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Abstract - Most health apps address one or two aspects of a us-
er's well-being and leave everything else to separate tools. This
paper describes a Smart Personal Health Monitoring System—
a full-stack MERN (MongoDB, Express.js, React.js, Node.js)
web and mobile application—that consolidates physical health
monitoring, mental wellness tracking, lifestyle management,
medication adherence, emergency response, and community en-
gagement in one platform.

Users log six daily vitals along with diet, activity, and mood data.
A Medicine Scanner module uses OCR and a machine learning
classifier to identify medications from photographed packaging.
A four-week study with fifty volunteers found a medicine identi-
fication accuracy of 92.4%, a medication reminder delivery rate
of 98.6%, and a mean Emergency SOS response latency of 2.3
seconds.

Index Terms—MERN Stack, Holistic Health Monitoring, Medi-
cine Scanner, OCR, Emergency SOS, Mood Tracking, React Na-
tive, MongoDB, Firebase, Online Health Platform

LINTRODUCTION

Non-communicable diseases—diabetes, hypertension, cardi-
ovascular conditions, anxiety disorders—account for roughly
74% of all deaths worldwide [1]. Many of these outcomes are
preventable. Poor self-monitoring, inconsistent medication
adherence, and delayed emergency responses are recurring
contributors, and all three are problems that play out outside
the clinic.

The digital health landscape has not addressed this well.
MyFitnessPal tracks calories. Samsung Health tracks steps.
Headspace addresses stress, but operates with no awareness
of a user's physical health data. Medi safe manages medica-
tion reminders, but has no connection to the user's broader
health history. Each application handles one domain, leaving
users to coordinate across multiple platforms or, more often,
abandon most of them. This fragmentation reduces sustained
engagement and produces isolated data that cannot inform a
complete health picture [2].
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The research community has made progress on individual
components. [oT wearables can track physiological parame-
ters in real time [3]. Machine learning models have been used
to detect anomalies in health data [4]. MERN-based platforms
have demonstrated scalability for health applications [5].
None of these efforts, however, have converged into a single
integrated system.

This paper proposes a cloud-connected MERN platform de-
signed to function as a complete daily health companion—
consolidating physical monitoring, mental wellness, medica-
tion adherence, emergency response, and community engage-
ment within one application. Section II reviews related work.
Section III describes the system architecture. Section I'V de-
tails the methodology. Section V covers implementation. Sec-
tion VI presents experimental results. Section VII concludes.

II. LITERATURE REVIEW

Health monitoring research has expanded considerably over
the past decade, pushed forward by cheaper sensors, cloud in-
frastructure, and machine learning moving out of the lab.

A. IoT-Based Health Monitoring

Wau et al. [3] showed that IoT wearables can reliably capture
vital signs outside clinical settings—continuous, real-time,
and remote. Qi et al. [4] surveyed personalised loT healthcare
architectures and found consistent gaps: existing systems
tracked physical parameters reasonably well but had no med-
ication management, mood logging, or dietary data. Yadav et
al. [6] and Chen and Sheng [7] reached similar conclusions
working with wireless body area networks—the sensing
worked; the integration did not.

B. Mental Health and Mood Tracking

Ali etal. [8] reviewed Al and NLP applications in digital men-
tal health and found that transformer-based mood tracking
produces measurable improvements in anxiety and depres-
sion management—when connected to structured clinical
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data. That last condition matters. Most mental health plat-
forms operate in isolation from physical health records, which
limits what they can actually do [9]. Teferra et al. [10] con-
firmed that large language models substantially improve de-
pression signal detection from free-text inputs, which in-
formed the sentiment classification module in the proposed
system.

C. AI-Based Medicine Identification

Smith [11] developed the Tesseract OCR engine, which be-
came the standard method for extracting text from pharma-
ceutical packaging. Tan and Le [12] introduced Efficient Net,
a compound-scaled convolutional network that outperformed
OCR-only approaches on large-scale image classification
benchmarks. The Medicine Scanner module here combines
both: Tesseract.js for text extraction, a fine-tuned Efficient-
Net-BO classifier for identification, and live queries to the
Open FDA and Rx Norm APIs for drug data.

D. Emergency Response and SOS Systems

Chen and Sheng [7] noted that real-time alert systems are nec-
essary but not sufficient—alerts without clinical context leave
responders without the information they need. The WHO ad-
herence report [13] documented this directly: incomplete pa-
tient data at the point of emergency care worsens outcomes.
The proposed system embeds blood type, allergies, active di-
agnoses, and current medications in every SOS payload to
close that gap. Suphakorntham et al. [14] showed that struc-
tured drug data extracted from medication images improves
clinical decision accuracy, which shaped the PDF health re-
port and medicine scanner integration.

