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Abstract: In recent years, Al methods have begun to be applied in many different areas, with healthcare
being one of the most prominent. Diagnosis, treatment, patient care, new drug production, and preventive
care can be listed as some of the applications. n artificial intelligence, deep learning (DL) is a process that
replicates the working mechanism of the human brain in data processing. It has been used in many healthcare
applications for the diagnosis and treatment of many chronic diseases. These algorithms have the power to
avoid outbreaks of illness, recognize and diagnose illnesses, minimize running expenses for hospital
management and patients of Al in healthcare. Our approach focuses on creating clinically trustworthy
systems by integrating robust DL architectures (CNNs, RNNs, Autoencoders) with Explainable Al (XAI)
techniques such as Grad CAM and SHAP to provide interpretable, actionable insights for clinicians. We
further explore strategies like Federated Learning and data augmentation to overcome data limitations while
preserving patient privacy.

Index Terms - Artificial Intelligence, Deep neural network, Convolutional neural network, Recurrent
neural network, Autoencoders, Grad-CAM, SHAP, Federated Learning.

I. INTRODUCTION

Al predictions often sit idle in crowded clinical systems. A model may detect a worrisome lung nodule or
signal a heightened risk of diabetic complications, but the alert can easily remain buried, unaddressed, and
without follow-up [1]. The result is not just a missed data point it’s a delayed appointment, a lost
opportunity for early intervention, and a patient left waiting for guidance that never arrives [2]. This
disconnects between prediction and action remains one of the most pressing challenges in medical Al. At its
core, it is a challenge of connection. The HealthReach360 is built on the belief that the value of healthcare
Al should be measured not only by its diagnostic accuracy, but by its ability to convert insight into patient-
centred action. Our approach shifts the focus from systems that simply detect problems to systems that
actively connect patients with the care they need. The HealthReach360 system is envisioned as an
intelligent, integrative framework that operates as a proactive coordinator within clinical workflows. By
combining predictive insights from multiple data sources medical imaging, electronic health records
(EHRs), and continuous data from wearable devices it moves beyond identifying high-risk cases [3]. Its
primary goal is to ensure that each risk prediction leads seamlessly to the next step: timely referrals,
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specialist follow-ups, and personalized monitoring plans. In doing so, it aims to close the loop between
assessment and action, providing clinicians with support while ensuring patients receive prompt, appropriate
care. This report outlines the strategy behind achieving this vision [4]. We begin by situating our work
within the current research landscape, which recognizes DL’s enormous potential but also its limitations in
trust, privacy, and real-world integration. From there, we introduce the architecture of the HealthReach360
system, designed with explainability, secure data practices such as federated learning, and clinical
workflow compatibility at its core. Ultimately, our mission is to bridge the divide between algorithmic
capability and clinical impact transforming Al insights into meaningful, timely interventions that
support both healthcare providers and their patients.

The primary aim of this project is to develop a complete healthcare system that can:
1.Schedule the patient appointment according to doctor availability.

2.During emergency scenarios, patient can consult a doctor via video call for immediate consultation.
3. Analyz patient’s basic symptom to predict possible disease.
4.Based on symptoms prefer emergency medical practices or medicines.

I. LITERATURE REVIEW

In Paper [1] published by Sandeep K. Poudel et al. in 2017, the authors reviewed recent literature on
applying deep learning to advance healthcare. They noted that deep learning, through techniques like
Stacked Denoising Autoencoders (SDAEs) and Recurrent Neural Networks (RNNs), enables the automated
discovery of representations from complex biomedical data, including EHRs and genomics. Their analysis
concluded that deep learning provides a vehicle for translating big biomedical data into improved human
health by modelling, representing, and learning from heterogeneous sources. They stressed the need for
improved methods, particularly regarding interpretability for domain experts.

