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Abstract—Proteins are one of the most vital components of any 

organism which are required to perform a number of 
functionalities. Each of the proteins has different functionalities 
like some are responsible for the structure of an organism, some 
functions as enzymes and many more. A large number of 
proteins are being discovered and finding out the functionality of 
these proteins is one of the most important tasks in biological 
applications. Here we present an approach to cluster a set of 
protein sequences defined by their primary structure. We 
construct a similarity matrix to compare protein sequences, then 
we construct a dendrogram and split the dendrogram into 
clusters based on a threshold. 

Index Terms—Automatic clustering of Proteins, LSA, 
Similarity matrix, Singular value decomposition.  

I. INTRODUCTION 
Proteins are an essential component of any organism. It 

performs a number of functionalities some of which are 
building the structure of an organism, in enzymes, for creating 
antibodies and for maintaining the activities of an organism. 
For example, the protein amylase is responsible in digestion of 
food whereas opsin helps in the identification of different 
colors while the intake of oxygen into blood and carbon 
dioxide away from cells are done by globin. Proteins are made 
up of individual building blocks known as amino acids each of 
which are from an alphabet of 20 characters. The linkage of the 
amino acids constitutes the creation of a protein. Hence the 
sequence in which the amino acids are linked together 
constitutes the primary structure of a protein. The different 
structures of a protein can be classified as the primary structure, 
secondary structure and tertiary structure of proteins. The 
primary structure corresponds to the ordering of the amino 
acids whereas the secondary and tertiary structures correspond 
to the 3D representation of the protein. All the different 
structures of a protein sequence are primarily determined by 
the primary structure of that protein which is the sequence of 
amino acids defined from a set of 20 letters.   

A set of related protein sequences are characterized by a 
term known as motifs which are the common subsequences 
present in them. These sequences can be clustered into 
different families based on their similarities in structure and 
functions which primarily depend on the similarity between the 
structures or the motifs present in the sequences. Hence 
identifying the motifs in related sequences helps for clustering 
the sequences. The importance of clustering the sequences is 
that, by finding out the functionality of protein in a group helps 
to relate the functionality of other proteins in the same group to 

this one [6]. Hence the computationally intensive approach of 
determining the functionality of all the proteins individually 
can be significantly reduced by this approach. Since the 
comparisons of secondary or tertiary structures are difficult to 
achieve, the clustering of sequences performed based on the 
primary structure will help in reducing time complexity as well 
as saving resources. 

 

II. SIGNIFICANCE 
One of the most important tasks after discovering a protein 

is to determine its functionality. The functionality of a protein 
primarily depends on its tertiary or quaternary structure which 
in turn depends on its primary structure (segment of amino 
acids). During drug development requires the functional 
characteristics of proteins it acts on. Hence identifying the 
functionality of a protein is of prime importance. This is 
primarily achieved by techniques like X-ray crystallography, 
NMR spectroscopy etc. which are time consuming and 
expensive. One simple way to perform this task is to compare 
the newly discovered proteins with already existing ones 
whose functionalities are properly defined. This can be 
achieved by comparing the primary structure of a protein with 
those already defined. If both exhibit a similar structure, it is 
reasonable to say that both might be similar in nature which 
helps to predict its functionality in a much simpler way, 
although the functionality of a protein is uniquely determined 
by its structure.  

III. LITERATURE SURVEY 
Sequence Alignment: - The earliest methods to compare 

between protein sequences are based on sequence alignment 
techniques [1][2]. In sequence alignment methods, the amino 
acids in corresponding position in each of the protein 
sequences are compared against each other to see if they are 
matching or not, more the number of matches in the 
corresponding positions indicate a higher similarity between 
the two. The DNA or protein sequences that can be aligned in 
this manner are assumed to have related biological functions 
and are supposed to share a common ancestral origin. A 
common sequence alignment program for comparing between 
sequences is BLAST [1]. A scoring scheme has to be used for 
finding the optimal alignment between a set of sequences. The 
alignment score itself depends on the scoring scheme chosen 
by the user. An example for sequence alignment between a set 
of sequences is shown below (Courtesy: Wikipedia). 
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                      Fig.1: Sequence Alignment 
 

Sequence alignment itself can be done either globally or 
locally. In global alignment the sequences are aligned from the 
start till the end by including gaps, while in local alignment 
part of the sequences where they share similarity are taken into 
consideration while the rest are discarded. Dynamic 
Programming is a technique that is used in sequence alignment 
techniques [2]. The common matrices for scoring the matches, 
mismatches and gaps are given by BLOSUM (Block 
Substitution Matrix), PAM (Percent Accepted Mutation) [3] 
[4] etc. Sequence alignment techniques very much depend on 
the alignment in the protein sequences along with the scoring 
scheme chosen and its parameters like gap penalties. 
Sequences which align neatly can be efficiently represented 
using this techniques whereas when the alignment in the 
sequences comes in different portions this does not perform 
well. Also aligning multiple sequences pose a difficult task for 
large number of sequences. Hence clustering protein sequences 
without using alignment dependent approaches helps in this 
regard. 

