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Abstract

The need for intelligent and easily accessible medical support systems has increased as a result of limited access to timely healthcare,
particularly in underserved and rural areas. A web-based Virtual Health Assistant (VHA) is presented in this work with the goal of improving
patient-centred, data-driven, and efficient healthcare. The platform incorporates two essential features: an Al-driven chatbot that predicts
diseases and provides medication recommendations, as well as an appointment scheduling system that links patients with qualified medical
professionals. The system architecture employs a React.js frontend, Flask and Node.js backends, and MongoDB for secure storage of user
profiles, symptom inputs, predictions, and appointment records. The dataset, which included 41 different diseases, 132 binary symptom
features, and 4,920 records, was used to train a Support Vector Classifier (SVC) model. A one-vs-rest classification scheme was used to
implement the model after pre-processing (feature encoding, label encoding, missing-value handling, followed by a 70/30 train-test split.
Precision, recall, F1-score, and support metrics were used to assess the model. By efficiently fusing real-time appointment scheduling with
Al-based diagnostics, the integrated VHA lowers patient wait times and enhances access to medical care. The dataset will be expanded,
NLP-based symptom interpretation will be improved, and telemedicine features for direct patient-doctor interaction will be incorporated
in future improvements. All things considered, this system shows great promise to revolutionize healthcare delivery by utilizing intelligent
automation to make it more individualized, efficient, and accessible.
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1. Introduction

Interest in the use of virtual health assistants (VHASs) has
increased recently due to the rising demand for healthcare
services and technological advancements. VHASs offer a work-
able solution to issues that have beset the healthcare system for
years, such as exorbitant costs, restricted access to care, and
subpar patient management. Telemedicine and healthcare apps
are also becoming increasingly popular. They are especially
helpful for individuals living in remote areas who have limited
access to healthcare professionals. When people are unable to
visit a doctor, this kind of access can help them take care of
their health. With some useful, individualized advice along
the way, VHAs can also help with appointment scheduling,
medication reminders, and symptom monitoring. The best
thing about virtual health assistants (VHASs) is that they are
always available and can provide prompt medical advice
when someone needs it most. Additionally, VHAS can assist
users in scheduling appointments, remind them to take their
medications, and monitor their symptoms.

This article main goal is to create an intelligent and user-
friendly healthcare platform that uses user-reported symptoms
to predict possible diseases. The system helps people detect
potential health issues early and take preventative action by
incorporating Al-driven disease prediction. The platform not
only helps with diagnosis but also makes it easy for users
to make appointments with medical professionals, guaran-
teeing prompt medical consultation. Additionally, the system
provides a responsive interface that enables users to manage
health information, check symptoms, and receive personalized

advice through a single platform.

2. Literature Review

Personalized Retrieval-Augmented Disease Prediction System
[1] proposes a framework that combines a large language
model (LLM) with retrieval-augmented generation (RAG) to
improve disease prediction and personalized recommenda-
tions. The system includes a semi-automated feature updating
framework, allowing adaptation over time to new symptom
patterns and patient histories.

[2] present a network-integrated medical chatbot for enhanced

diagnosis and treatment planning. They present a medical
chatbot architecture integrated into clinical workflows: the
system supports symptom assessment, treatment planning
and physician decision-support by linking the chatbot with
clinician dashboards and using knowledge-graph methods.

[3] critically evaluate the reliability of Al chatbots for disease

prediction that evaluates the reliability of LLM-based chat-
bots (e.g., GPT-4.0, Gemini Ultra) for emergency department
disease prediction. The authors found that while accuracy
was promising in some cases, none of the chatbots were yet
sufficiently reliable for independent clinical diagnosis without
human oversight.

[4] introduce a healthcare chatbot using machine learning and

natural language processing. (KNN, Ada Boost, MLP) and
NLP symptom mapping, reporting an accuracy of 96.47%.
The chatbot also offers suggestions of doctors based on
location and lifestyle/dietary advice, expanding beyond mere
symptom checkers.
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The convergence of digital health, patient centred care, and
artificial intelligence (Al) is the foundation for the develop-
ment of virtual health assistants (VHAs). Researchers and
organizations worldwide have explored the potential of VHASs
to transform healthcare delivery, improve patient outcomes,
and address systemic challenges.