Paper [2] published by Y. Zhaojie et al. in 2019, the author focused on the applications of deep learning in
medical image analysis, drug discovery, and remote patient monitoring. They detailed the primary models:
CNNs for image recognition, SAEs for dimensionality reduction, and RNNs for sequential data analysis.
The review cited recent studies achieving very high accuracies, such as 99.1% for breast cancer
classification using a CNN-based framework on ultrasound images and 98.5% accuracy for heart disease
prediction using ensemble DL. They concluded that well- defined general DL architectures are essential for
solving complex healthcare problems

In Paper [3] published by Amanjot Kaur et al. in 2021, the author systematically reviewed DL models for
diseases categorized by human body systems: Central Nervous System, Cardiovascular System, and
Respiratory System. They introduced models like MLP, RNN, CNN, and Autoencoders for tasks such as
identifying depression, stroke, and pneumonia. Their findings show that DL models can achieve high
accuracy (e.g., 99% for Alzheimer's classification) v

Sajjad Muhamma in his paper [4] published in 2019, explored the intelligent healthcare applications of deep
learning within computational medicine highlighting their role in clinical imaging, EHRs, genomics, and
drug development The author detailed how Recurrent Neural Networks (RNNs) are widely used for
sequential data in EHRs.

In Paper [5] published by Jan Egger et al. in 2021, the authors presented a systematic meta-review of medical
deep learning surveys published from 2017 to 2019. This meta-review confirmed the rapid and expanding
influence of DL across medicine, evidenced by a dramatic increase in review articles and high citation
counts. The paper consistently identified common drawbacks and research gaps reported by multiple
surveys, notably the perennial lack of interpretability (“black box" problem).

In Paper [6] published by Yugqi Si et al. in 2020, a systematic review on how deep learning (DL) techniques
are used to extract patient representations from electronic health records (EHRSs). Their work focuses on
using models like LSTM and autoencoders In Paper [7] published by N. A. Nasarudin et al. in 2024, a recent
review published Artificial Intelligence Review (2024) evaluates various deep learning models applied to
electronic health databases for predictive health tasks. The authors discuss how DL supports patient outcome
prediction, resource optimization, and potential real-time decision-making by leveraging heterogeneous data
like lab tests, vitals, and history
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In. METHODOLOGY

The workflow begins with a careful study of the medical and healthcare applications currently used in the
local environment. This examination focuses on understanding how these apps function, how users interact
with them, and where their strengths and weaknesses lie. Identifying these gaps helps determine which
features should be improved and what new capabilities the proposed system must introduce. Data is
collected from doctors and other medical professionals. This includes patient case information, symptom
details, diagnostic reports, and medical images. Using real clinical data ensures that the system is grounded
in expert knowledge and reflects real-world medical needs. Once the data is gathered, it is analysed
thoroughly to assess its quality. This step is crucial for avoiding bias and ensuring reliable model
performance. Different models are evaluated based on their performan ce, complexity, and suitability for the
type of data being used. The model that demonstrates the best balance of accuracy and efficiency is chosen
for training. The selected deep learning model is then trained using the processed dataset. During this stage,
hyperparameters are tuned, multiple training cycles are performed, and continuous validation is applied to
steadily improve accuracy and robustness. Once the model achieves strong performance, it is integrated into
the front-end interface of the application. This allows end users including doctors, patients, and healthcare
staff to interact with the system easily and receive real-time predictions or analyses. Finally, the entire
system is deployed as a complete, functioning application. At this stage, the trained deep learning model
becomes accessible for practical use in real medical environments, supporting better decision-making and
improving healthcare delivery.

The block diagram illustrates a streamlined workflow of an Al-based system designed to predict diseases
and recommend suitable medicines by analysing patient symptoms and comparing them with a trained
machine learning model. The overall process mirrors the logical approach taken by healthcare professionals
collecting patient information, interpreting symptoms, validating findings with medical knowledge, and
finally recommending appropriate treatment.

Analysing Collecting Analysing
the local data from dataset

apps doctors ‘ to train

Identifying Training the
» suitable » DL model
ML

Integrating the DI.
model to frontend

and application
daployment.

