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1 Introduction 

This configuration manual describes the complete operational setup required to run the disease 

profiling framework that integrates biomedical text processing, symptom–treatment 

canonicalization, knowledge graph construction, community detection, machine-learning 

classification, BioBERT embeddings, and graph-neural-network (GNN) learning with 

explainability (SHAP & GNNExplainer). 

The manual ensures that the system executes consistently on any local or cloud-based Python 

environment, including Jupyter, and colab. 

2 System Requirements 

2.1 Hardware 

• Minimum 8 GB RAM (16 GB recommended) 

• GPU recommended for BioBERT & GNN (CUDA-enabled) 

2.2 Operating System 

Supported platforms: 

• Windows 10/11 

3 Software Stack 

3.1 Python Version 
Python 3.9 – 3.12 

3.2 Mandatory Libraries 

Component Libraries Used 

Data handling pandas, numpy 

Plotting matplotlib, seaborn 

NLP spaCy, SciSpaCy, BioBERT (Transformers) 

Machine Learning sklearn, xgboost 

Deep Learning PyTorch 
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Graph Algorithms networkx 

GNNs PyTorch Geometric 

Explainability SHAP, GNNExplainer 
 

4 Dataset Requirements 

The system expects a CSV file with the following schema: 

Column Name Description 
Name Disease name 
Symptoms Comma-separated symptom list 
Treatments Comma-separated treatment list 
Chronic 0/1 or Yes/No 
Contagious 0/1 or Yes/No 
Disease_Code Optional ICD-style code 

All text inputs may contain inconsistent formatting—canonicalization handles cleaning. 

5 Execution Workflow Overview 

5.1 Load & Inspect Dataset 

Purpose: 

• Read CSV 

• Inspect missing values 

• Validate schema 

 

Figure 1: Loading the Dataset and Inspection 

Outputs: 

• df (raw data) 

• Shape, head(), dtype report 

• Null-value diagnostics 
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5.2 Data Cleaning & Preprocessing 

 

Figure 2: Dataset Cleaning 

Operations performed: 

• Trim whitespace 

• Normalize boolean labels (Yes/No → 0/1) 

• Convert symptom/treatment text → Python lists 

• Generate basic statistics (#symptoms, #treatments) 

Outputs: 

• Cleaned DataFrame df 

• Ready for exploratory analysis 

5.3 Exploratory Data Analysis 

This module generates: 

• Top disease distributions 

• Symptom & treatment frequencies 

• Prevalence of chronicity and contagiousness 

• Visual summaries (matplotlib + seaborn) 
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Figure 3: Exploratory Data Analysis 

5.4 Disease-Level Aggregation 

The system aggregates raw rows into unique disease profiles, combining: 

• unified symptom sets 

• unified treatment sets 

• majority labels for Chronic/Contagious 

Generated fields: 

• sym_text 
• trx_text 
• all_text 

These are used for TF-IDF vectorization and later for BioBERT embeddings. 
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Figure 4: Unique Disease Profiles 

5.5 Supervised Learning (Baseline Models) 

The system trains and evaluates: 

• Logistic Regression (Contagious prediction) 

• Logistic Regression (Chronic prediction) 

Each run outputs: 
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• Accuracy 

• Precision 

• Recall 

• F1-score 

• Confusion matrix plot 

• Bar chart of metrics 

 

Figure 5: Baseline Model Implementation 

5.6 Canonicalization via SciSpaCy 

Purpose: 

• Extract biomedical entities 

• Normalize symptom/treatment terms (NER tokenization) 

• Reduce duplicates and surface-form variations 

Where available: 

• Uses SciSpaCy (en_core_sci_sm) 

Fallback: 

• Uses custom regex-based tokenizer. 

Outputs: 
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• sym_canon 
• trx_canon 

These feed directly into knowledge graph construction. 

 

Figure 6: Canocalization 

5.7 Knowledge Graph Construction 

A heterogeneous graph is built with: 

5.7.1 Node Types 

• Disease nodes 

• Symptom nodes 

• Treatment nodes 

5.7.2 Edge Types 

• has_symptom 
• treated_with 

Graph metrics produced: 

• Node count 

• Edge count 

• Degree statistics 

A neighborhood visualization for a selected disease is generated. 
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5.8 Community Detection & Disease Clustering 

Two alternative community-detection strategies: 

5.8.1 1. Greedy Modularity Communities (NetworkX) 

• Creates disease clusters from symptom overlap. 

5.8.2 2. Louvain (python-louvain) 

• More robust for large biomedical graphs. 

• Outputs modularity score Q. 

5.8.3 Visual outputs: 

• Bar charts of top communities 

• PCA scatter plot of diseases colored by community 

 

Figure 7: Disease Clustering 

5.9 Embeddings (TF-IDF or BioBERT) 

The system automatically selects the best available embedding method. 



10 
 

 

5.9.1 Case A: BioBERT Available 

• Text encoded via BioBERT mean pooling 

• High semantic fidelity 

5.9.2 Case B: BioBERT Unavailable 

• TF-IDF vectorization 

• Fully compatible fallback 

 

Figure 8: BioBert Implementation 

5.10 Machine Learning with Cross-Validation 

Models evaluated via 5-Fold CV: 

• Random Forest 

• XGBoost 

Metrics printed: 

• Accuracy 



11 
 

 

• Precision 

• Recall 

• F1-score 

Plot bar charts for each fold average. 

 

Figure 9: Machine Learning with Cross-Validation 

5.11 Module 11 — SHAP Explainability 

SHAP analysis explains: 

• Which biomedical terms influence contagion classification 

• Which features drive chronic disease classification 

Outputs: 

• SHAP summary plots 

• SHAP bar plots 
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Figure 10: SHAP Implementation 

5.12 GNN Pipeline 

5.12.1 Graph Setup 

• Disease + symptom + treatment nodes embedded 

• Edges mapped to PyTorch Geometric format 

• Masks created for train/test separation 

5.12.2 Model 

A 2-layer GCN: 

GCNConv → ReLU → GCNConv → Softmax 

5.12.3 Training 

• Optimizer: Adam 

• Loss: CrossEntropy 

• Epochs: 80 
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Outputs: 

• Test accuracy, precision, recall, F1 

Graph-based prediction models exploit relational biomedical structure. 

 

Figure 11: GCN Model Implementation 

5.13 GNNExplainer 

Purpose: 

• Identify most influential symptoms/treatments for disease classification. 

Outputs: 

• Subgraph highlighting important nodes 

• Edge thickness proportional to importance weight 
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Figure12: GNN Explainer  

This is the interpretability layer of the knowledge graph model. 
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