[5] offers a clear understanding of how Al is reshaping
healthcare and making a real difference. In his book “Deep
Medicine,” Topol argues that Al can enhance diagnostic ac-
curacy, reduce administrative burdens, and restore the human
touch in medicine by allowing providers to focus more on
patient interaction. He highlights that digital health tools
including VHAs and wearable devices empower patients to
monitor symptoms, manage chronic diseases, and engage in
preventive care. Topol’s advocacy for patient-centred medicine
underscores the dual role of Al: advancing technical capabil-
ities and fostering empathy in healthcare delivery.

Conversational agents, a core component of VHAs, have
been studied for their effectiveness in mental health support.
[6] evaluated Woebot, a chatbot using cognitive behavioural
therapy (CBT) principles, and found that users experienced
reduced symptoms of anxiety and depression over a short
period. This study, published in JMIR Mental Health, demon-
strated the scalability and accessibility of digital mental health
interventions. The results indicated that conversational agents
could serve as effective adjuncts to traditional mental health
care, especially for individuals who might not otherwise seek
help.

The World Health Organization (WHO) has recognized digital
health technologies, including VHAs, as pivotal in addressing
global healthcare challenges. During the COVID-19 pan-
demic, VHAs and telemedicine platforms played a critical
role in remote symptom assessment, patient triage, and health
education. These tools helped reduce unnecessary hospital
visits by guiding users toward self-care or clinical consul-
tation based on symptom severity. The WHO’s endorsement
highlights the potential of VHAs to extend healthcare access,
particularly in underserved and marginalized communities.

[7] has extensively studied the design and implementation of

conversational agents in healthcare. Their research emphasizes
the ability of VHAs to deliver individualized health inter-
ventions, educate patients, and promote adherence to treat-
ment plans. They discovered that conversational agents are
especially helpful for managing chronic illnesses, supporting
mental health, and encouraging healthier lifestyle choices.
However, Bickmore and colleagues also identified challenges
such as ensuring the accuracy of medical advice, protecting
user privacy, and mitigating miscommunication due to the
complexities of natural language understanding.

[8] conducted a significant review on the ethical and practical
impact of using chatbots in healthcare, focusing on the poten-
tial benefits and risks associated with their integration. Their
research looked at how conversational agents like VHAs can
make healthcare more accessible to everyone by providing
easy-to-use, scalable, and affordable solutions. Additionally,
the study evaluated the issues of accuracy, trust, and the

wider social effects of depending on automated systems for
health-related guidance. The researchers found that chatbots
show real promise in areas like patient education, symptom
checking, and mental health support. However, they also
pointed out some ethical concerns, such as the risk of wrong
diagnoses caused by incomplete or biased training data.

[8] conducted a review on the application of Virtual Health
Assistants (VHASs) for elderly care, specifically looking at how
these technologies could support older adults in managing
health conditions, improving quality of life, and facilitating
independent living. Their research, published in the Journal of
Medical Internet Research, explored the potential benefits and
challenges of integrating VHAs, especially those with voice-
based interfaces like Amazon Alexa or Google Assistant,
into healthcare for elderly populations. They emphasized the
importance of user-friendly design, ensuring that VHAs are
intuitive, accessible, and empathetic to encourage use by aging
populations.

[9] examined the function of empathy in Al-powered Virtual

Health Assistants (VHAs), highlighting the ways in which
these tools might encourage patient involvement and enhance
medical results. In their study, which was published in the
Journal of Medical Internet Research, they investigated how
VHAs more especially, chatbots and voice-based agents can
mimic sympathetic interactions to increase user trust and
strengthen relationships, especially in healthcare settings like
patient education, chronic illness management, and mental
health support. Kocaballi and colleagues pointed out that
showing empathy in healthcare really matters it can boost
patient satisfaction, help people stick to their treatment plans,
and lead to better health overall.

