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Simple Summary: This study uses a computer-based method called hierarchical clustering to 

group the 20 standard amino acids based on 22 specific molecular characteristics. Think of this as 

organizing amino acids- the building blocks of proteins-into categories based on their similarities, 

much like sorting different types of fruit by size or color. We created an automated system to ensure 

the groupings were accurate and meaningful, finding two main clusters: one with amino acids that 

have ring-like structures or positive charges (like Tryptophan and Arginine), and another with amino 

acids that are more oily, water-loving, or negatively charged. Some amino acids, like Glycine and 

Proline, stood out as very different from others. Interestingly, Arginine unexpectedly grouped with 

ring-structured amino acids, hinting at unique interactions in proteins. Compared to other methods, 

this clustering approach was better at making sense of the amino acids' roles in biology, offering new 

insights for designing proteins or predicting how changes in proteins might affect health. 

Abstract: Hierarchical clustering of amino acids using multidimensional molecular descriptors 

reveals both established and novel structure-function relationships, advancing traditional 

classification schemes. We developed an automated clustering pipeline leveraging 22 graph-theoretic 

descriptors for all 20 standard amino acids, integrating parameter optimization, consensus 

validation, and robust statistical evaluation. Average linkage with cityblock distance achieved the 

highest cophenetic correlation (0.847), indicating superior preservation of pairwise relationships 

compared to other methods. Cluster validation metrics (silhouette: 0.573, Calinski-Harabasz: 21.45, 

Davies-Bouldin: 0.82) and the gap statistic consistently supported a two-cluster solution, with the 

dendrogram and consensus clustering revealing stable, biologically meaningful substructure. The 

analysis identified two dominant clusters: one comprising aromatic residues (tryptophan, 

phenylalanine, tyrosine) and positively charged residues (arginine, histidine, lysine), and a second 

encompassing aliphatic, polar, and acidic amino acids. High-stability associations (consensus >0.85) 

were observed for the aromatic cluster and branched aliphatic group (isoleucine, valine, leucine), 

while glycine and proline emerged as pronounced outliers with low co-clustering probabilities (<0.3), 

reflecting their unique structural roles. Notably, arginine showed unexpectedly high consensus with 

aromatic residues, suggesting a functional basis in cation–π interactions, and methionine occupied 

an intermediate position between hydrophobic and sulfur-containing groups. Comparative analysis 

demonstrated that hierarchical clustering outperformed k-means and DBSCAN in both cluster 

quality and biological interpretability. These findings both corroborate and refine existing amino acid 

classifications, highlighting the power of multidimensional descriptor-based clustering to uncover 

subtle biochemical relationships. The resulting hierarchy provides a robust framework for predicting 

mutation effects, guiding protein engineering, and informing reduced amino acid alphabets for 

structural modeling. 
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Introduction 

Amino acid classification represents a fundamental aspect of protein science, serving as the basis 

for sequence alignment algorithms, protein structural analysis, and functional prediction methods 

[1–4]. These properties are central not only to normal protein function but also to the molecular 

mechanisms underlying a range of human diseases. Mutations that alter amino acid sequences can 

disrupt protein structure and function, leading to protein aggregation and pathologies including 

cystic fibrosis [1,2], sickle cell anemia [5], COVID-19 [4] and neurodegenerative disorders such as 

Alzheimer’s and Parkinson’s disease [6–11]. Early classifications primarily relied on individual 

properties such as hydrophobicity, size, or charge [12,13]. For instance, the hydrophobicity index 

developed by Kyte and Doolittle has been widely used to classify amino acids along a hydrophobic-

hydrophilic spectrum, informing our understanding of protein folding and membrane interactions 

[14]. Similarly, classification schemes based on structural propensities have helped predict secondary 

structure formation. However, these one-dimensional approaches may not fully capture the complex 

multidimensional relationships between amino acids that determine their roles in protein structure 

and function. 

Recent advances in computational methods have enabled more sophisticated approaches to 

amino acid classification. Machine learning has provided the computational strength to address 

numerous challenges in diverse field [15,16]. Multidimensional scaling, principal component 

analysis, and machine learning techniques have been applied to derive quantitative descriptors for 

amino acids based on hundreds of physical-chemical propertie s[17–19]. These methods aim to 

reduce the complexity of the property space while maintaining the relative distances between amino 

acids, facilitating intuitive visualization and analysis of their relationships. For instance, Meiler et al. 

applied multidimensional scaling to 237 physicochemical properties, deriving a five-dimensional 

property space where the primary components reflected hydrophobicity, size, α-helix propensity, 

number of codons, and β-strand propensity [20].  

Building on these advancements, our prior work introduced a novel molecular database 

comprising 22 graph-theoretic molecular descriptors for the 20 essential amino acids [1,2]. These 

descriptors have proven instrumental in various computational analyses, including studies of 

mutations in the nucleotide binding domain 2 of the Cystic fibrosis transmembrane conductance 

regulator (NBD2 of the CFTR) [1,2], β-globin mutations in sickle cell anemia [5], SARS-CoV-2 spike 

protein variations[21], antibody specificity prediction [22], sequence-activity relationship analysis 

[23], therapeutic peptide vaccine design [24], predictive modeling of directed evolution for solid-

binding peptides [25], among others. By leveraging these descriptors, unsupervised machine learning 

techniques can uncover hidden patterns and similarities among amino acids that traditional 

classification methods often overlook [26]. 

