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ABSTRACT

The increasing global burden of preventable diseases necessitates the development of intelligent,
accessible, and scalable healthcare solutions. This research presents a web-based medical diagnosis
system that combines staged symptom selection workflows with machine learning (ML) models to
predict 224 diseases across three modules: General llIness Prediction, Diabetes Risk Assessment, and
Heart Disease Detection. The system employs Multinomial Naive Bayes (MNB) for symptom-based
classification, Random Forest for structured medical data analysis, and a stepwise symptom
categorization process to reduce misdiagnosis. Synthetic datasets of 10,000 samples per module were
programmatically generated to simulate symptom-disease relationships and mitigate data scarcity,
achieving accuracies of 98.21% (general illness), 93.25% (diabetes), and 99.45% (heart disease) on
synthetic data, though real-world validation is recommended. The Flask-based application integrates
health calculators (BMI, Diabetes Pedigree Function), secure user authentication, and real-time
analytics dashboards for personalized health monitoring. By combining ML workflows with
responsive web interfaces, this platform bridges gaps in healthcare accessibility, offering a cost-
effective tool for early diagnosis and preventive care.

Keywords: Machine Learning, Disease Prediction, Staged Symptom Selection, Multinomial Naive
Bayes, Random Forest, Medical Synthetic Data Generation, Web-Based Healthcare, Real-Time
Analytics

l. Introduction

1.1  Background

Chronic and infectious diseases account for 71% of global deaths, with late diagnosis being a critical
contributor to mortality. Traditional diagnostic methods are often resource-intensive, geographically
constrained, and prone to human error. Machine learning (ML) models, such as Multinomial Naive
Bayes (MNB) and Random Forest, have demonstrated exceptional performance in medical diagnostics
by identifying patterns in large datasets. However, existing systems lack integration of multi-disease
prediction and staged symptom analysis, limiting their practicality in addressing symptom overlap and
improving diagnostic accuracy.

1.2 Problem Statement

Key challenges in current healthcare systems include:

o Symptom Overlap: Misdiagnosis due to similar symptoms across diseases (e.g., fever in
COVID-19, malaria, and typhoid). The absence of systems that guide users through symptom
refinement exacerbates this issue.

o Limited Specialization: Absence of unified platforms for general and chronic disease
prediction.

o Data Scarcity: Lack of representative datasets for rare diseases, hindering model robustness.

o Accessibility: High costs and infrastructural barriers in low-resource settings.

1.3 Research Objectives

Develop a web-based platform integrating general and specialized disease prediction modules.
Implement a staged symptom selection workflow i.e. dynamic layering to reduce misdiagnosis by
iteratively refining user inputs.
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Utilize synthetic data generation to address dataset limitations, employing tools like Pandas and Faker
for realistic medical data simulation.

Ensure user privacy through encrypted authentication (bcrypt hashing) and secure session management
(Flask sessions).

1.4  Contributions

Staged Symptom Selection Workflow i.e. Layering: A stepwise symptom input process reduces
misclassification by 7% compared to flat symptom vectors.

High-Accuracy Models: Achieved accuracies of 98.21% (general illness), 93.25% (diabetes), and
99.45% (heart disease) on synthetic datasets (Added caveat).

Synthetic Data Pipeline: Replicable framework using Python libraries (Pandas, Faker) to generate
10,000 samples per module with symptom-disease mappings.

Open-Source Deployment: Flask-based codebase with modular architecture, enabling community-
driven enhancements.

1. Related Work

2.1 Machine Learning in Disease Prediction

Random Forest: Kumar et al. (2022) achieved 89% accuracy in diabetes prediction using the Pima
Indians dataset, emphasizing glucose and BMI as critical features. However, their study focused solely
on diabetes, neglecting multi-disease integration.

Multinomial Naive Bayes (MNB): Smith et al. (2021) classified 50 diseases with 85% accuracy using
flat symptom vectors but faced scalability issues with larger symptom sets.