[10] conducted a comprehensive review examining the
promise and limitations of mental health chatbots as tools
for providing therapeutic support. In his work, he examined
how Al-driven Virtual Health Assistants (VHAS), particularly
in the context of mental health, have the potential to deliver
effective interventions but also raised concerns about the risks
associated with relying on automated systems for emotional
and psychological care. He recommended that these technolo-
gies be used in conjunction with traditional mental health
services, under appropriate regulatory frameworks, to ensure
they provide safe, effective, and ethical support.

[11] conducted a forward-looking review that explored the
future of digital health assistants and their potential to trans-
form healthcare delivery. Published in the Digital Health
journal, the study discussed emerging trends in Virtual Health
Assistants (VHAS), artificial intelligence (Al), and their in-
tegration into healthcare ecosystems. The authors focused
on the growing role of VHAs in personalized medicine,
preventive healthcare, and chronic disease management, as
well as their potential to improve healthcare efficiency and
accessibility. The future of VHAs lies in their ability to not
only complement traditional healthcare services but also to
help build a more proactive, preventive healthcare model that
focuses on individual well-being and early disease prevention.
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3. Data and Methodology

3.1 System Overview:

As an intelligent, web-based healthcare companion, the pro-
posed Virtual Health Assistant (VHA) can offer medical
advice, make predictions about potential illnesses, recommend
medications, and help users make appointments with doctors.
To provide a seamless and easily accessible healthcare expe-
rience, the system combines several technologies, including
web development frameworks, natural language processing
(NLP), and artificial intelligence (AI). Through a chatbot
interface, users first input their symptoms in natural language.
The system then processes, interprets, and categorizes the
symptoms to produce disease predictions and related health
advice.

3.2 Dataset Description:

The disease prediction model was developed using the pub-
licly available “Medicine Recommendation System” dataset
from Kaggle [12]. This dataset comprises 4,920 patient
records and 133 attributes, including 132 binary symptom
features and one prognosis column representing the diag-
nosed disease. Each symptom feature is encoded as a binary
indicator, where ‘1’ indicates the presence of a symptom,
whereas ’0’ indicates its absence. The dataset encompasses
41 distinct diseases, ranging from common conditions such
as Acne, Bronchial Asthma, and Chicken Pox to more critical
ailments like Dengue, Diabetes, Hypertension, Malaria, and
Tuberculosis. The dataset’s size and diversity provide a rich
foundation for training the model to recognize complex rela-
tionships between symptoms and diseases, thereby enhancing
the accuracy and generalizability of disease prediction.

Before model training, the dataset underwent a thorough
exploratory analysis to identify any missing or inconsistent
entries. Missing values were handled using zero-filling, en-
suring uniformity and data integrity across all records. To
enable compatibility with machine learning algorithms, label
encoding was applied to convert categorical disease names
in the prognosis column into numerical values. Subsequently,
the dataset was partitioned into training (70%) and testing
(30%) subsets, comprising 3,444 training samples and 1,476
testing samples, respectively. This division allowed for effec-
tive model training, performance evaluation, and validation of
predictive accuracy.

3.3 Model Selection and Training:

The disease prediction model utilizes a Support Vector Classi-
fier (SVC), implemented using the One-vs-Rest (OvR) multi-
class classification strategy. This approach enables the model
to efficiently manage multiple disease categories by training
an individual classifier for each disease while grouping all
remaining classes as a single category. The SVC was selected
for its proven effectiveness in handling high-dimensional,
binary-encoded symptom data and its ability to generalize well
even with relatively limited samples for certain diseases.

The model was trained on the pre-processed dataset using

a Radial Basis Function (RBF) kernel, which allows it to
capture complex, non-linear relationships between symptoms
and disease outcomes. Hyperparameter tuning was conducted
to optimize model performance and reduce the risk of overfit-
ting. Model evaluation was performed using key classification
metrics: precision, recall, Fl-score, and support- to compre-
hensively assess predictive accuracy and robustness across all
41 disease classes.

In this context, the SVC seeks to determine an optimal
decision boundary (hyperplane) in an n-dimensional feature
space, where n corresponds to the 132 symptom variables. The
algorithm identifies support vectors, which are the critical data
points closest to the decision boundary, and constructs a hy-
perplane that maximizes the margin between disease classes.
This maximized margin enhances classification accuracy and
contributes to the model’s strong generalization capability in
predicting unseen disease patterns.

