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Introduction to the Supplementary Material

This supplementary material provides the complete computational workflow and source code used for the hierarchical clustering and validation of amino acid molecular descriptors presented in the main manuscript. The included Python pipeline enables reproducible analysis of amino acid similarity, incorporating data preprocessing, normalization, hierarchical clustering with multiple linkage strategies, cluster validation metrics, consensus clustering, gap statistic determination, and algorithm comparison. The code is fully annotated and modular, allowing users to adapt the workflow for related molecular datasets. All input requirements, dependencies, and output formats are documented to ensure transparency and facilitate independent reproduction of the clustering results and dendrogram visualizations reported in the study.

Code Overview
The computational pipeline for hierarchical clustering and validation is implemented in Python 3.9 and consists of seven modular components:
1. Data preprocessing and normalization (load_data(), normalize_data())
2. Linkage method evaluation (hierarchical_clustering())
3. Cluster validation metrics (evaluate_clusters(), gap_statistic())
4. Consensus clustering with subsampling (consensus_clustering())
5. Algorithm comparison framework (compare_algorithms())
6. Dendrogram visualization (plot_dendrogram())
7. Parameter optimization workflow (main ())
The complete codebase is hosted on GitHub (https://github.com/KakrabaLab/AI-Optimized-Consensus-Clustering) and archived via Zenodo.
Data Preprocessing
Molecular descriptor data is loaded from CSV files using Pandas, transposed to feature matrix format, and z-score normalized. Key functions:
def load_data(filename):  # Handles missing values and type conversion  
def normalize_data(X):    # StandardScaler-based normalization  

Clustering Methodology
Hierarchical Clustering
· Implemented four linkage methods: Ward, Average, Complete, Single
· Distance metrics: Euclidean (Ward) vs. Manhattan (others)
· Optimal linkage selected via cophenetic correlation:
Z, coph_corr = hierarchical_clustering(X_normalized, method='average')  

Consensus Clustering
· Subsample-based stability analysis (80% subsampling, 100 iterations)
· Parallelized using Joblib for efficiency:
consensus_mat = consensus_clustering(X, n_clusters=5, n_iter=100)  

Validation Metrics
	Metric
	Implementation
	Purpose

	Silhouette Score
	sklearn.metrics.silhouette_score
	Cluster separation assessment

	Gap Statistic
	gap_statistic.OptimalK
	Optimal cluster detection

	Davies-Bouldin
	sklearn.metrics.davies_bouldin_score
	Intra/Inter-cluster distance



Algorithm Comparison
Three algorithms evaluated across multiple metrics:
results = compare_algorithms(X, n_clusters=5)  

Output includes performance comparison between Agglomerative, K-Means, and DBSCAN.
Data Availability
1. Input Data: Molecular descriptors CSV ()
2. Output Files:
· linkage_metrics.csv: Cophenetic correlations for linkage methods
· consensus_matrix.csv: Cluster stability scores
3. Visualizations: High-resolution dendrogram (dendrogram.png, 300 DPI)
Figure Legends
Supplementary Figure S1. Hierarchical clustering dendrogram of amino acids based on molecular descriptors. Colored branches indicate clusters identified through Ward linkage with Euclidean distance. The x-axis represents normalized dissimilarity metric (0-1 scale).
Supplementary Figure S2. Consensus clustering matrix showing pairwise co-clustering frequencies across 100 subsampling iterations. Bright yellow indicates stable pairwise associations.
Dependencies
· Python Packages: scikit-learn 1.2, SciPy 1.10, Pandas 1.5
· System Requirements: 8GB RAM, multi-core CPU (Joblib parallelization)
This supplementary material contains all code and instructions needed to reproduce the analyses. For execution details, see the GitHub repository's README.md.