Fig 1: Block-diagram of Vital-Linker Healthcare System

The above figure provides a summary of the overall lifecycle that is used in the development of a medical
application using an Al technique. It starts from the collection of requirements using applications available
in the area and health care professionals, followed by dataset preparation and model training.
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Fig 2. Block diagram of chatbot

1. Collecting Data from the Patient - This may include symptoms, medical history, lifestyle factors, age,
and previously taken medications. In real- world implementations, this data can be collected through
multiple sources such as mobile apps, teleconsultation platforms, wearable devices, or hospital electronic
health records. This foundational block ensures that the system has the necessary information to proceed
with reliable disease analysis.

2. Analysing Symptoms to Identify Possible Diseases - Here, the symptoms are evaluated using Al or rule-
based logic to detect possible diseases. Machine learning models such as classifiers, decision trees, or neural
networks play a key role by recognizing symptom patterns and linking them to known medical conditions.
The output at this stage is not a final conclusion but a list of likely diseases based on the given symptoms.
This preliminary prediction forms the basis for deeper analysis in the next block.

3. Comparing Symptoms with the Trained Machine Learning Model - When new patient information
enters the system, the trained model evaluates how closely the symptoms match its learned data. This
comparison ensures that predictions are data-driven, consistent, and reliable. The trained module may also be
updated over time with new cases, allowing the system to evolve and improve its diagnostic accuracy

4. Extracting Relevant Medicines for the Predicted Disease - This block accesses a medical database
containing treatment guidelines, commonly prescribed drugs, dosage information, and safety instructions for
various conditions. The recommendation process may also include safeguards such as:

5.Checking potential allergies,

a. avoiding harmful drug interactions,

b. ensuring medications are age-appropriate,

c. distinguishing between over-the-counter and prescription-only drugs.
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Iv. PROPOSED MODEL.:
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Al Triage Suggests Pregnant Women

* Possible condition Care Guidelines
* Immediate steps T
Emergency olf’ Adgc: Care

Medlclne sundelines

Suggestion (if safe)

—l— Emergency

Nearby Hospital Contact

Locator Call Option

( END ).—

Fig 3. Flowchart

The flow diagram illustrates the complete operational process of the proposed Al-based Healthcare Mobile
Application. The system begins at the START stage, representing the launch of the application. Once opened,

the user is presented with three primary service modules:

1.Emergency Help (Al Triage System): The Al-based triage system processes these symptoms and evaluates
the user’s condition.

After analysis, the system provides:

« Possible medical conditions
- Immediate precautionary steps
- Basic first-aid guidance

2.Doctor Online Interaction: This module enables users to connect directly with certified medical
professionals via video call or chat-based consultation. Through this option:

« The user may start a video consultation

- Or initiate a text-based chat with a doctor

3. Health Services Dashboard: The Health Services Dashboard provides easy access to everyday
healthcare support tailored to different age groups and family needs. It includes the following modules:
Children Vaccination Reminders &

Records Old Age Care Guidelines

4.Emergency Contact Call Option: A one-tap emergency button is provided for quick contact
with: Family members Caregivers

Ambulance

services

Emergency

hotlines

This feature ensures help is available instantly during urgent situations.
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Algorithmic pipeline

Core Architecture: Hybrid RAG-Agent

The medical textbooks and EHR data are converted into the mathematical vectors. The embedding model E
can be used to map text T into high-dimensional vector space R. For any medical document Di, the
embedding vi is calculated as:

vi = E(Di) (1)

When a user asks any query such as “What are the symptoms of RED EYE”, the system converts this query
Q into a vector g. Then the system performs a Cosine Similarity search on the dataset d to find the relevant
results and facts. The similarity ecare hatweean the anerv 0) and a document is given by:

-d Y gd;
Similarity(q,d) = T2 el q;

d d 9 [d p
a \"‘Eplq;\"E‘Jdv

The top k documents are retrieved by the sysytem with highest similarity score to form Medical Context ( C