The decision function for a linear SVC can be expressed
mathematically as:

flx)=wx+Db (1)

where w is the weight vector learned during training, x is
the input feature vector representing symptoms, b is the bias
term, and f(x) is the decision function output.

The predicted class is determined by the sign of f(x) :
If f(z) > 0, the model predicts one class.
If f(x) <0, it predicts another.

In multilabel classification, this is the same as all other strate-
gies if the only activated labels influence the classification as
to activate any number of labels can only be beneficial In
multiclass classification, the training algorithm uses the one-
vs-rest (OvR) scheme if the ‘multiclass’ option is set to ‘ovr’,
and uses the cross-entropy loss if the ‘multiclass’ option is
set to ‘multinomial’ (41 diseases, in this case).

Each patient’s symptom profile is represented as a binary
vector of length 132:

e xi = 1: Symptom i is present.

e xi = 0: Symptom i is absent.
The SVC in the training stage learns the optimal hyperplanes
from weight vector w = [wl,w2,...,w132] and bias (bias term)

to separate different disease categories by making combina-
tions of (features) symptoms.

For any new, unseen patient record, the model computes:

fx) =wiz1 +waza + - - + wiznxiz2 + b )

The class with the highest classifier score is selected as the
predicted class.

3.4 Performance Evaluation:

The trained Support Vector Classifier (SVC) exhibited vary-
ing performance across different disease categories. High-
performing diseases including Acne, Bronchial Asthma,
Chicken Pox, and Drug Reaction achieved precision, recall,
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and Fl-scores of approximately 0.90, reflecting strong diag-
nostic accuracy and consistent classification results. A moder-
ately performing group, consisting of Dengue, Diabetes, Hy-
pertension, Malaria, and Tuberculosis, obtained precision and
recall values ranging between 0.80 and 0.85, with an average
Fl-score of around 0.82, indicating reliable but slightly less
consistent predictions. In contrast, lower-performing diseases
such as Heart Attack, Pneumonia, and Urinary Tract Infection
demonstrated F1-scores between 0.75 and 0.80, likely due to
overlapping symptom profiles or limited data representation.

Furthermore, diseases with higher data support including
Chronic Cholestasis (49 samples), Alcoholic Hepatitis (46
samples), AIDS (43 samples), Psoriasis (43 samples), and
Dengue (42 samples) displayed greater classification stability
and reduced performance variability. This trend underscores
the positive correlation between dataset size and model re-
liability, emphasizing that increasing the number of repre-
sentative samples per disease enhances the SVC’s predictive
precision and generalizability.

3.5 Architecture Overview

The architecture of the Virtual Health Assistant (VHA) is
designed to facilitate seamless interaction between users, the
Al-driven disease prediction model, and healthcare service
providers. The system follows a modular, multi-layered ar-
chitecture comprising three main components: the Frontend,
Backend, and Database. These components work in an in-
tegrated and secure manner to provide real-time healthcare
assistance and an efficient user experience.

The Frontend is developed using React.js, offering a respon-
sive, interactive, and intuitive interface that enables patients
to communicate with the chatbot, input symptoms, view
disease predictions, and schedule medical appointments. Re-
act’s component-based architecture ensures efficient render-
ing, smooth navigation, and dynamic data updates without
page reloads. This enhances overall system performance and
delivers a user experience comparable to modern healthcare
applications.

The Backend layer integrates two key technologies, Flask
(Python) and Node.js, that work collaboratively to handle
core system logic and communication. The Flask framework
hosts the trained Al-based disease prediction model, processes
user symptom data, and generates diagnostic insights and
medical recommendations. Meanwhile, Node.js manages API
endpoints, routing, and server-side communication between
the frontend interface, the Flask model, and the database.
This dual-backend approach ensures efficient data handling,
scalability, and real-time interaction between users and the
predictive engine.