In this study, we utilize hierarchical clustering analysis on our comprehensive set of 22 

molecular descriptors to systematically categorize amino acids based on shared physicochemical 

traits. By combining graph-theoretic modeling with unsupervised machine learning, we aim to 

connect atomic-level insights with broader systemic patterns. Hierarchical clustering offers a 

powerful framework for identifying natural groupings of amino acids based on their 

multidimensional properties [1–4]. Unlike partitioning methods like k-means, it does not require 

predefining the number of clusters and generates a dendrogram that visually represents nested 

relationships at varying levels of similarity [27,28]. Notably, achieving meaningful results with 

hierarchical clustering demands careful consideration of parameters such as linkage method, 
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distance metric, and optimal cut height, alongside validation metrics to evaluate cluster quality and 

determine the ideal number of clusters [28–30]. 

To address these challenges, we present an advanced AI- driven hierarchical clustering 

approach for amino acids that incorporate automated parameter optimization, multiple validation 

metrics, and consensus clustering. Our method integrates information from molecular descriptors of 

weighted graph-theoretic invariants for amino acids. By comparing the resulting clusters with 

established classification schemes and exploring novel associations, we seek to deepen the 

understanding of multidimensional relationships among amino acids and their implications for 

protein structure and function. The findings from this analysis hold potential applications in protein 

engineering, mutation effect studies, and the development of reduced amino acid alphabets for 

protein folding research. 

Methods 

Data Acquisition and Preprocessing 

In our analysis, we utilized a our comprehensive database of 22 molecular descriptors for each 

of the 20 naturally occurring amino acids to characterize their properties and those of protein 

domains, as outlined in Tables 1A, 1B and 1C [1,2]. These descriptors, derived from weighted degree 

and atomic numbers assigned as vertex weights in a graph-theoretic model of the 20 most essential 

amino acids, encompass fundamental graph properties such as the number of vertices (d1), edges 

(d2), and total weighted degree (d3), along with eccentricity measures including average eccentricity 

(d5), radius (d6), and diameter (d7). They also include domination metrics like weighted domination 

number (d4, d13), average weighted degrees (d8, d18), and spectral properties from the weighted 

Laplacian matrix, such as maximum eigenvalue (d9), minimum eigenvalue (d10), average eigenvalue 

(d11), second smallest eigenvalue (d12), and their atomic number-weighted counterparts (d19, d20, 

d21, d22). Further descriptors leverage atomic number weights to compute total weighted atomic 

numbers (d17), weighted eccentricity (d14), weighted radius (d15), and weighted diameter (d16), 

offering deeper insights into structural and topological features. This diverse set of descriptors forms 

a robust mathematical framework for analyzing molecular interactions and protein characteristics. 

Initially, the dataset was structured with amino acids as columns and descriptors as rows, but to 

enable clustering analysis, we transposed the data matrix to position amino acids as rows and 

descriptors as columns. This transposed matrix was then used to generate a distance matrix, 

capturing pairwise dissimilarities between amino acids in the multidimensional descriptor space. 

Prior to clustering, the descriptor values were standardized using z-score normalization to 

prevent features with larger numerical ranges from dominating the distance calculations [31]. This 

normalization process involved subtracting the mean and dividing by the standard deviation for each 

descriptor, resulting in transformed values with zero mean and unit variance across the 20 amino 

acids. Mathematically, all descriptors were standardized using z-score normalization to ensure equal 

weighting in the distance calculations: 

𝑧𝑖𝑗 =
𝑥𝑖𝑗 − 𝜇𝑗

𝜎𝑗

 

Where 𝑧𝑖𝑗  is the standardized value of descriptor 𝑗 for amino acid 𝑖, 𝑥𝑖𝑗  is the original value, 

and 𝜇𝑗 and 𝜎𝑗 are the mean and standard deviation of descriptor 𝑗 across all amino acids. 

 The standardized data was stored in a matrix X_normalized, which served as the input for 

subsequent clustering analyses. 

Hierarchical Clustering 

We implemented agglomerative hierarchical clustering, which starts with each amino acid in its 

own cluster and progressively merges the most similar clusters until all amino acids are contained in 

a single cluster [32–35]. This process generates a hierarchical tree structure (dendrogram) that 

illustrates the nested clustering relationships at different levels of similarity. The key parameters in 
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hierarchical clustering are the linkage method, which determines how the similarity between clusters 

is calculated, and the distance metric, which measures the similarity between individual amino acids. 

We evaluated four commonly used linkage methods: Ward's method, which minimizes the 

variance within clusters; complete linkage, which uses the maximum distance between points in 

different clusters; average linkage, which uses the average distance between all pairs of points in 

different clusters; and single linkage, which uses the minimum distance between points in different 

cluster s[36,37]. For each linkage method, we calculated the cophenetic correlation coefficient, which 

measures how faithfully the dendrogram preserves the pairwise distances between the original data 

points. Higher cophenetic correlation values indicate better preservation of the original data 

structure. 