The Transformation Process

Once the context C (retrieved facts) is found, it is fed into a Transformer model alongside the query. The
underlying algorithm here is the Transformer, specifically utilizing Self-Attention. The Al calculates which
words (tokens) in the medical context are most important for answering the user's specific query. It uses
Query (Q{attn}), Key (K), and Value (V) matrices:

K'
Attention(Qun, K, V) = softmax (Qu\x/md_ ) V ©)

A.
The Output & Safety Layer
We measure the predictability (Entropy $H$) of the generated response. If the model's confidence is too
low, or if the entropy is ton hinh the austem trinners a fallhark message (e.g., "'l am an Al, please consult a
doctor for this issue."). H(X)=—)_ P(z)log P(x)

zeX

(4)
If H(X) > \text{Threshold}$, halt generation and output the safety disclaimer.

V. RESULTS AND DISCUSSION

Baseline Accuracy (MMLU)

100%

80% e —
60%
40%
20%

0%

~800 ~500 ~300
[lama3-8hb-8192 mixtral-8x7b- [lama-3.3-70b-
32768 versatile

Fig 4. Comparison between models of GROQ

I llama3-8b-8192 (Llama 3 8B): The light and speedy model. Working at incredibly fast speeds
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(approximately ~800 tokens per second) but with the lowest reasoning accuracy out of the three (68%

MMLU), it is ideal for performing tasks that require spe ed only.

] mixtral-8x7b-32768 (Mixtral 8x7B): The mixture of experts. Providing reasonable speeds of
approximately ~500 tokens per second alongside a decent context window of 32K, its accuracy rate of 71%

“MMLU places it in the middle between the other two. llama-3.3-70b-versatile (Llama 3.3 70B): The heavy-

duty worker. Although it is the "slowest™ of the three, reaching ~300 tokens per second, it still works way

faster than any traditional provider. It compensates for the decrease in speed with high intelligence,
scoring an 85% MMLU in accuracy and having an impressive context window.

CareConnect

elect your portal to continus

Fig 5. Login Dashboard

This page shows the Login Dashboard where the users can login how they like to use the application.

= CareConnect

A Digital Ecosystem for

Empowerment

Providing secmiess healthcare access to every rural household.

Learn More

Fig 6. Main page

This page shows the Main page of the application where the users can see and access the application.
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Create Account

Registering as: Patient

Full Name

Email Address

Phone Number

Create Password

Patient ~
Proceed to Verification
‘ Cancel ‘

Fig 7. Account Registration
page This image shows the registration page where new user can

register

‘ « Switch Portal
"
[ - CareConnect

b
'/ \/ PATIENT PORTAL
hA

rameshdri2@gmail.com

oeeenne

New User? Register Here

Fig 8. Login Page

This page shows the login page of the application where user can login to use the application.

[JCRTBY02012 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | 108


http://www.ijcrt.org/

www.ijcrt.org © 2026 IJCRT | Volume 14, Issue 7 July 2026 | ISSN: 2320-2882

& Al Assistant

Healthbot

Describe symptoms or ask
medicine/health questions.

tory

lls, and a

- -] a
View cCall Logs

Fig 9. Healthcare chatbot
This is the Al health-bot which is an ai tool which helps the user to get suggestion
during any emergency

Our Specialized Services

2 Ny (")

Online Congultation Village Macics Vaceinations Moedicines

Find Hospita

Fig 10. Patient
portal This figure shows the options or features which we provide

to the patient

= CareConnect LI

Online Consultation

ouwaud like to connect with your hocithcare team today

fBe B

Live Video Call Secure Chat Directory

gos 10 HOCIoes. PO

Fig 11. Online consultation page
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This is the page where the patient can conduct online consultation and chat with the

doctor or pharmacist

A ¥ 4

Village Medics

rained local health workers serving your community

200+ 50+ 10K+

Traned Medics Villages Patients

My Medic Requests o

Fig 12. Village Medics

This page shows the Village Medics page of the application where user can consult or check local village

doctor.