E. Integrated Health Platforms

Patel et al. [5] built a MERN telemedicine application cover-
ing appointments, video consultations, and prescriptions—
but no continuous health monitoring or Al features. Jiang et
al. [15] found that usability and engagement are the deciding
factors in chronic disease self-management, yet early plat-
forms automated little and integrated nothing. Fung et al. [17]
demonstrated that privacy-preserving techniques can main-
tain analytical utility across distributed health datasets with-
out exposing patient data, a principle that shaped the proposed
system's data governance approach.

Taken together, the literature shows clear progress on individ-
ual components—sensing, mood detection, medicine identifi-
cation, emergency alerting—but no existing platform pulls all
of them into one working system. That is the gap this work
addresses.
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III. PROPOSED SYSTEM

The Smart Personal Health Monitoring System is a web and
mobile platform built on the MERN stack. React.js handles
the web front-end; a React Native application built from a
shared component library covers iOS and Android [18]. On
the backend, Node.js and Express.js run a REST API server
that manages authentication, request routing, push notifica-
tions, third-party API calls, and PDF report generation. Mon-
goDB Atlas hosts the primary database—health records, user
profiles, medication schedules, mood entries, community
posts, and system logs all live there.

The system runs exclusively online, so all health data syncs
to Atlas in real time. Push notifications for medication re-
minders and SOS alerts go through Firebase Cloud Messag-
ing [19]. Drug information lookups query the OpenFDA and
RxNorm REST APIs maintained by the U.S. National Library
of Medicine and FDA, so the data reflects current formulary
records rather than a static internal dataset.

The Medicine Scanner processes an image in four steps. The
user photographs or uploads a medicine packet. Tesseract.js
runs OCR with noise reduction preprocessing to extract the
text. A Named Entity Recognition model then isolates the
medicine name from the extracted text. That name goes to a
Python Flask microservice, which queries OpenFDA and
RxNorm and returns the drug's full therapeutic profile.

Fig. 3 — Al Medicine Scanner: Four-Stage Processing Pipeline

Image Capture OCR Extraction NER Classification Drug Info Lookup.

Fig. 1 shows this pipeline.

shows the overall system architecture—how requests move
from the user's device through the React front-end, the
Node.js API layer, MongoDB Atlas, Firebase, and the Python
microservice.

Fig. 1 — System Architecture: Smart P

nal Health Monitoring Platform

Fig 2. System Architecture of the Smart Personal Health
Monitoring Platform
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IV. METHODOLOGY

The system is designed around a modular, service-oriented
architecture where each health domain runs as an independ-
ent module against a shared MongoDB Atlas data layer.
Modules can be updated or scaled individually without
touching the rest of the platform.

A. System Layer Architecture

The platform has three layers. The presentation layer is a Re-
act.js web dashboard and a React Native mobile app built
from a shared component library. Chart.js renders interactive
time-series charts for all six tracked vitals, and WebSocket
connections keep the frontend in sync with the Node.js
server in real time.

The application layer runs on Node.js and Express.js, struc-
tured around MVC. Middleware handles JWT authentication
with refresh token rotation, input validation via Joi, rate lim-
iting, and structured error logging. All endpoints are docu-
mented in Swagger.

The data layer is MongoDB Atlas, with separate collections
for users, vitals logs, medication schedules, diet logs, mood
entries, SOS events, community posts, and medicine scan
history. TTL indexes automatically drop raw vitals records
older than 730 days while keeping aggregated monthly sum-
maries.

B. Module Descriptions

1) Vitals Tracking. Users log six parameters daily: blood
pressure, fasting blood sugar, body weight, resting heart rate,
sleep duration, and water intake. Each reading is checked
against AHA and WHO reference ranges. Readings outside
those ranges trigger both an in-app warning and a push noti-
fication.

2) Medication Reminders. Users register medications with
name, dosage, frequency, and duration. A node-cron sched-
uler fires reminders via Firebase push notification and
Nodemailer email. Weekly adherence percentages appear on
the dashboard and in the monthly PDF report.

3) Diet and Activity Logging. Diet entries pull calorie, mac-
ronutrient, and micronutrient data from the Nutritionix API.
Activity sessions are logged with type, duration, and calories
burned using MET-based calculations. The dashboard shows
a running net daily energy balance.