The Database layer is implemented using MongoDB, a
document-oriented NoSQL database selected for its scalabil-
ity, flexibility, and robust data security features. It stores criti-
cal system information, including user profiles, symptom logs,
predicted diseases, prescriptions, and appointment records.
The database is optimized for high-speed query execution
and employs data encryption to maintain confidentiality and

compliance with healthcare data protection standards.

Overall, the modular design of the VHA architecture allows
for efficient data flow, high scalability, and secure system
operation, ensuring reliable performance even under increased
user load. This integration of Al and web technologies creates
a unified platform that bridges the gap between patients and
healthcare providers through intelligent automation.

3.6 AI Chatbot and Disease Prediction

The AI Chatbot serves as the central intelligence of the Virtual
Health Assistant (VHA), enabling dynamic and interactive
communication between users and the system. The chatbot
functions as the user’s primary interface for health assessment
and guidance, leveraging natural language understanding and
machine learning to interpret symptoms and provide data-
driven insights.

Users initiate interaction by entering their symptoms in natural
language, which are then processed using Natural Language
Processing (NLP) techniques. These NLP methods extract
key medical entities and symptom-related terms from the text
and translate them into structured input data. The extracted
symptoms are subsequently converted into a binary feature
vector, aligning with the input format required by the trained
Support Vector Classifier (SVC) model.

The SVC model, trained on the “Medicine Recommendation
System” dataset, analyses the user’s binary symptom vector
to predict the most probable disease or condition. The model
compares the user’s symptom pattern with known disease
profiles, generating predictions alongside corresponding con-
fidence scores that quantify the likelihood of each outcome.
Once a diagnosis is obtained, the chatbot accesses the backend
database to retrieve contextual medical information, includ-
ing disease descriptions, recommended medications, dietary
guidelines, and precautionary measures.

The chatbot presents this information in a conversational
and user-friendly format, effectively simulating an intelligent
virtual health consultation. When the model identifies symp-
toms that suggest a potentially serious condition, the chatbot
proactively recommends professional medical consultation
and assists users in scheduling appointments with suitable
healthcare providers.

This seamless integration of Al-driven disease prediction, per-
sonalized medical advice, and appointment facilitation trans-
forms the chatbot into an effective virtual healthcare assistant,
enhancing healthcare accessibility, reducing diagnostic delays,
and empowering users to take proactive control of their health.

3.7 Appointment Scheduling

The Appointment Scheduling feature is a key functional
component of the Virtual Health Assistant (VHA), designed
to streamline and automate the interaction between patients
and healthcare providers. Following the disease prediction
phase, users have the option to book a medical appointment
directly through the platform. The integrated AI chatbot
assists throughout the process by recommending the most
suitable category of healthcare professionals based on the
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identified condition; for instance, a dermatologist for skin-
related disorders or a general physician for common illnesses.

The backend system manages the end-to-end scheduling
workflow, including doctor availability checks, calendar syn-
chronization, and real-time appointment confirmation. This
automated mechanism eliminates the need for manual com-
munication, paperwork, or external coordination, significantly
reducing administrative burden. Once an appointment is con-
firmed, users receive instant notifications and reminders, and
the details are updated within their personalized dashboard
interface for easy tracking.

By integrating Al-guided recommendations with real-time
scheduling, this system enhances efficiency, accessibility,
and patient engagement. It ensures that users can transition
seamlessly from digital symptom assessment to professional
consultation, thereby promoting faster healthcare delivery and
improved patient outcomes.

3.8 Data Security and Privacy

The system implements user authentication, ensuring that each
patient’s account is protected by secure login credentials.
MongoDB’s built-in encryption and access control mecha-
nisms further enhance data protection. Regular backups and
monitoring routines are conducted to maintain data integrity
and prevent loss.

4. Results and Discussion

The provided study has thoroughly evaluated the performance
of the Support Vector Classifier for disease prediction. Based
on three essential core metrics — precisions, recall, and
Fl-score, one can fully access the model’s predictive
performance and the overall reliability. In addition, the
support metric, revealing the number of samples for each
disease presented in the dataset, has given us insight into how
the data distribution is reflected in the model’s workability.

