM
2). However, the deployment of LLMs specifically
for consumer-grade personalised nutritional coaching
remains a nascent field. NutriAl Pro addresses this by
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providing Gemini 1.5 Pro with structured system
instructions derived from the authenticated user's
biometric profile, enabling genuinely context-aware
responses.

D. Personalised Nutrition and Predictive Risk
Research in nutrigenomics (Ordovas et al., 2018) and
the large-scale PREDICT study (Menni et al., 2020)
demonstrated that individual postprandial responses
to identical foods varied enormously, reinforcing the
inadequacy of population-average advice. On the
modelling side, Weng et al. (2017) showed that
machine-learning methods improve cardiometabolic
risk prediction from basic anthropometric markers.
BMI and BMR remain WHO-endorsed primary
screening indicators, with the Mifflin—St Jeor
equation (1990) consistently identified in systematic
reviews (Frankenfield et al., 2005) as the most
accurate resting metabolic rate estimator for adult
populations.

E. Research Gap

Despite the depth of existing research, a pronounced
gap persists between what the literature shows
possible and what commercial applications deliver.
No widely deployed consumer platform integrates
conversational Al coaching, vision-based food
analysis, generative meal planning, and predictive
health analytics within a single unified architecture.
NutriAl Pro is positioned to demonstrate a complete
end-to-end implementation that closes this gap.

I[II. METHODOLOGY

A. System Architecture

NutriAl Pro is engineered upon a layered full-stack
modern web architecture that separates concerns
across five distinct tiers while ensuring seamless data
flow between them. Figure 1 illustrates the
component hierarchy and interaction pathways. The
presentation layer (React 19 + Vite + Tailwind CSS)
renders the user interface and handles event-driven
state transitions. The application layer manages
business logic, hooks, and component orchestration
through TypeScript. An Express.js middleware server
serves the SPA bundle and proxies environment-
sensitive API calls. The intelligence layer consults
the Google Gemini 1.5 Pro API for all-natural
language and multimodal reasoning. Finally, Firebase
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Authentication and Cloud Firestore form the data and
identity layer.

Figure 1. NutriAl Pro System Architecture, depicting
the five-tier full-stack design.

The data flow initiates when an authenticated user
interacts with the React SPA. User inputs—whether
textual queries, photograph uploads, or form
submissions—are  processed by client-side
application logic and routed through the Express
middleware. Computationally intensive or context-
requiring requests are forwarded to the Gemini API;
the resultant structured outputs are persisted to
Firestore and rendered back to the user in real time.

B. Authentication Module

The Authentication Module implements Firebase
Authentication with email/password credentials.
Upon successful registration, a Firestore user
document is initialised at /users/{uid} containing the
biometric profile data captured during onboarding.
Subsequent sign-in operations generate a Firebase 1D
token, which is attached to all Firestore requests,
enabling server-side rule evaluation. Protected routes
within the React application are guarded by a custom
useAuthState hook that observes the Firebase
authentication state and redirects unauthenticated
users to the login interface. Attribute-based access
control (ABAC) rules enforce strict user-level data
isolation: read/write operations succeed only when
request.auth.uid matches the document owner's UID,
preventing any form of cross-user data exposure.

C. Al Health Coaching Module

This module implements a stateful conversational
interface powered by Google Gemini 1.5 Pro. Upon
initialisation, the module constructs a system-
instruction string incorporating the authenticated
user's biometric profile, health objectives, and dietary
restrictions. This context is maintained across all
messages within a session, enabling the model to
produce personalised, context-aware responses.
Message history is persisted in Firestore to support
session continuity across browser reloads. The
interface renders with smooth entry animations via
Framer Motion and supports markdown-formatted Al
replies.

IRE 1718340

D. Food Vision Module

The Food Vision module accepts image inputs
through a React Dropzone component supporting
drag-and-drop and click-to-upload interactions.
Uploaded files are converted to Base64-encoded
strings using the FileReader API and encapsulated
within a multimodal Gemini API request alongside a
structured nutritional-analysis prompt. The model's
response is validated against a Zod schema defining
the expected nutritional data structure before being
persisted to Firestore and rendered in the UI. Figure 2
details the end-to-end inference pipeline. The module
includes graceful error handling for unsupported
image formats and API rate-limit scenarios.