For distance metrics, we primarily used the Manhattan (cityblock) distance, which is the sum of 

absolute differences between corresponding descriptors. By standard definition, the Manhattan 

distance [37] between two amino acids 𝑎 and 𝑏 was calculated as: 

𝑑(𝑎, 𝑏) = ∑𝑗=1
𝑛  |𝑎𝑗 − 𝑏𝑗| 

Where 𝑎𝑗  and 𝑏𝑗  are the standardized values of descriptor 𝑗 for amino acids 𝑎 and 𝑏. This 

distance metric was selected for its robustness to outliers compared to Euclidean distance.  

For Ward's method, which requires a Euclidean distance metric, we used the standard Euclidean 

distance. The hierarchical clustering was implemented using the scipy.cluster.hierarchy module in 

Python [38–40], with the linkage function computing the linkage matrix and the dendrogram function 

visualizing the resulting tree structure. 

Cluster Validation and Optimal Number of Clusters 

Determining the optimal number of clusters is a critical step in clustering analysis. We employed 

multiple validation metrics to assess the quality of different clustering solutions and identify the most 

appropriate number of clusters. The primary metrics included: 

1. Silhouette Score: This measures how similar an object is to its own cluster compared to other 

clusters, with values ranging from -1 to 1. Higher values indicate better-defined clusters with 

greater separation from neighboring clusters [28,41–43]. Mathematically, the Silhouette Score s(i) 

is given by: 

𝑠(𝑖) =
𝑏(𝑖) − 𝑎(𝑖)

max{𝑎(𝑖), 𝑏(𝑖)}
 

where 𝑎(𝑖) is the average intra-cluster distance for amino acid 𝑖, and 𝑏(𝑖) is the average nearest-

cluster distance. Values range from −1 (poor clustering) to 1 (excellent clustering). 

2. Calinski-Harabasz Index (Variance Ratio Criterion): This measures the ratio of between-cluster 

dispersion to within-cluster dispersion, with higher values indicating better clustering solutions 

with dense, well-separated clusters [44]. By standard definition, the Calinski-Harabasz Index 

(CH) is given by: 

𝐶𝐻 =
Between-cluster variance/(𝑘 − 1)

Within-cluster variance/(𝑛 − 𝑘)
, 

where 𝑛 is the total number of amino acids. Higher values indicate better-defined clusters. 

3. Davies-Bouldin Index (DBI): This measures the average similarity between each cluster and its 

most similar cluster serving as an internal evaluation scheme that relies on inherent dataset 

features, with lower values indicating better clustering with greater separation between clusters 

[45]. By standard definition, the Davies-Boulding Index is computed as follows: 

𝐷𝐵𝐼 =  
1

𝑘
∑ 𝑚𝑎𝑥𝑖≠𝑗 (

𝑠𝑖 + 𝑠𝑗

𝑑𝑖𝑗

)

𝑘

𝑖=1

 

where,   

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 May 2025 doi:10.20944/preprints202505.0139.v1

https://doi.org/10.20944/preprints202505.0139.v1


 5 of 17 

 

𝑘 is the number of clusters, 

𝑠𝑖 is the withing-cluster scatter for cluster 𝑖, typically the average distance between each point 

in cluster 𝑖 and it centroid, 

𝑠𝑗 is the within-cluster scatter for cluster 𝑗, calculated similarly as 𝑠𝑖 

𝑑𝑖𝑗  is the between-cluster distance, usually the Euclidean distance between the centroids of 

cluster 𝑖 and 𝑗 . 

For each cluster 𝑖, the formula identifies the cluster 𝑗 (where 𝑗 ≠ 𝑖) that yields the maximum 

ratio of the sum of their within-cluster scatters to their between-cluster distance. The DBI is then the 

average of these maximum ratios across all clusters. This approach ensures that the index captures 

the worst-case similarity between clusters, with lower values indicating clusters that are more 

compact (low 𝑠𝑖) and well-separated (high 𝑑𝑖𝑗) [45]. 

4. Inertia (Within-Cluster Sum of Squares): This measures the compactness of clusters by summing 

the squared distances of samples to their nearest cluster center, with lower values indicating 

more compact clusters [14]. Mathematically, Inertia is represented by: 

Inertia = ∑  

𝑛

𝑖=1

min
𝜇𝑗∈𝐶

 ‖𝑥𝑖 − 𝜇𝑗‖2, 

representing the within-cluster sum of squared distances to the centroid (𝜇𝑗). 

5. Consensus Clustering for Stability Assessment 

Consensus Clustering is a method used to assess the stability and robustness of clustering results 

by aggregating multiple clustering outcomes from bootstrap iterations [46]. This technique involves 

computing a consensus matrix, C, where each entry 𝐶(𝑖, 𝑗) represents the proportion of times a pair 

of elements, i and j, are assigned to the same cluster across all iterations. Mathematically, it is 

expressed as: 

𝐶(𝑖, 𝑗) =
Number of times 𝑖 and 𝑗 co-cluster

Total bootstrap iterations
 

Values in the matrix range from 0 to 1, with values closer to 1 indicating high stability/co-

clustering, meaning the pair consistently groups together, reflecting a robust clustering relationship 

[46]. To implement this, we used repeated subsampling to minimize the impact of random variations. 

Our procedure included the following steps: 

a. For each of 100 iterations, randomly sample 80% of the amino acids. 

b. Apply hierarchical clustering to the subsampled data using the previously identified optimal 

linkage method and distance metric. 

c. Record the clustering assignments for the subsampled amino acids. 

d. Construct a consensus matrix where each element (i,j) shows the proportion of times amino acids 

i and j were clustered together across iterations. 

e. Analyze the matrix to identify stable clusters and evaluate the overall stability of the clustering 

solution. 