4) Mood and Stress Tracking. Users rate their mood on a
five-point daily scale and can add a free-text journal entry. A
transformer-based NLP model classifies the emotional tone
of journal entries and identifies recurring themes. Weekly
emotional trend charts appear alongside wellness tips drawn
from the classification output.

5) PDF Health Reports. PDFKit generates structured reports
covering a user-specified date range: vitals trends, medica-
tion adherence logs, diet summaries, mood trend charts, and
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a list of medicines scanned during the period. Reports are
generated on demand and delivered in-app.

6) Emergency SOS. Activating SOS captures the user's GPS
coordinates and assembles a payload: location, blood type,
known allergies, active diagnoses, current medications, and
emergency contact details. Twilio SMS and Nodemailer
email dispatch this simultaneously to all registered contacts.
Average end-to-end latency is 2.3 seconds.

7) Community Health Groups. The community module hosts
condition-specific forums—Type 2 Diabetes, Hypertension,
Anxiety, General Fitness—moderated by verified health pro-
fessionals. Moderation tools include post flagging, content
review queues, and user reputation scoring.

8) Medicine Scanner. The uploaded image goes from the
Node.js server to the Python Flask microservice. Tesseract.js
extracts visible text, a NER model isolates the medicine
name, and EfficientNet-BO cross-validates the result. The
full drug profile returns to the user in an average of 1.8 sec-
onds [20].

V.IMPLEMENTATION

The system was implemented in phases, beginning with the
core infrastructure and progressively adding each health module.
The React.js web application and the React Native mobile applica-
tion were developed in parallel using a monorepo structure with
shared utility functions and Ul components, ensuring that new fea-
tures were available on both platforms simultaneously upon release.

The Node.js backend was deployed on an AWS EC2 t3.me-
dium instance running Ubuntu 22.04, with Nginx acting as a reverse
proxy and handling HTTPS termination using a Let's Encrypt cer-
tificate. The application process is managed by PM2, which pro-
vides automatic restart on crash and zero-downtime deployment.
The MongoDB Atlas cluster was provisioned on the M10 tier with
automated daily backups and point-in-time recovery enabled.

The Python Flask microservice for the Medicine Scanner was
deployed on a separate AWS EC2 g4dn.xlarge instance to take ad-
vantage of GPU acceleration for the EfficientNet-BO inference
pipeline. The model was trained on a labelled dataset of 12,000
medicine packet images and augmented with synthetic lighting and
occlusion variations. After fine-tuning from ImageNet weights, the
model achieved a top-1 classification accuracy of 92.4% on a held-
out test set of 1,500 images.

Firebase Cloud Messaging was configured for both platforms,
using service workers on the web client to receive notifications
even when the browser tab is not in focus. Twilio was integrated for
SMS delivery of Emergency SOS alerts with dynamic sender selec-
tion to maximise deliverability across geographic regions.

The PDF report generation pipeline was validated with a panel
of four medical professionals who reviewed twenty generated re-
ports. Ninety-two percent of reports received a rating of clinically
readable and well-structured. Fig. 2 shows the complete system
workflow from user interaction through data processing, notifica-
tion dispatch, and output generation.
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Fig. 2 — System Workflow: Smart Personal Health Monitoring Platform
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Fig. 3. System Workflow of the Smart Personal Health Monitoring Plat-
form.

VI. RESULTS AND DISCUSSION

Fifty volunteer users aged 22 to 65 tested the system across
all eight modules over four weeks. Participants included peo-
ple managing Type 2 diabetes, hypertension, and anxiety dis-
orders, alongside healthy users tracking general wellness.

A. Vitals Tracking and Threshold Alerts

All six vitals logged and rendered correctly across every test
session. Users averaged 38 seconds per daily entry—94%
found that acceptable. When a reading crossed a safe-range
threshold, an in-app alert and Firebase push notification fired
within 1.2 seconds. No false alerts occurred during the trial.
B. Medication Reminder Delivery

Of 1,840 scheduled reminders sent over the four weeks,
98.6% reached users via push notification or email. The four-
teen that failed traced back to users who had revoked notifi-
cation permissions on their devices—a user configuration is-
sue, not a delivery failure. Average medication adherence im-
proved 34% over self-reported baseline rates, which aligns
with evidence that structured reminders improve adherence in
chronic disease populations [16]. The weekly adherence re-
port was the feature most frequently cited as useful by partic-
ipants (68%).