Figure 2. Food Vision module — multimodal
inference pipeline from image upload to validated
nutrition output.

E. Generative Meal Planning Module

This module transforms user biometric data into a
structured natural-language prompt instructing
Gemini 1.5 Pro to generate a complete seven-day
meal plan as a JSON object. The prompt specifies the
required output structure, including daily caloric
targets, meal categories (breakfast, lunch, dinner,
snacks), individual food items, portion sizes, and
macronutrient totals. The returned JSON is parsed,
validated with Zod, and rendered as an interactive
weekly calendar within the React frontend. Users can
navigate between days, view meal details, and
regenerate plans with updated preferences.

F. Health Analytics Module

The analytics module performs client-side
computation of BMI (weight in kg + height in m?)
and BMR using the Mifflin—St Jeor equation: BMR =
I0OW + 6.25H — 5A + S, where W is weight in
kilograms, H is height in centimetres, A is age in
years, and S is +5 for males or —161 for females. A
composite Health Optimisation Score (0—100) is
derived from a weighted regression model
incorporating caloric-intake adherence, macronutrient
balance, hydration consistency, and activity
regularity. Results are visualised using Recharts line
and radial-bar charts with interactive tooltips
providing granular data on hover.
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Iv. IMPLEMENTATION DETAILS

The system is implemented entirely in TypeScript.
The frontend uses React 19 compiled and bundled
through Vite 6 for fast development and tree-shaken
production output. Tailwind CSS provides utility-first
styling for a responsive Bento Box dashboard layout,
with Framer Motion supplying transition and gesture
animations. Firebase Firestore serves as a cloud-
hosted, real-time NoSQL persistence layer, while
Firebase Authentication manages identity and session
tokens. The Express.js middleware is deployed
alongside the static bundle to handle server-side
concerns and act as an environment-aware API
proxy. Table 1 summarises the full technology stack
and the role each component plays in the system.

Table 1. NutriAI Pro Technology Stack.
Technology  Version Role

Primary development
TypeScript 5.8.x  language with end-to-end
static type safety.

Component-based Single
Page Application (SPA)
framework with concurrent
rendering capabilities.
Native ESM build tool
providing fast development

and optimized production
bundles.

Backend middleware
Express.js 4x  server for SPA hosting and

React 19.x

Vite 6.x

API proxy routing.
Real-time NoSQL database
for application data storage
10.x with Attribute-Based
Access Control (ABAC)
security rules.

Firebase
Firestore

. User identity management,
Firebase v &

. 10.x authentication, and ID-
Authentication

token issuance.

Multimodal Large
Language Model (LLM)

Google Gemini 1.5 Pro / L
for coaching, image

API Flash .
analysis, and meal

generation features.
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Technology  Version Role
Utility-first CSS
framework for responsive
and customizable user
interface styling.

Tailwind CSS 3.x

Animation library for
smooth transitions,
interactions, and gesture
feedback.

Composable SVG-based
charting library for
analytics and data

Framer Motion 11.x

Recharts 2.X

visualization.

Runtime schema validation
and type-safe parsing of
Gemini API JSON
responses.

Zod 3.x

Lightweight and
React Hook performant form state
Form management and validation
library.
Open-source scalable
Lucide React 0.383.x  vector icon library for
React applications.

Drag-and-drop file upload
14x  component used for Food
Vision image uploads.

React
Dropzone

The legal computational core—BMR via Mifflin—St
Jeor, BMI per WHO standard, and the composite
Health Optimisation Score—is implemented in plain
TypeScript on the client to minimise round-trip
latency. Gemini-bound modules construct their
prompts client-side and route the request through the
Express layer, which injects API credentials from
server-only environment variables, preventing
exposure of the Gemini key in the browser bundle.
Firestore security rules enforce strict per-UID
isolation, and all sensitive identifiers are kept off the
React component tree.