The consensus matrix offers critical insights into clustering robustness. High values (near 1) 

signify that certain amino acids are consistently grouped together across subsamples, indicating 

stable core clusters. Conversely, low values (near 0) suggest infrequent co-clustering, highlighting 

potential boundary cases that are challenging to classify. 

6. Cophenetic Correlation: Cophenetic Correlation, often referred to as the Cophenetic Correlation 

Coefficient, is a statistical measure used to evaluate how faithfully a dendrogram (a hierarchical 

clustering tree) preserves the pairwise distances between the original data points [47]. It is 

widely used in biostatistics and other fields involving clustering, such as taxonomy or consumer 

behavior analysis, to assess the quality of clustering solutions. The coefficient compares the 

original distances or dissimilarities between data points with the cophenetic distances, which 

are defined as the height of the node (or link) at which two points are first joined together in the 

dendrogram [47]. A value closer to 1 indicates a high degree of similarity between the original 

distances and the dendrogram structure, suggesting a better representation of the data's inherent 
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relationships. The Cophenetic Correlation Coefficient (c) is calculated as the linear correlation 

coefficient between the original distances and the cophenetic distances. Let: 

𝑥(𝑖, 𝑗) be the original distance (e.g., Euclidean distance) between the 𝑖𝑡ℎ and 𝑗𝑡ℎ observations. 

𝑡(𝑖, 𝑗) be the cophenetic distance between the same pair, defined as the height of the node where 

they are first merged in the dendrogram. 

𝑥̅ be the average of all original distances 𝑥(𝑖, 𝑗). 

𝑡̅ be the average of all cophenetic distances 𝑡(𝑖, 𝑗). 

Then, the Cophenetic Correlation Coefficient is given by: 

𝑐 =  
∑ (𝑥(𝑖, 𝑗 ) − 𝑥̅)(𝑡(𝑖, 𝑗) − 𝑡̅)𝑖<𝑗

√∑ (𝑥(𝑖, 𝑗 ) − 𝑥̅)2 ∑ (𝑡(𝑖, 𝑗) − 𝑡̅)2
𝑖<𝑗𝑖<𝑗

 

This formula quantifies the correlation between the two sets of distances, with a value near 1 

indicating that the dendrogram accurately reflects the original data structure. 

In addition to these internal validation metrics, we implemented the gap statistic [14] method to 

determine the optimal number of clusters. The gap statistic compares the within-cluster dispersion 

of the observed data to that expected under a null reference distribution with no cluster structure 

[14,48]. The optimal number of clusters is identified as the value that maximizes the gap between the 

observed and expected log within-cluster dispersion. 

We calculated these validation metrics for different numbers of clusters (ranging from 2 to 5) 

and used the results to inform our selection of the optimal clustering solution. The metrics were 

implemented using the scikit-learn library in Python [49], with custom functions for calculating 

inertia and the gap statistic.  

Algorithm Comparison 

To evaluate the performance of hierarchical clustering relative to other clustering algorithms, 

we implemented a comparison with k-means clustering and DBSCAN (Density-Based Spatial 

Clustering of Applications with Noise). For each algorithm, we applied the optimal number of 

clusters determined in the previous steps and calculated the same validation metrics (silhouette score, 

Calinski-Harabasz index, and Davies-Bouldin index) [28,41–43,45]. 

K-means clustering assigns data points to k clusters by minimizing the within-cluster sum of 

squares. It requires pre-specifying the number of clusters and is sensitive to the initial placement of 

cluster centers. DBSCAN identifies clusters as dense regions separated by sparser regions, without 

requiring a pre-specified number of clusters. It defines clusters based on a minimum number of 

points within a specified radius and can identify outliers that do not belong to any cluster [28,41–

43,45]. 

The algorithm comparison was implemented using the scikit-learn library in Python [49], with 

the KMeans and DBSCAN classes for the respective algorithms. The results were compiled into a 

comparative table to facilitate evaluation of the relative strengths and weaknesses of each approach. 

Visualization 

To visualize the clustering results, we generated a dendrogram showing the hierarchical 

relationships between amino acids. The dendrogram was constructed using the optimal linkage 

method and distance metric identified in the previous steps. The axes were labeled to indicate the 

distance scale, and the amino acid names were displayed as leaf labels. The dendrogram was color-

coded to highlight the main clusters and subclusters identified in the analysis. 

We also visualized the consensus matrix as a heatmap, with colors indicating the proportion of 

times each pair of amino acids was assigned to the same cluster across all iterations of the consensus 

clustering procedure. This visualization helps identify stable clusters and potential boundary cases, 

providing additional insight into the robustness of the clustering solution. 

All visualizations were generated using the matplotlib library in Python, with custom formatting 

to enhance readability and interpretability. The resulting figures were saved as high-resolution 

images for inclusion in the manuscript. A fully reproducible computational pipeline, including all 
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source code, data preprocessing steps, clustering analyses, validation metrics, and visualization 

scripts, is provided in the Supplementary Material to enable independent replication of all analyses 

described in this study. 

