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Neurodegenerative diseases including Alzheimer's, Parkinson's, and Huntington's disease represent a growing global health crisis,
affecting millions worldwide and placing enormous burden on healthcare systems. Early detection remains a critical challenge due to the
complexity and symptom overlap among these conditions. This paper presents a comprehensive Al-Based Neurodegenerative Disease Risk
Screening System designed to assist in early identification of neurological disease risk through machine learning-based prediction. The system
utilizes a synthetic clinical dataset encompassing key parameters including age, memory loss, movement issues, speech problems, family
history, and symptom duration. A Random Forest classifier trained on this dataset achieved 93% overall accuracy in predicting the likelihood
of three neurological conditions. The system integrates a Time Progression Simulation module projecting disease risk across 6-month, 8-
month, and 12-month horizons, and generates a structured clinical-style risk report with explainable Al output. Extensive evaluations confirm
high throughput, low response latency (1.2 seconds average), and strong classification performance across all three disease classes.

Alzheimer's disease, Explainable Al, Flask web application, Huntington's disease, Machine learning, Neurodegenerative
diseases, Parkinson's disease, Random Forest, Risk screening, Time progression simulation.

Neurodegenerative diseases represent a class of progressive neurological conditions that cause irreversible degeneration
of neurons in the human brain and central nervous system. Among these, Alzheimer's disease, Parkinson's disease, and
Huntington's disease are the most prevalent, collectively affecting tens of millions of individuals globally and placing significant
burdens on healthcare systems.

Early diagnosis of these conditions is clinically critical for slowing disease progression and improving patient quality of
life. However, conventional diagnostic pathways rely on expensive neuroimaging techniques such as MRI and PET scans, genetic
testing, and comprehensive neurological clinical evaluations—all of which are inaccessible in resource-constrained healthcare
environments. Artificial Intelligence (Al) and Machine Learning (ML) have emerged as transformative tools offering accessible,
scalable solutions for early disease screening.

Encryption and Explainable Al Module

The Explainable Al component derives feature importance rankings from the trained Random Forest's
feature_importances_ attribute. The top contributing symptoms are surfaced in the clinical report, providing transparent
reasoning for each prediction. This addresses the black-box limitation of prior Al-based screening tools and supports regulatory
compliance and clinical trust. The Flask application integrates these rankings into the structured report template through a
dedicated XAl context dictionary passed to the Jinja2 renderer.

Protection and Detection Modes

The system supports dual operational modes for flexible clinical use. In standard prediction mode, the system actively
processes all inputs, enforces validation constraints, and generates complete risk reports. In monitoring mode, administrators can
observe system behavior, examine feature encoding outputs, and verify model consistency without affecting live.

This work introduces an Al-Based Neurodegenerative Disease Risk Screening System using a Random Forest classifier
with time-progression simulation. Complementary modules—including Explainable Al output, clinical report generation, Flask-
based web interface, and synthetic dataset construction—provide comprehensive decision-support capabilities without
dependency on imaging infrastructure.
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Screening for neurodegenerative conditions has been an active research area with diverse methodological approaches.
Battista et al. demonstrated 85% classification accuracy using Random Forest on neuropsychological data, establishing ML as a
viable approach for Alzheimer's screening. Breiman's foundational work on Random Forests confirmed ensemble tree methods
as robust, interpretable classifiers for clinical applications.

Deep learning models applied to MRI data have demonstrated high accuracy for Alzheimer's and Parkinson's detection,
however their dependency on specialized hardware and expert radiology interpretation limits deployment scope. Voice-based
Parkinson's detection and eye-tracking Alzheimer's screening tools have been proposed but remain single-disease focused.
Recent literature increasingly recognizes the importance of explainable Al in clinical contexts, with SHAP-based interpretation
frameworks emerging as a standard for clinician-facing ML outputs. Several studies also highlight the need for progression-
aware models, noting that static single-point predictions are insufficient for planning clinical interventions. Hybrid symptom-
biomarker frameworks and multi-disease simultaneous screening remain underexplored, motivating this work.

System Design

The proposed system adopts a modular, layered pipeline architecture integrating a Random Forest classification engine,
time-progression simulation module, explainable Al component, and Flask-based web interface for end-to-end symptom-driven
neurologicalprediction workflows. Both modes support real-time logging to a rotating log file using Python's logging module.

SQL Storage and Metadata Layer

The logical database design incorporates a Patient Session table (session_id, timestamp, age, symptom fields) linked to a
Prediction Result table (result_id, disease class, risk scores, progression values). In the current prototype implementation, all
session data is processed in memory and discarded after report generation for privacy compliance. The relational schema is
designed for future EHR integration and persistent audit trail requirements.

System Implementation

The system is implemented using Python 3.10 with Flask 2.3.x as the web application framework and Scikit-learn 1.3.x
for ML model training and inference. The GEM-analogous preprocessing pipeline loads the serialized model at startup and
maintains it in memory for zero-latency inference. AES-equivalent security is provided through local-only data processing—no
patient symptom data is transmitted to external servers. A steganographic-equivalent layer of transparency is achieved through
the SHAP-inspired Explainable Al output.