Track Vaccination Schedules

Sty on fop of your family's sxunization

Compisted Ponding

Child of Giridhar R
Age 9
My Vaceine Requests o

Fig 13. Vaccination page

This figure shows the vaccination page of the application where user can see his scheduled vaccination
time and previous vaccinations.

Digital Pharmacy

Find prascrbac madiinings and baok them caectly from local pranmocizs.

Paracetamol 600mg " Amoxicillin 260mg 5 Cough Syrup 100ml
Fevar i Fron il Yy & Wal G

Go

Antibsinen

Gity Care Phormaoy City Cors Phemasy Ciy Care Pharmocy m
O hswes 8w O v
Rampur Vilage Meds m o Fampur Villoge Meds m
o @in sy

Fig 14. Online pharmacy

This image shows the digital pharmacy page of the application where search and buy medicines.
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Financial & Impact Overview

z14.5L 241 210.3L L. T24%
¥ i ) SOTALGRTORME _+ fipiee A cooums
Village Performance Leaderboard o

Fig 15. App Admin page

This page shows the application admin portal of the application from where the user can check the complete
application as well the profit and loss.

= careConnect QIS «©

Peatiant Appaintmaent Queue £ Gyre W Tolohoalth Desk
mncht Viden Corm i
A Cueum Vices Conwutt
# Wolk-in Management

Gridhar

W Emergency 308 rronsier

Fig 16. Front Desk page
This image shows the Help desk Ul of the application where receptionist can schedule the meetings
according to doctors’ availability.

= CareConnect (ZNID
Ready 4
tart Video Corsult Patierts i Queue
& Today's Appointment Queue 2syne
e PATIENTNAME TVRE
1/5/2016
1/sj2038
I - # Vocsraon w— (2
< —

Fig 17. Doctors page

This page shows the Doctor portal of the application where the doctor gets the list of scheduled appointments
upon which he can treat patient.
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CareConnect (ST tagout

Doctor Credential Verification

Revisw and approve newly egisteted medicol professionals. Lnapproved doctors remain invisitle to patients and

£taft in MorgoDa,

Pending Registrations CRefrosh DB

DOCTOR MAVE BN (1D} CONTACT STATUS ACTON

Ko psocdng doster ragstfations in WangoeDs o s lime

Fig 18. Hospital admin page

This page shows the hospital admin portal of the application where the admin verifies and accepts the doctors

Available Hospitais

Fig 19. Find nearby Hospital page

This figure shows the page where patients can search the nearby hospitals and get its direction

- CareConnect
£ Pharmacy Inbox
P Kushi
= D
e Dr. Likith
N oocTor

Fig 20. Pharmacy inbox

This is the portal where the pharmacist receives the messages from doctor and patient about medicines where
he can reply back.

[JCRTBY02012 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | 112


http://www.ijcrt.org/

www.ijcrt.org © 2026 IJCRT | Volume 14, Issue 7 July 2026 | ISSN: 2320-2882

VI. CONCLUSION

Deep learning holds extraordinary potential to revolutionize modern healthcare. Its ability to analyse vast
biomedical datasets, uncover intricate patterns, and support personalized and timely diagnoses positions it as
a powerful tool for future medical practice. However, realizing this potential requires overcoming significant
barriers particularly interpretability challenges, data limitations, and the absence of standardization. The
future of deep learning in healthcare will therefore rely not just on algorithms but on collective
responsibility and interdisciplinary cooperation to ensure that technological progress translates into
meaningful, reliable, and safe clinical impact. The displayed interface represents a mobile application
designed for healthcare support, community health empowerment, and emergency assistance. Its layout and
features indicate that the app aims to create a digital ecosystem where patients, caregivers, village medics,
and healthcare professionals can interact seamlessly. The primary goal of this application is to bridge the
gap between rural or underserved communities and essential healthcare services. By offering medical
guidance, emergency support, and health-related information, the app empowers users to access critical
services when professional medical help may not be immediately available. It is essentially built to be a
digital companion for healthcare awareness, assistance, and community engagement was approximately
47%.
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