Logistic Regression: Lee et al. (2020) reported 88% accuracy in heart disease detection using
structured clinical data but ignored symptom hierarchies, leading to ambiguity in overlapping
conditions (e.g., chest pain in both heart disease and acid reflux).

2.2  Gaps Addressed

1. Integration of Multi-Disease Prediction:

Prior studies focused on isolated diseases (e.g., diabetes-only or heart disease-only models). This work
unifies general illness prediction (224 diseases), diabetes, and heart disease detection into a single
platform, enabling holistic health assessments.

2. Staged Symptom Selection vs. Flat Vectors:

Existing models (e.g., Smith et al., 2021) use flat symptom vectors, which struggle with symptom
overlap (e.g., fever in malaria and typhoid). Our staged symptom selection workflow (revised from
"hierarchical classification" to align with code) iteratively refines user inputs across multiple steps,
reducing ambiguity by 7% (see Section I1I).

3. Synthetic Data for Robustness:

Public datasets like Pima Indians are small (<1,000 samples) and lack rare diseases. We address this
by generating synthetic datasets (10,000 samples/module) with realistic symptom-disease relationships
using Python’s Faker and Pandas libraries, ensuring balanced class distributions.

I11.  Methodology

3.1  System Architecture

The system adopts a three-tier architecture to ensure modularity and scalability:

> Frontend

o Technologies: HTML5, CSS3, JavaScript.

o Components: User authentication, interactive symptom selector, risk assessment forms,
diagnostic dashboards, and health calculators (BMI, Diabetes Pedigree Function).

> Backend

. Framework: Flask (Python) with RESTful APIs for seamless frontend-backend
communication.
o Database: SQL.ite stores user profiles, prediction logs, and feedback.
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. Security: Berypt password hashing and Flask session tokens for secure access.

> Machine Learning Layer:

o Models: Multinomial Naive Bayes (MNB) for general illness prediction, Random Forest for
diabetes and heart disease detection.

. Tools: Scikit-learn for model training, Pandas/NumPYy for data processing.

. Deployment: Serialized models (*.pkl) dynamically loaded via Flask endpoints.

3.2 User Workflow
The user interaction follows a structured flow:
> Authentication: Users register/login via encrypted credentials (bcrypt).

> Dashboard: Central hub with four modules:

. Symptom Check: Implements a staged symptom selection process (not hierarchical layers)
where users iteratively select 4 symptoms from contextually relevant prompts.

. Heart Disease Detection: Accepts cardiovascular parameters (blood pressure, cholesterol).

. Diabetes Risk Assessment: Analyzes glucose levels, BMI, and age.

. Health Tools: BMI and Diabetes Pedigree Function calculators.

> Post-Diagnosis: Displays predictions, lifestyle recommendations, and options for re-
evaluation.

> History & Feedback: Users review past diagnoses and submit ratings/comments.

3.3  Analytical Dashboard Features

To enhance user experience and support health data monitoring, the platform incorporates a
comprehensive analytics dashboard with real-time statistics and visualizations. These features offer
both users and administrators an overview of system usage and health trends.

i. Dashboard Statistics

The top section of the dashboard provides key performance indicators (KPIs) such as:

. Total Check-ups: Cumulative count of diagnostic assessments performed by users.

. Active Users: Number of unique users engaged within a defined time frame.

. Average Check-ups per User: Calculates average diagnostic activity per user.

. Diabetes Cases: Number of cases predicted under the Diabetes Check module.

. Heart Disease Cases: Number of cardiac risk cases detected through the Cardiac Scan.
. Average Rating: Aggregated user feedback score post-diagnosis.

. Weekly Growth: System usage growth trend calculated on a weekly basis.

ii. Real-Time Activity Insights

To provide a dynamic snapshot of ongoing interactions, the system integrates the following live
insights:

. Live Activity Monitor: Displays current user activity on the platform.

. Weekly Growth Graph: Visualizes the number of users and checkups over the week.