The Random Forest Classifier instantiation and training was performed using: clf = Random Forest Classifier
(n_estimators=100, max_depth=None, random_state=42, criterion='gini"). The model was serialized using pickle. Dump (clf,
open(‘'model.pkl’,'wh")). The Flask application exposes GET / for the symptom form, POST /predict for ML inference returning
JSON, and GET /report for clinical report rendering. Multi-threaded stateless request handling ensures scalable processing under
concurrent user load, while Jinja2 template rendering maintains consistent report structure across all predictions.

The performance of the proposed Al-based screening system was evaluated on the 300-record test dataset (20% holdout)
using risk screening. Incoming user symptom data passes through the preprocessing pipeline, where features are encoded to
match the training format. The ML model returns predicted disease class and confidence scores, which feed into the time-
progression simulator. All outputs are consolidated into a clinical-style risk report rendered via Jinja2 templates. The system
integrates core components:

» Synthetic clinical dataset generation module (1,500 records)

» Data preprocessing and feature encoding pipeline

» Random Forest classifier (n_estimators=100, random_state=42)
» Risk prediction and confidence scoring module

» Time progression simulation (6/8/12-month horizons)

» Explainable Al output with feature contribution ranking

» Flask web application with Jinja2 clinical report generator

The system architecture shown in Fig. 1 follows a layered workflow enabling accessible symptom-based screening, high-
accuracy multi-disease prediction, time-aware risk projection, and transparent Al-driven decision support.

Random Forest Classification Engine

The classification module utilizes a Random Forest Classifier trained on a synthetic dataset of 1,500 patient records
encompassing six clinical parameters: Age (40-90), Memory Loss (binary), Movement Issues (binary), Speech Problems
(binary), Family History (binary), and Symptom Duration in months (1-36). The dataset was generated with clinically weighted
class assignment logic to simulate realistic symptom-disease correlations. The 80:20 train-test split yielded 1,200 training and
300 test records. The model was trained with criterion="gini' and evaluated using precision, recall, F1-score, and overall accuracy.
The finalized model is serialized as model.pkl for Flask deployment.

Precision, recall, F1-score, and overall accuracy. End-to-end system performance was measured across 30 test cases
covering valid inputs, boundary conditions, and invalid input scenarios. The system demonstrated consistent behavior with
average response times of 1.2 seconds, well within the 2-second clinical workflow requirement.
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Classification Performance
Classification performance shown in Table 1 demonstrates strong balanced prediction across all three disease classes,
with overall accuracy of 93% achieved on the 300-sample test set:

Disease Class Precision Recall F1- Support
Score
Alzheimer's Disease 0.93 091 0.92 102
Parkinson's Disease 0.91 0.94 | 0.92 98
Huntington's Disease 0.95 093 0.94 100
Overall Accuracy - - 0.93 300

Table 1: Model Performance Metrics

Time Progression Simulation Results
Time progression results for a representative high-risk Alzheimer's profile (baseline 78%) demonstrate clinically
meaningful trajectory projection:

Time Horizon Risk Score Interpretation  Escalation
Baseline 78% High Risk -
6 Months 86% Very High +8%
8 Months 90% Very High +12%
12 Months 98% Critical +20%

Table 2: Time Progression Simulation Results (Baseline 78%, Alzheimer's)

Security Improvements

The local-only processing architecture ensures patient data never leaves the host system. Input validation prevents
injection-style attacks at both the client and server layers. Flask's stateless request model eliminates session hijacking risk, while
the configurable escalation parameter store prevents unauthorized model manipulation.

Time Progression Simulation Module

This module applies disease-specific risk escalation functions to the baseline prediction score to project disease trajectory
across clinical time horizons. Escalation rates reflect observed neurodegenerative progression patterns and are stored in a
configurable settings dictionary for clinical updates without code modification. All projected values are bounded at 100% using
Python's min() function to prevent physiologically impossible outputs.

The proposed system demonstrates significant improvements in accessibility, multi-disease coverage, and clinical
transparency compared to existing neurological Al screening tools. By eliminating imaging dependency and achieving 93%
accuracy using symptom-based features, the system validates the feasibility of ML-driven neurological risk screening in primary
care settings. The time-progression simulation provides clinically actionable insight not available in any reviewed existing
system. Limitations include training on synthetic data and reliance on self-reported symptom input. Future work can explore
real-world clinical dataset integration, deep learning model incorporation (LSTM for time-series symptoms), SHAP-based
explainability enhancement, and multi-language interface support for deployment across regional Indian healthcare settings.

This research presents a fully integrated, Al-based neurodegenerative disease risk screening architecture offering 93%
multi-class classification accuracy and sub-2-second prediction response. By combining Random Forest classification, time-
progression simulation, explainable Al output, and automated clinical report generation, the system delivers accessible early
screening, transparent decision support, and proactive care planning capability. This platform establishes a practical foundation
for next-generation neurological screening tools capable of meeting clinical and resource constraint demands in diverse
healthcare environments.

System Architecture

[System Architecture Diagram]
Data Generation — Preprocessing — RF Model Training — Risk Prediction — Time Progression Simulation
— Clinical Report Generation

Figure 1: System Architecture of the Al-Based Neurodegenerative Disease Risk Screening System.
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