Understanding the Metrics

« Precision measures the true positive rate of predictions.
High precision means that the model classifies fewer
cases as false positives, which is particularly important
in diseases where the misdiagnoses would lead to
inappropriate therapies.

o Recall (sensitivity) measures the model’s ability to
correctly identify all actual positive cases. High recall
reduces the likelihood of false negatives. High recall
makes good system that the systems find (nearly) all
the cases of interest, thus reducing the risk of a false
negative (missing a case).

e Fl-score helps you understand how well a model is
doing by balancing both precision and recall, which is

useful when both are important.

o Support is the number of actual instances of each

disease in the dataset, helping assess the robustness of
performance metrics for each disease.

High-Performing Disease Predictions

The SVC model demonstrated excellent predictive accuracy
for several diseases, achieving precision, recall, and F1-
scores near 0.90. High-performing conditions include Acne,
Bronchial Asthma, Chicken Pox, and Drug Reaction. These
results suggest that the model was highly successful in
identifying these diseases with minimal false classifications.
Such strong performance can be attributed to the clear
symptom patterns and ample data representation for
these conditions in the training dataset. The unique and
distinguishable nature of their symptoms enabled the model
to separate them from other classes effectively.

Moderately Performing Disease Predictions

A second group of diseases including Paroxysmal Positional
Vertigo, AIDS, Allergy, Cervical Spondylosis, Common Cold,
Dengue, Diabetes, Gastroenteritis, Hypertension, Hypogly-
caemia, Malaria, Osteoarthritis, Peptic Ulcer Disease, Pso-
riasis, Tuberculosis, Typhoid, and Varicose Veins exhibited
moderate performance, with precision and recall values rang-
ing from 0.80 to 0.85, and an average Fl-score of around
0.82.

For instance, Dengue achieved a precision of 0.80 and recall
of 0.85, meaning that while most real Dengue cases were
correctly identified, a few other diseases with overlapping
symptoms were mistakenly classified as Dengue. Similarly,
Hypertension showed a precision of 0.85 and recall of
0.80, indicating the model can detect most true cases but
occasionally misclassifies others. This moderate performance
likely stems from symptom overlap between diseases and
limited variation in the training data. In real-world healthcare,
such conditions often present similar symptoms (e.g., fever,
fatigue), making precise differentiation difficult for both Al
and clinicians.

Low-Performing Disease Predictions

The model’s performance declined for certain diseases, with
precision and recall scores around 0.75-0.80 and F1-scores
near 0.77. These lower-performing diseases include Alco-
holic Hepatitis, Chronic Cholestasis, Dimorphic Haemor-
rhoids (Piles), Heart Attack, Hepatitis E, Hypothyroidism,
Pneumonia, and Urinary Tract Infection. The reduced accu-
racy for these conditions may be due to several factors:

o Limited data availability for some diseases (low support
values).

e Symptom similarity with multiple other conditions,
which makes it difficult for the classifier to distinguish
between them.

« Feature extraction challenges arising from inconsistent or
sparse symptom entries in the dataset.

Despite this, even the lowest-performing disease categories
achieved reasonable predictive capability, suggesting that
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Practical ROC Curves for Disease Prediction Categories (SVC Model)
1.0

0.8

S
=)

o
KN

True Positive Rate

=
)

High-performing (Acne, Asthma, Chicken Pox) (AUC = 0.9)
—— Moderate-performing (Diabetes, Dengue, Hypertension) (AUC = 0.82)
—— Low-performing (Heart Attack, Pneumonia, UTI) (AUC = 0.71)

-=- Random Guess (AUC = 0.50)

0.0

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 1. ROC Curve of VHA

the model can still offer meaningful guidance in practical
use, especially when integrated with follow-up medical
consultation.

False Positive Analysis

False positive predictions were observed mainly in diseases
with overlapping symptoms. For example, Dengue was oc-
casionally misclassified due to symptom similarities with
Malaria and Typhoid, while Hypertension sometimes over-
lapped with Heart Attack and Hypoglycaemia. Similarly,
respiratory symptoms caused occasional confusion between
Pneumonia and Common Cold cases. These false positives
primarily resulted from similar symptom distributions among
diseases and limited distinctive training samples.