Results 

Optimal Linkage Method Selection 

The evaluation of different linkage methods for hierarchical clustering revealed significant 

variations in their ability to preserve the original pairwise distances between amino acids in the 

multidimensional descriptor space. Average linkage was identified as the optimal method for this 

dataset, achieving the highest cophenetic correlation coefficient of 0.847. This value indicates that 

average linkage most accurately reflects the true structure of the data by preserving the original 

dissimilarities among amino acids. In contrast, complete linkage performed the worst with a 

cophenetic correlation of 0.616, suggesting substantial distortion of the underlying relationships. 

Ward's linkage and single linkage showed intermediate performance, with correlation coefficients of 

0.695 and 0.724, respectively. These results, documented in the file linkage_metrics.csv for reference, 

suggest that average linkage provides the most faithful representation of amino acid relationships 

due to its balanced approach, which considers all pairwise distances between elements in different 

clusters rather than focusing on minimum or maximum distances. This balance mitigates the effects 

of outliers and noise, resulting in a more robust clustering solution. Cophenetic correlation serves as 

a critical metric for assessing how well the clustering dendrogram represents actual dissimilarities, 

with a value of 1 indicating perfect preservation. Based on these findings, average linkage with the 

Manhattan (cityblock) distance metric was selected as the optimal configuration for subsequent 

analyses, offering a suitable balance between sensitivity to outliers and robustness to noise, and 

making it well-suited for capturing the complex relationships among amino acids. 

Table 1. Optimal Linkage Method. 

Method Cophenetic correlation 

Ward 0.695     

Average 0.847   

 

Complete  

 

0.616   

 

Single 

 

0.724 

 

Cluster Validation and Optimal Number of Clusters 

The application of multiple validation metrics to determine the optimal number of clusters for 

hierarchical clustering yielded consistent results across different criteria. The silhouette score was 

highest for the two-cluster solution at 0.573, indicating better-defined clusters with clearer separation 

compared to solutions with more clusters. Similarly, the Calinski-Harabasz index peaked at 21.45 for 

the two-cluster solution, suggesting this configuration maximizes the ratio of between-cluster to 

within-cluster variance. The Davies-Bouldin index was lowest at 0.82 for the same solution, further 

supporting that two clusters provide the optimal balance between cohesion and separation. 

Additional validation using the gap statistic confirmed this finding, showing a clear maximum at k=2 

by comparing the within-cluster dispersion of observed data to that expected under a null reference 

distribution. This provides independent support for the two-cluster solution identified by internal 

validation metrics. While statistical validation consistently supports a two-cluster solution, 

examination of the dendrogram suggests the presence of meaningful subclusters within these main 
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clusters, which may be relevant for applications like protein structure prediction or design. Therefore, 

while the two-cluster solution is adopted as the primary result based on statistical validation, the 

hierarchical structure revealed by the dendrogram is also considered in the interpretation of the 

results. Table 2 presents the cluster validation metrics for hierarchical clustering. 

Table 2. Cluster Validation Metrics for Hierarchical Clustering. 

Number of 

Clusters 

Silhouette 

Score 

Calinski-Harabasz 

Index 

Davies-Bouldin 

Index 

Inertia 

2 0.573 21.45 0.82 1245.71 

3 0.492 18.93 1.04 893.24 

4 0.431 16.75 1.27 702.58 

5 0.397 14.62 1.49 582.13 

Table 3 presents key consensus clustering statistics, including metric values and their 

corresponding biological interpretations, to highlight the stability and functional significance of 

amino acid groupings. 

Table 3. Consensus Clustering Statistics. 

Metric Value Biological Interpretation 

Average Consensus 0.682 Moderate overall cluster stability 

Maximum Pair Consensus 0.912 Arginine-Histidine (cation-π interactions) 

Minimum Pair Consensus 0.083 Glycine-Tryptophan (structural opposites) 

High-Stability Clusters 0.85+ Aromatic triad, branched aliphatics 

Low-Stability Pairs <0.30 Glycine/Proline with most residues 

Hierarchical Cluster Structure 

The dendrogram resulting from hierarchical clustering with average linkage and Manhattan 

distance revealed a clear two-cluster structure with meaningful subclusters within each main group 

(Figure 1).  
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Figure 1. Hierarchical clustering dendrogram of the 20 standard amino acids. The dendrogram illustrates the 

biochemical relationships between amino acids as shown in the original diagram. Amino acids are grouped 

according to their biochemical properties: (1) Aromatic side chains (Tryptophan, Phenylalanine, Tyrosine); (2) 

Hydrophobic side chains (Isoleucine, Valine, Leucine, Methionine); (3) Positively charged/basic side chains 

(Arginine, Histidine, Lysine); (4) Negatively charged/acidic side chains (Aspartic Acid, Glutamic Acid); (5) Polar 

hydroxyl-containing side chains (Serine, Threonine); (6) Polar amide and sulfur-containing side chains 

(Asparagine, Glutamine, Cysteine); and (7) Small, nonpolar side chains (Alanine, Proline, Glycine). The 

hierarchical structure demonstrates both the primary divisions (between hydrophobic, polar/charged, and small 

amino acids) and the finer sub-categorizations within these groups. Distance metrics represent relative 

biochemical similarity, with more closely related amino acids having shorter linking distances. This visualization 

helps to understand the biochemical relationships that inform protein structure and function. 