. Checkup Trends (Weekly): A line or bar graph representing distribution of checkup types
throughout the week.

iii. Recent History and Feedback

In the result section, users can view their recently predicted diseases, allowing for convenient tracking
of personal health history. Additionally, users are prompted to provide feedback for each diagnostic
session, contributing to a continuous improvement loop.

3.4  Data Pipeline

3.4.1 Synthetic Data Generation:

o General Illness: 10,000 samples with 150 binary symptoms mapped to 224 diseases (stored in
expanded_disease_data_10000.csv).

o Diabetes: Simulated glucose (u=120 mg/dL), BMI (u=25), and age (u=45).

o Heart Disease: Synthetic cholesterol (u=240 mg/dL), blood pressure (u=130/85 mmHg), and
smoking status (30% smokers).
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. Tools: Pandas for data synthesis, Faker for demographic fields.

3.4.2 Preprocessing

. Symptom Encoding: Binary vectors (1/0) for symptom presence.

. Feature Scaling: StandardScaler applied to numerical features (age, glucose).

. Class Balancing: SMOTE oversampling for minority classes (e.g., Addison’s Disease).

3.5  Model Development

3.5.1 General Disease Prediction (MNB)

. Layering Workflow:

Layer 1: Group symptoms into categories (respiratory, neurological).
Layer 2: Predict subcategories (e.g., "Respiratory — Bacterial/Viral").
Layer 3: Final disease prediction (e.g., "Bacterial — Pneumonia™).
Equation:

P(S|D).P(D)

P(DIS) = =575
Where P(SID)P(SID) is calculated using term frequency-inverse document frequency (TF-IDF).
3.5.2 Diabetes & Heart Disease (Random Forest)

Hyperparameters:

Hyperparameters:  Optimized via grid  search  (n_estimators=200, = max_depth=15,
min_samples_split=5.

Feature Importance:

Diabetes: Derived from training logs (Glucose (45%), BMI (30%), Age (15%)).

Heart Disease: Derived from training logs (Cholesterol (40%), Blood Pressure (35%), Smoking
(20%)).

3.6  Validation Strategies

Cross-Validation: 10-fold stratified sampling on synthetic datasets.

Metrics: Accuracy (98.21% MNB, 93.25% diabetes RF, 99.45% heart disease RF), precision, recall,
F1-score, ROC-AUC.

Baselines: Outperformed logistic regression (88%), SVM (85%) and Decision Trees in controlled tests.

L |

Figure 3.1: System Data Flow Diagram

The diagram illustrates the system’s data flow and module interactions as follows:
1. User Registration/Login:

o Users authenticate via secure credentials (bcrypt-hashed passwords).
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. Session tokens are generated and stored for subsequent interactions.
2. Post-Authentication Pathways:
. Analytics Dashboard: Displays aggregated statistics (total check-ups, active users) derived

from the database.

[ J

(@)

O

(@)

[

to the user’s history.

3. Result Generation & Storage:
[

[

4. Database Interactions:
[

[

IV. Results

4.1 Model Performance

Performance metrics were derived from 10-fold stratified cross-validation on synthetic datasets (not

real-world data):
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Stores user profiles, prediction logs, and feedback.
Supplies data for analytics dashboards and historical tracking.

New Analysis: Triggers one of three diagnostic modules:
Symptom Check: Users select symptoms iteratively (4 total) via staged prompts.

Cardiac Scan: Accepts cardiovascular parameters (blood pressure, cholesterol).

Diabetes Check: Analyzes glucose levels, BMI, and age.

Health Tools: Standalone calculators (BMI, Diabetes Pedigree Function) with results logged

Predictions from diagnostic modules are processed via ML models (MNB/Random Forest).
Results, along with user feedback, are stored in the SQL.ite database.

Module Accuracy|Precision[Recall|F1-ScoreROC-AUC
General Illness (MNB)  [98.21% (97.8% |98.5%(98.1% |0.99
Diabetes (Random Forest)[93.25% [92.1% |94.3%(93.2% |0.96
Heart Disease (RF) 99.45% [99.2% [99.7%(99.4% |0.99
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Confusion Matrix (heart disease):

Predicted: No

Predicted: Yes

Actual: No

974

12

Actual: Yes

8

986

Key Insight: The heart disease model achieves 99.45% accuracy with minimal false negatives (8/994),
critical for life-threatening conditions.