Continuous  deployment is achieved through
Vercel/Netlify with environment-variable
management and CDN caching enabled. Production
bundles are tree-shaken to 287 KB gzipped, well
within the performance budget for mobile networks.

ICONIC RESEARCH AND ENGINEERING JOURNALS 4564



© MAY 2026 | IRE Journals | Volume 9 Issue 11 | ISSN: 2456-8880
DOI: https://doi.org/10.64388/IREV9I11-1718340

V. RESULTS AND DISCUSSION

Functional and performance evaluation of the
deployed NutriAl Pro platform was carried out across
the four intelligence modules and the cross-cutting
concerns of authentication, data persistence, and Ul
responsiveness. The Gemini 1.5 Pro model,
conditioned by user-specific system instructions,
produced personalised responses that appropriately
referenced the user's BMR, dietary goals, and health
history. Average conversational query latency
measured between 1.8 and 3.2 seconds, which falls
within an acceptable range for perceived real-time
interaction.

Manual verification of Food Vision outputs across a
test set of 30 diverse food photographs indicated that
the system correctly identified the primary food item
in 93% of test cases. Caloric estimates fell within
+15% of reference nutritional-database values for
standardised portion sizes. Estimation accuracy
decreased for complex mixed dishes and non-
standard portions—a known limitation of vision-
based nutritional estimation. BMI and BMR
computations matched WHO and Mifflin—St Jeor

Performance Measured | Target | Assessment
Metric

Meal Plan 3.8-72s [<10s | Meets
Generation Time
Firebase Auth <05s <l1ls Meets
Latency
JS Bundle 287 KB | <350 |Meets
(gzipped) KB
Food Recognition | 93% > 85% | Exceeds
Accuracy

Test Case Pass 14/14 100% | Meets
Rate

A comprehensive test suite spanning authentication
flows, biometric calculations, Al invocation, vision
analysis, security rules, mobile responsiveness, and
production build integrity yielded a 100% pass rate.
A representative subset of the executed test cases
appears in Table 3.

Table 3. Representative Test Cases (Subset).

reference values with 100% precision across all TC | Module Scenario Status
tested inputs. ID
TC- | Auth Valid istrati ith | P
Table 2 reports the measured performance metrics . alid user registration wi ass
. . . 01 strong password.
against established targets. All metrics meet or
exceed their respective benchmarks. TC- | Profile BMI calculation — H:170, | Pass
03 W:65 — 22.49 (Normal).
Table 2. Measured P.erformance Metrics Against TC- | Profile BMR (female) — Age 25, | Pass
Established Targets. 04 H 163, W 58 — 1388 keal.
TC- | Profile BMR (male) — Age 30, H | Pass
Perfi M d | Target | A t
er orm?nce easure arge ssessmen 05 178, W 80 — 1868 keal.
Metric
. TC- | Vision Grilled chicken salad — Pass
Initial Page Load |2.1s <2.5s | Meets .
06 items + macros returned.
(LCP)
Cumulative 0.07 <01 Mects TC- | Coach Pre-workout meal query — | Pass
. 08 contextual response.
Layout Shift
(CLS) TC- | Planner | Seven-day JSON plan Pass
10 dered in calendar.
Al Coach 1.8-32s |<5s Meets rendered I caendar
Response Latency TC- | Analytics | Health score in [0, 100] on | Pass
11 dial chart.
Food Vision 24-4.1s |<6s Meets radia’ chat
Analysis Time TC- [ Security | Cross-UID Firestore Pass
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TC | Module Scenario Status
ID
12 access — permission
denied.
TC- | UI Mobile responsiveness at | Pass
13 375 px viewport.

VL APPLICATIONS

Personal Wellness: individual users can access
personalised dictary guidance and analytics through
any modern browser without the cost or geographic
barriers of professional consultation.

Preventive Healthcare: predictive health analytics
support a shift from reactive medical treatment to
proactive lifestyle management, particularly relevant
given the rising burden of non-communicable
diseases.

Corporate Wellness Programmes: the multi-tenant
architecture supports deployment by employers
seeking to provide Al-driven wellness benefits to
their workforce.