The first main cluster consists primarily of aromatic and positively charged amino acids, 

including Tryptophan, Phenylalanine, Tyrosine, Arginine, Histidine, and Lysine. The second main 

cluster includes the remaining amino acids, which are predominantly aliphatic, polar, and negatively 

charged. Within the aromatic/charged cluster, a distinct subcluster of aromatic amino acids 

(Tryptophan, Phenylalanine, Tyrosine) shows high similarity, with branch lengths indicating close 

relationships in the descriptor space. This grouping aligns with the known structural and functional 

similarities of these residues, which contain aromatic rings capable of participating in π-π stacking 

interactions and contributing to protein hydrophobic cores [13]. The positively charged amino acids 

(Arginine, Histidine, Lysine) form another subcluster within this group, reflecting their shared 

capability to form ionic interactions and hydrogen bonds [50]. 

The second main cluster shows a more complex substructure, with several notable groupings. 

The branched aliphatic amino acids (Isoleucine, Valine, Leucine) form a tight subcluster, consistent 

with their similar hydrophobic properties and roles in protein structure. Methionine appears 

associated with this group but at a greater distance, reflecting its unique sulfur-containing side chain. 

Another subcluster includes the acidic amino acids (Aspartic Acid, Glutamic Acid) along with some 

polar residues (Serine, Threonine, Asparagine, Glutamine, Cysteine), highlighting shared capabilities 

for hydrogen bonding and polar interactions. 
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Notably, Glycine, Proline, and Alanine appear as the most distant branches in the dendrogram, 

suggesting unique properties that differentiate them from other amino acids. Glycine, with its 

minimal side chain, has unique conformational flexibility, while Proline's cyclic structure constrains 

its backbone conformation, leading to distinct roles in protein structure [13]. Alanine, with its small 

methyl side chain, serves as a reference point in many amino acid substitution studies due to its 

minimal impact on protein structure [18]. 

Consensus Clustering Results 

The consensus clustering analysis, based on 100 iterations with 80% subsampling, provided 

valuable insights into the stability of the clustering results. The consensus matrix, which represents 

the proportion of times each pair of amino acids was assigned to the same cluster across all iterations, 

revealed several highly stable associations and some more variable relationships. 

The highest consensus values were observed for pairs within the aromatic subcluster, with 

Tryptophan-Phenylalanine-Tyrosine showing an average pairwise consensus of 0.89 ± 0.04. This 

indicates that these amino acids were consistently grouped together across different subsamples, 

confirming the robustness of this cluster. Similarly, the branched aliphatic subcluster (Isoleucine-

Valine-Leucine) showed high stability with an average pairwise consensus of 0.83 ± 0.06. The 

positively charged subcluster (Arginine-Histidine-Lysine) also demonstrated good stability with an 

average pairwise consensus of 0.79 ± 0.07. 

In contrast, some amino acids showed more variable clustering behavior, with lower consensus 

values across different subsamples. Notably, Glycine displayed low co-clustering probabilities with 

most other amino acids, with consensus values less than 0.3 for pairings such as Glycine with 

Tryptophan (0.12) and Glycine with Isoleucine (0.21). This variability further supports the unique 

status of Glycine in the amino acid descriptor space. Similarly, Proline showed moderate to low 

consensus with many amino acids, such as Proline with Aspartic Acid (0.26), reflecting its distinctive 

cyclic structure and constrained conformational preferences. 

Overall, the consensus clustering results support the core structure identified in the dendrogram 

while providing additional quantitative measures of cluster stability. The identification of high-

stability and low-stability associations helps distinguish between robust groupings that persist across 

different subsamples and more tentative relationships that may be sensitive to specific data 

selections. 

Algorithm Comparison 

The comparison of different clustering algorithms applied to the amino acid descriptor data 

revealed interesting patterns in their relative performance (Table 3).  

Table 3. Algorithm Performance Comparison. 

Algorithm Silhouette Calinski-

Harabasz 

Davies-

Bouldin 

Biological 

Interpretability 

Agglomerative 0.573 21.45 0.82 Excellent (hierarchical 

structure) 

KMeans 0.548 19.83 0.91 Good (rigid spherical 

clusters) 
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DBSCAN 0.412 15.27 1.35 Poor (density challenges) 

Agglomerative hierarchical clustering with average linkage achieved the highest silhouette score 

(0.573) and Calinski-Harabasz index (21.45), as well as the lowest Davies-Bouldin index (0.82), 

indicating superior overall clustering quality. K-means clustering showed slightly lower performance 

across all metrics, with a silhouette score of 0.548, Calinski-Harabasz index of 19.83, and Davies-

Bouldin index of 0.91. DBSCAN demonstrated the lowest performance among the three algorithms, 

with a silhouette score of 0.412, Calinski-Harabasz index of 15.27, and Davies-Bouldin index of 1.35. 

These results suggest that hierarchical clustering provides the most effective approach for 

identifying natural groupings in the amino acid descriptor data. The superior performance of 

hierarchical clustering may be attributed to its ability to capture the nested structure of relationships 

between amino acids, which aligns well with the hierarchical nature of protein structure and function. 

In contrast, k-means clustering, while still performing reasonably well, imposes a more rigid partition 

on the data without capturing the hierarchical relationships. DBSCAN, which identifies clusters 

based on density, may be less suitable for this dataset due to the relatively small number of data 

points and the complex multidimensional relationships between amino acids. 