4.2 Layering Technique Efficiency

. Error Reduction: 7% improvement over flat symptom vectors (e.g., single-step selection).

e Case Study: For diseases with overlapping symptoms (e.g., COVID-19 and Influenza),
misclassification dropped from 22% (flat vectors) to 9% using staged symptom selection (not
hierarchical layering).

4.3  Comparative Analysis
Tool Diseases Covered/Accuracy|Real-Time|Open Source
Proposed System 224 98.21%
IBM Watson Health(50 89% X X
AdaCare 30 85% X
V. Discussion
5.1  Technical Insights
. Algorithm Selection:

Random Forest was chosen for diabetes and heart disease prediction due to its ability to handle non-
linear relationships (e.g., age-glucose interactions) and feature importance ranking.

Multinomial Naive Bayes (MNB) was optimal for general illness prediction, leveraging its efficiency
with high-dimensional binary symptom vectors.

. Synthetic Data Limitations:

While synthetic datasets enabled scalability (10,000 samples/module), they lack rare symptom
combinations (e.g., "Hantavirus Pulmonary Syndrome™) and real-world diagnostic complexity.

o Latency:

Prediction times averaged 0.8 seconds (benchmarked externally), ensuring real-time usability for web

applications.
5.2  Ethical Considerations
J Data Privacy:

User inputs are anonymized, and sensitive data (passwords, health metrics) are secured via bcrypt
hashing and Flask session tokens. Prediction logs exclude personally identifiable information (PII).

J Medical Validation:

Predictions are probabilistic and not a substitute for clinical diagnosis. The system explicitly advises
users to consult healthcare professionals for confirmation.

. Industry Applications

1. Telemedicine Integration:

The platform’s API-first design allows integration with telehealth services (e.g., Teladoc) to provide
preliminary diagnostics before consultations.

2. Public Health Surveillance:

Aggregated symptom data from the analytics dashboard could enable syndromic surveillance for
outbreaks (e.g., influenza trends) or rare disease tracking.

3. Preventive Healthcare:

The staged symptom selection workflow and health calculators (BMI/DPF) empower users to
proactively monitor chronic conditions.
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VI.  Conclusion and Future Work

6.1  Conclusion

This research demonstrates the viability of staged symptom selection workflows combined with
machine learning models in web-based healthcare. The system achieves high accuracy (98.21-99.45%
on synthetic datasets) through its modular design, which integrates:

Staged symptom selection to reduce misdiagnosis of overlapping conditions (e.g., COVID-19 vs.
Influenza).

Random Forest and MNB models optimized for structured medical data and symptom vectors.
Real-time analytics dashboards for personalized health monitoring.

The open-source Flask framework ensures accessibility in low-resource settings, while bcrypt
encryption and anonymized data storage prioritize user privacy. While results are promising, the
reliance on synthetic data necessitates further validation with clinical datasets.

6.2  Future Directions

>, S
Nioeay

. Deep Learning Integration: Implement transformer models (e.g., BERT) to analyze free-text
symptom descriptions and improve rare disease detection.
. Real-World Validation: Partner with healthcare institutions to test models on clinical data,

addressing synthetic data limitations.

. Mobile Accessibility: Develop iOS/Android apps with offline capabilities for regions with
limited internet access.

. Wearable Device Integration: Incorporate real-time data from wearables (e.g., glucose
monitors, smartwatches) to enhance diabetes and heart disease predictions.

. Genomic Risk Profiling: Expand the pipeline to include genetic markers (e.g., BRCAL for
cancer risk) for personalized preventive care.

. Global Health Surveillance: Deploy the analytics dashboard for public health agencies to track
disease outbreaks (e.g., flu trends) in real time.
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