Dietitian and Clinician Tooling: registered dietitians
can use Al-generated meal plans and analytics
dashboards as a starting point for client consultations,
reducing routine planning effort.

Educational and Academic Use: the platform serves
as a working reference implementation for courses on
full-stack development, Al integration, and cloud-
native architecture.

Public Health Research: anonymised population
analytics from opt-in users could provide insights
into dietary patterns and health outcomes at the
demographic level.

Telemedicine Integration: the API-driven architecture
allows the nutritional intelligence layer to be
embedded as a submodule within larger telehealth
platforms.
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VIL ADVANTAGES

Genuine Personalisation: every Gemini interaction is
conditioned on the user's biometric profile, producing
context-aware responses rather than population-
average advice.

Reduced Cognitive Load: vision-based food logging
removes the need for manual database search and
entry, the primary driver of dropout in conventional
applications.

Unified Feature Surface: coaching, vision, planning,
and analytics live within one cohesive application,
eliminating cognitive fragmentation across multiple
tools.

Security-First Architecture: Firebase ABAC rules
guarantee per-UID  data isolation; sensitive
credentials never reach the browser bundle.

Modern Performance Profile: Vite tree-shaking, lazy
loading, and CDN caching deliver sub-2.5-second
initial loads on mobile networks.

Scalable and Extensible: the modular React +
Firebase architecture allows adding domains,
languages, or wearable integrations without re-
architecting the core.

Transparent Al Output: all Gemini responses are
validated  through Zod schemas, providing
deterministic ~ error handling and structured
downstream consumption.

Open Web Deployment: no native app installation is
required; users access the full platform through any
modern browser.

VIII.  LIMITATIONS

Dependence on External AI Service: the platform
requires availability of the Google Gemini API;
service interruptions or quota limits directly degrade
user experience.

Vision Accuracy Boundaries: food-recognition
accuracy decreases for complex mixed dishes and
non-standard portion sizes, a constraint shared by all
vision-based nutritional systems.
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English-Only Interface: the current deployment
operates in English, limiting accessibility for non-
English-speaking users; multilingual support is
planned.

Not a Substitute for Clinical Advice: outputs are
informational; the system does not replace
consultation with a registered dietitian or medical
practitioner.

Self-Reported Biometrics: input data is user-supplied
and not independently verified; integration with
wearable telemetry is reserved for future work.

Limited Offline Capability: an active internet
connection is required for Al features, restricting use
in low-connectivity environments.

LLM Probabilistic Output: small variations between
repeated identical prompts are possible; deterministic
clinical decisions require additional validation layers.

CONCLUSION

This paper has presented NutriAl Pro, a full-stack,
Al-augmented health and nutrition intelligence
platform that addresses the principal deficiencies of
contemporary digital dietary applications. Through
the strategic integration of Google Gemini 1.5 Pro's
multimodal generative capabilities, Firebase cloud
services, and a high-performance React/Vite
frontend, the platform delivers a functionally rich,
secure, and performant user experience that is
qualitatively superior to existing market offerings.

The project demonstrates that the convergence of
modern web engineering practices and state-of-the-
art Large Language Models enables the construction
of consumer-grade health intelligence systems with
minimal specialised infrastructure. The successful
implementation of automated food recognition,
personalised meal-plan generation, real-time Al
coaching, and predictive health analytics within a
unified codebase validates the architectural approach.
All defined objectives were met within the
established scope, with the system passing 100% of
defined test cases and meeting or exceeding all
performance benchmarks.
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Future work will extend the platform along several
directions: integration with wearable telemetry from
Fitbit, Apple HealthKit, and Google Health Connect;
FHIR-compliant data export for interoperability with
electronic health records; multilingual support for
regional Indian languages; native iOS and Android
applications via React Native; federated learning for
privacy-preserving personalisation; and a structured
clinical trial conducted in partnership with a
registered dietitian to formally validate Al-generated
meal plans against standard dietary
recommendations. As consumers seek efficient and
trustworthy digital health tools, Al-augmented
platforms such as NutriAl Pro represent a promising
path toward accessible, personalised, and evidence-
based wellness.
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