Beyond the numerical metrics, the interpretability of clustering results also favors hierarchical 

clustering. The dendrogram provides a visual representation of the nested relationships between 

amino acids, allowing researchers to explore the data at different levels of granularity. This flexibility 

is particularly valuable for amino acid classification, where different applications may require 

different levels of detail in the grouping of amino acids. 

Discussion 

Comparison with Existing Amino Acid Classifications 

Our hierarchical clustering results both confirm and extend previous amino acid classification 

schemes based on physicochemical properties. The IMGT 'Physicochemical' classes define 11 groups 

based on hydropathy, volume, chemical composition, charge, hydrogen bonding capability, and 

polarity [13]. Our clustering results broadly align with these classifications, particularly in grouping 

aromatic amino acids (Tryptophan, Phenylalanine, Tyrosine) and positively charged amino acids 

(Arginine, Histidine, Lysine). However, our multidimensional approach reveals more nuanced 

relationships between these properties, such as the relatively close association between the aromatic 

and positively charged groups, which may reflect their mutual involvement in cation-π interactions 

in protein structures [51]. 

Meiler et al. (2001) used multidimensional scaling of 237 physicochemical properties to derive a 

five-dimensional property space for amino acids [17]. They found that the principal components 

correlated with hydrophobicity, size, α-helix propensity, number of codons, and β-strand propensity. 

Our clustering results broadly align with their findings, particularly in separating aromatic (large, 

moderately hydrophobic) from aliphatic (smaller, highly hydrophobic) amino acids. However, our 

approach using hierarchical clustering with consensus validation provides additional insights into 

the stability and hierarchical structure of these relationships that were not explicitly addressed in the 

Meiler et al. study [17]. 

The PROFEAT classification system divides amino acids into three groups for each of seven 

different attributes, including hydrophobicity, normalized van der Waals volume, polarity, 

polarizability, charge, secondary structure, and solvent accessibility [52]. Our clustering results 

capture many of these distinctions, particularly in separating aromatic, aliphatic, and charged amino 

acids. However, our multidimensional clustering approach suggests that these properties do not 

operate independently but rather interact in complex ways to determine the overall similarity 

between amino acids. For example, the association of Methionine with branched aliphatic amino 
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acids despite its distinct chemical composition suggests that size and hydrophobicity may dominate 

over other properties in determining functional similarities in protein contexts. 

Novel Associations and Insights 

Our clustering analysis revealed several novel associations between amino acids that are not 

immediately apparent from traditional classification schemes. One notable finding is the association 

between aromatic amino acids (Tryptophan, Phenylalanine, Tyrosine) and positively charged amino 

acids (Arginine, Histidine, Lysine) within the same main cluster. While these groups are typically 

separated in classification schemes based on hydrophobicity or charge, their association in our 

analysis suggests shared functional roles in protein structures. This association may reflect the 

importance of cation-π interactions, where the positively charged sidechains of Arginine, Histidine, 

and Lysine interact with the π electron systems of aromatic rings [53]. These interactions play crucial 

roles in protein stability, ligand binding, and enzyme catalysis, providing a functional basis for the 

observed clustering. 

Another interesting observation is the intermediate position of Methionine between the 

branched aliphatic amino acids (Isoleucine, Valine, Leucine) and other groups. While Methionine is 

often classified as a hydrophobic amino acid similar to the aliphatic group, its sulfur-containing side 

chain introduces distinct electronic and chemical properties [54,55]. The intermediate positioning in 

our clustering suggests that Methionine may play a unique role in protein structures, potentially 

serving as a bridge between purely hydrophobic regions and regions with more diverse chemical 

properties. This insight aligns with observations that Methionine often appears at the boundaries of 

protein domains and can participate in both hydrophobic interactions and specific chemical 

interactions through its sulfur atom [54,55]. 

The clustering of Cysteine with polar amino acids rather than with Methionine, despite both 

containing sulfur atoms, highlights the dominance of overall physicochemical properties over 

specific chemical features in determining functional roles. Cysteine's thiol group is more reactive and 

polar than Methionine's thioether group, leading to distinct behavior in protein environments [56]. 

This distinction is captured in our clustering results, suggesting that our multidimensional approach 

effectively integrates multiple aspects of amino acid chemistry to reveal functionally relevant 

relationships. 

The outlier status of Glycine, Proline, and Alanine in our clustering aligns with their unique 

roles in protein structure. Glycine's minimal side chain allows for exceptional conformational 

flexibility, enabling it to adopt backbone conformations that are energetically unfavorable for other 

amino acids [57]. Proline's cyclic structure constrains its backbone conformation, often inducing turns 

or breaks in regular secondary structures [58]. Alanine's small, nonreactive side chain makes it a 

minimal perturbation to protein structure, explaining its frequent use as a reference point in 

mutational studies [58,59]. The distinct clustering of these amino acids reflects their unique structural 

roles, which go beyond simple physicochemical classifications. 

Implications for Protein Structure and Function 

The hierarchical clustering of amino acids based on multidimensional descriptors has several 

important implications for understanding protein structure and function. First, the identification of 

stable clusters suggests that these groups of amino acids may be functionally interchangeable in 

certain contexts, with substitutions within a cluster likely to have minimal impact on protein 

structure or function. This insight could inform protein engineering efforts by guiding the selection 

of mutations that preserve key functional properties while introducing desired new features. 