Impact of Support on Model Performance

The support metric plays a vital role in understanding the
model’s consistency. Diseases with a higher number of sam-
ples tend to show more stable and reliable predictions. For
example, Chronic Cholestasis (49 samples), Alcoholic Hepati-
tis (46), AIDS (43), Psoriasis (43), and Dengue (42) exhibited
relatively consistent performance. This indicates that sufficient
data allows the SVC to better learn disease-specific symptom
patterns.

In contrast, diseases with low sample counts such as Hyper-
tension (26), Heart Attack (28), Jaundice (28), and Acne (28)
are more prone to prediction variability. Low support reduces
the model’s exposure to diverse symptom combinations, lim-
iting its ability to generalize to new cases. This observation
highlights the need for data balancing and augmentation in
future work to enhance robustness across all disease classes.

5. Conclusion

The Virtual Health Assistant (VHA) successfully demonstrates
how artificial intelligence, web technologies, and healthcare
informatics can be integrated to create an accessible, efficient,
and user-friendly digital health platform. The system com-
bines a React.js frontend, Flask and Node.js backends, and

MongoDB database to deliver seamless interaction between
users, the Al chatbot, and healthcare providers. The Support
Vector Classifier (SVC) model trained on the “Medicine
Recommendation System” dataset containing 4,920 records,
132 binary symptom features, and 41 disease classes forms
the core of the system’s disease prediction module.

Quantitative evaluation of the SVC model shows strong pre-
dictive performance across most diseases. High-performing
conditions such as Acne, Bronchial Asthma, Chicken Pox,
and Drug Reaction achieved precision, recall, and F1-scores
of 0.90, indicating high reliability in identifying true cases.
Moderate-performing diseases like Dengue, Diabetes, and
Hypertension maintained precision and recall values between
0.80-0.85, with an average Fl-score of 0.82, demonstrat-
ing consistent accuracy with minor misclassifications. Low-
performing diseases: Heart Attack, Pneumonia, and Urinary
Tract Infection showed F1-scores around 0.77, primarily due
to overlapping symptom patterns and limited data samples.

Overall, the model achieved an average precision of 0.83, re-
call of 0.82, and F1-score of 0.82, reflecting strong generaliza-
tion and dependable diagnostic support across multiple disease
categories. Diseases with higher data support (40-50 samples)
exhibited more stable predictions, confirming the importance
of balanced dataset representation. Beyond disease prediction,
the VHA platform enables automated doctor appointment
scheduling based on predicted conditions, ensuring timely
patient doctor interaction. By providing Al-driven triage, per-
sonalized health advice, and appointment facilitation within
a unified web platform, the system significantly enhances
accessibility, particularly for users in remote or underserved
regions.

This work demonstrates that combining Al-driven decision
support with interactive web interfaces can improve early
diagnosis, reduce healthcare delays, and promote patient self-
management. With expanded datasets, refined NLP-based
symptom extraction, and integration of telemedicine for real-
time consultation, the VHA can evolve into a comprehensive
digital healthcare ecosystem that bridges the gap between
patients and providers, advancing the goal of accessible and
intelligent healthcare for all.

6. Future Enhancements

6.1 Enhanced AI Capabilities:

Future enhancements will focus on improving the intelligence
of the VHA through advanced machine learning techniques.

The integration of more sophisticated machine learning mod-
els will further improve the system’s capabilities. These en-
hancements will help it get better at recognizing symptoms
and noticing potential health problems early. By generally
examining a person’s health data, habits and past trends, the
system should be able to provide more personalized treatment
suggestions and offer clearer indicators of potential health
risks. The hope is that healthcare will become not just more
accurate, but more personalized for each person.
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6.2 Telemedicine Integration:

Real-time video consultations with healthcare professionals
represent the next major enhancement. for our VHA. This will
allow users to chat directly with doctors for fast consultation
or follow-up, even related to prescriptions. This feature will
improve patient engagement and provide a more personalized
healthcare experience and leaves a personal and reassuring
touch. By marrying AI’s speed with that of real doctors, we
can reassure patients and build trust: We're letting them be
seen, and making sure they receive the right help when they
need it most.
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