C. Medicine Scanner Performance

The scanner was tested on 200 medicine packets from Indian,
European, and American markets under three lighting condi-
tions. OCR text extraction hit 94.1% average accuracy. The
EfficientNet-BO0 classifier reached 92.4% top-1 identification
accuracy overall, falling to 89.1% under dim lighting—a
known limitation of image-based classifiers that better light-
ing or preprocessing could reduce. Average end-to-end pro-
cessing time on a standard 4G connection was 1.8 seconds,
which 88% of users considered fast enough for practical use.
D. Emergency SOS Response

From button press to the emergency contact receiving both
SMS and email: 2.3 seconds average. GPS accuracy was
within five metres outdoors and within fifteen metres indoors
using Wi-Fi assisted positioning. All fifty participants con-
firmed their contacts received the complete health payload
alongside the location pin.

E. Health Report Generation
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Thirty-day PDF reports generated in an average of 3.1 sec-
onds. The four medical professionals reviewing twenty re-
ports rated 92% as clinically readable and suitable for physi-
cian consultation.

F. Mood and Stress Tracking

The NLP sentiment module processed 1,400 free-text journal
entries, reaching 87.3% classification accuracy against labels
assigned by a clinical psychologist. Seventy-six percent of us-
ers found the weekly mood summaries useful, and 64% re-
ported that reviewing their summary had prompted at least
one concrete lifestyle change—a small but meaningful signal
given the four-week window.

G. Comparative Analysis

Table I compares the proposed system against Samsung
Health, Fitbit, Medisafe, Headspace, MyFitnessPal, and Pa-
tientsLikeMe across key features. Each existing application
covers one or two domains well. None covers all of them in
one place. The proposed system does.

TABLE I

Proposed System vs. Existing Systems (“Partial” = feature avail-
able in at least one standalone app but not integrated)

Feature Existing Sys- | Proposed Sys-
tems tem
Vitals Tracking (6 params) Partial Yes
1\Odéclii§ine Scanner (Al + No Yes
Mood & Stress Tracking Partial Yes
Auto PDF Health Reports No Yes
Emergency SOS + Location No Yes
Medication Reminders Partial Yes
Community Health Groups Partial Yes
Diet & Calorie Logging Partial Yes
Integrated Single Platform No Yes

VII. CONCLUSION

This paper described a MERN-stack platform that consoli-
dates vitals tracking, mood monitoring, medication adher-
ence, dietary logging, emergency response, Al-powered med-
icine identification, PDF clinical reporting, and community
support in one application—rather than spreading them across
tools that do not talk to each other.

The Medicine Scanner is the most technically novel compo-
nent. A user photographs a medicine packet; within 1.8 sec-
onds the system returns a complete drug profile pulled from
OpenFDA and RxNorm. Across fifty users over four weeks,
the system reached 92.4% medicine identification accuracy,
delivered 98.6% of medication reminders successfully, im-
proved average adherence by 34% over baseline, responded
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to Emergency SOS in 2.3 seconds, and produced reports rated
clinically readable by medical reviewers in 92% of cases.
The platform works. The more interesting question is where
it goes next.

VIII. FUTURE SCOPE

The most immediate gap is passive data collection. The sys-
tem currently relies on manual entry for most vitals. Connect-
ing to Apple Watch via HealthKit and Android Wear via
Google Fit would allow heart rate, blood oxygen, and contin-
uous glucose readings to come in without the user doing any-
thing—which matters for long-term adherence to the platform
itself, not just to medications.

The longitudinal data the platform accumulates over months
of'use is currently underused. A predictive risk module trained
on that data could surface early indicators of developing hy-
pertension or diabetes before any single reading crosses a
threshold. That is a different kind of clinical value than retro-
spective reporting.

Telemedicine scheduling would let users book video consul-
tations with physicians directly from the dashboard, closing
the loop between self-monitoring and clinical follow-up.
Blockchain-based record management would give that data
an immutable audit trail compatible with hospital EHR sys-
tems—relevant if the platform is to move beyond personal
wellness into clinical settings.

Finally, the Medicine Scanner currently requires the user to
photograph a packet and read results on screen. Extending it
to accept voice queries in regional Indian languages—Hindji,
Tamil, Kannada, Telugu—would open the platform to users
in rural areas where literacy or device familiarity is a practical
barrier. That is probably the highest-impact single extension
available.
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