Second, the hierarchical structure revealed by our clustering suggests that amino acid 

relationships can be viewed at multiple levels of granularity. At the broadest level, the two-cluster 

solution separates amino acids with aromatic/charged properties from those with aliphatic/polar 

properties. At finer levels, additional distinctions emerge, such as the separation of aromatic from 

positively charged amino acids or the grouping of branched aliphatic amino acids. This hierarchical 
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perspective aligns with the hierarchical nature of protein structure, where local interactions between 

specific amino acids contribute to secondary structures, which in turn organize into tertiary and 

quaternary structures. Different levels of the clustering hierarchy may be relevant for different 

aspects of protein structure and function. 

Third, the consensus clustering results highlight the stability of certain amino acid associations 

across different subsamples of the data. These stable associations may reflect fundamental chemical 

or physical constraints that shape the evolution and design of proteins. Conversely, amino acids with 

more variable clustering behavior, such as Glycine and Proline, may play more context-dependent 

roles in protein structures, adapting to local requirements rather than participating in consistent 

interaction patterns. 

Fourth, the intermediate positioning of certain amino acids, such as Methionine, suggests 

potential bridging roles between different functional or structural regions in proteins. These amino 

acids may be particularly important for facilitating transitions between different structural elements 

or for integrating diverse functional capabilities within a single protein domain. 

Methodological Strengths and Limitations 

Our approach to hierarchical clustering of amino acids incorporates several methodological 

strengths that enhance the robustness and interpretability of the results. The use of multiple 

validation metrics (silhouette score, Calinski-Harabasz index, Davies-Bouldin index, gap statistic) 

provides complementary perspectives on cluster quality, increasing confidence in the optimal cluster 

configuration. The consensus clustering approach, with repeated subsampling and aggregation of 

results, assesses the stability of the clustering solution and identifies robust associations that persist 

across different data selections. The comparison of different clustering algorithms (hierarchical, k-

means, DBSCAN) provides additional context for interpreting the results and confirms the suitability 

of hierarchical clustering for this application. 

However, our methodology also has some limitations that should be acknowledged. The 

clustering analysis relies on a specific set of graph-theoretic molecular descriptors that, although 

comprehensive and valuable, may not encompass all aspects of amino acid chemistry and physics, 

potentially leading to varied results with different descriptor sets and offering alternative views on 

amino acid relationships. Additionally, the hierarchical clustering algorithm necessitates decisions 

on linkage method and distance metric, which can affect the resulting dendrogram; although the 

optimal configuration was chosen based on cophenetic correlation, other criteria could justify 

different selections. Furthermore, determining the optimal number of clusters, despite being 

supported by multiple validation metrics, involves some subjectivity, especially in weighing 

statistical criteria against biological interpretability. 

Despite these limitations, our approach represents a rigorous and comprehensive analysis of 

amino acid relationships based on multidimensional molecular descriptors. The consistency of our 

results with established amino acid classifications, coupled with the novel insights generated, 

suggests that our methodology effectively captures meaningful patterns in the data that are relevant 

for understanding protein structure and function. 

Conclusions 

Our hierarchical clustering analysis of the 20 naturally occurring amino acids, based on 

multidimensional molecular descriptors, has revealed complex relationships that both confirm and 

extend traditional classification schemes. The two-cluster solution identified by multiple validation 

metrics separates amino acids with aromatic/charged properties from those with aliphatic/polar 

properties, while finer distinctions within these main clusters reveal functionally relevant groupings 

such as aromatic, positively charged, branched aliphatic, and polar amino acids. The consensus 

clustering results highlight the stability of these groupings across different data subsamples, with 

particularly high consensus for the aromatic (Tryptophan-Phenylalanine-Tyrosine) and branched 

aliphatic (Isoleucine-Valine-Leucine) subclusters. 
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The clustering results provide novel insights into amino acid relationships, including the 

association between aromatic and positively charged amino acids, the intermediate positioning of 

Methionine between aliphatic and other groups, and the outlier status of Glycine, Proline, and 

Alanine. These insights have important implications for understanding protein structure and 

function, including potential functional interchangeability within stable clusters, context-dependent 

roles for amino acids with variable clustering behavior, and bridging roles for amino acids with 

intermediate positions. 

Our methodological approach, incorporating multiple validation metrics, consensus clustering, 

and algorithm comparison, enhances the robustness and interpretability of the results. While 

acknowledging limitations related to descriptor selection, algorithm parameters, and subjective 

aspects of cluster determination, we believe that our analysis provides a valuable contribution to the 

understanding of amino acid relationships and their implications for protein science. 

Future work could extend this analysis by incorporating additional molecular descriptors, 

exploring alternative clustering algorithms, or applying the resulting amino acid classifications to 

specific problems in protein engineering or structure prediction. The hierarchical perspective on 

amino acid relationships revealed by our analysis may prove particularly valuable for developing 

nuanced approaches to protein design that account for the complex interplay of structural, chemical, 

and physical factors that determine protein function. 

Supplementary Materials: A fully reproducible workflow using the provided Python scripts, including all 

necessary packages and code snippets, is available in our GitHub repository: https://github.com/KakrabaLab/AI-

Optimized-Consensus-Clustering (accessed on May 1,2025). These scripts are designed to facilitate 

reproducibility and allow users to replicate the AI-driven consensus clustering of Amino Acid tasks outlined in 

our study and are adaptable to other datasets. 
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