 
Alignment Independent Approaches: - CLUSS [5] [6] [7] is 

an alignment independent algorithm which does not depend on 
the sequence alignment techniques. For a set of sequences that 
needs to be clustered, CLUSS computes a similarity matrix 
between each pair of sequences in the set using a new 
similarity measure known as SMS which also uses the 
predefined substitution matrices like BLOSUM, PAM [3][4] 
etc. For each pair of sequence, a set comprising of all the 
matching subsequences (of a particular minimal length) present 
in them in any positions are added to a set. Each of the 
matching subsequences present in the set are given a weight 
based on the chosen predefined scoring matrix by the user like 
BLOSUM, PAM etc. The similarity between those pair of 
sequences corresponds to the sum of all the weights between 
the matched subsequences present in the set. This process 
repeats for all the pairs of sequences present in the set and a 
similarity matrix is constructed from this. The sequences are 
then clustered together by using the techniques for constructing 
phylogenetic dendrograms like un-weighted pair group method 
using arithmetic mean or singular value decomposition etc. By 
defining a suitable threshold, the sequences are then clustered 
together into different clusters. 

 

IV. PROPOSED APPROACH 
In our proposed approach, the use of the predefined 

substitution matrices has been eliminated. The approach uses 
the technique known as Latent Semantic Analysis (LSA). LSA 
is a “Bag of Words” approach for finding the similarity 

between a set of documents by finding the co-occurring words 
present in the documents [8]. LSA defines a matrix where each 
row corresponds to a set of words and each column 
corresponds to a document.  

       
                                        TABLE 1 
                 WORD – DOCUMENT MATRIX IN LSA 
 

Documents 
→ 

Words ↓ 

Document 
1 

Document 
2 … Document 

M 

Word 1     
Word 2     
Word 3     

…     
…     

Word n     
 
The value in a cell (i,j)  in the word – document matrix in 

LSA corresponds to the number of times word ‘i’ occurring in 
the document ‘j’. Then singular value decomposition is applied 
to this matrix which gives a new representation of the terms of 
this matrix. The left singular vectors correspond to the word X 
word representation whereas the right singular vectors 
corresponds to the document X document representation. The 
singular values correspond to the strength of the representation 
of the terms along the direction of that co-ordinate 
corresponding to the singular values. 

Approach:  
1) Constructing the word - document matrix: The inputs to 

our approach are a set of protein sequences as shown below 
that needs to be clustered. 

 

 
Fig.2: A sample set of sequences. 

 
The above shows a part of a sample set of three sequences 

from a set of protein sequences that needs to be clustered. Our 
approach first starts by constructing a word – document matrix 
that is required for applying LSA. Each of the amino acids 
itself are from a vocabulary of 20 letters which are {A, R, N, D, 
C, Q, E, G, H, I, L, K, M, F, P, S, T, W, Y, V}. The words here 
comprises of a combination of all these single letter amino 
acids (Here we have taken the combination length as 3). Hence 
since the amino acids itself are from an alphabet of 20 letters, 
this corresponds to a total count of 8000 words in the matrix. 
Each row of the word – document matrix hence corresponds to 
one of these words as shown below:  
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                                  TABLE 2 
                        3 LETTER AA COMBINATIONS 
 

Word 1 AAA 

Word 2 AAR 

Word 3 AAN 

Word 4 AAD 

… … 

… … 

Word 8000 VVV 
 
Each of the columns of the matrix corresponds to the protein 
sequences in the set. Next, the counts of each of these words in 
all the protein sequences are computed by searching with the 
corresponding word in the sequences. The counts of the 
occurrence of the words are populated in the corresponding 
row X column of the matrix. The sequences which are having 
the similar functionality or which are from the same family 
might have motifs occurring together many times than those 
between sequences which are not related to each other. Hence 
the co-occurrence of a large number of words along the 
columns in this matrix indicates a strong similarity among 
those sequences. An example surface plot of the word – 
document matrix looks like as shown below where the three 
axes corresponds to the sequences, words and the counts of the 
occurrences of the words in the documents. 
 

 
Fig.3: Surface plot of word – document matrix. 

(From Matlab) 
 

2) Constructing the similarity matrix: The next step is 
to construct a similarity matrix which measures the similarity 
between each pair of sequences. This is constructed from the 
word – document matrix. Each column of the matrix can be 
thought of as a vector in the words space, which is here 8000 
dimensional space. The similarity between a pair of sequence 
can be computed by measuring the similarity between the 
vectors in the words space. This is done by computing the dot 
product between each pair of vectors and assigning that value 
in a similarity matrix. Hence to compute the similarity between 
sequence 1 and sequence 2, the dot product between the first 
two columns of the word – document matrix is computed and 
this value is assigned to the entry (1,2) and (2,1) in the 

similarity matrix. Higher the value for this corresponds to 
higher the similarity between the sequences and lower this 
value means more dissimilar the sequences are. This process is 
repeated for all the pair of sequences and the similarity matrix 
is constructed out of this. The similarity matrix for a sample set 
of 10 sequences (Two families with five sequences in each 
family) is as shown below. 

 
                                                         TABLE 3 

                         SIMILARITY MATRIX 
 

Sequences  
→ 

         ↓ 
1 2 3 4 5 6 7 8 9 10 

1 0 40 40 40 27 21 22 20 19 29 

2 40 0 37 37 30 16 11 25 21 13 

3 40 37 0 49 36 23 15 21 18 14 

4 30 37 49 0 37 36 22 25 29 32 

5 27 30 36 37 0 27 9 25 27 25 

6 21 16 23 36 27 0 38 130 185 184 

7 22 11 15 22 9 38 0 53 63 69 

8 20 25 21 25 25 130 53 0 209 186 

9 19 21 18 29 27 185 63 209 0 287 

10 29 13 14 32 25 184 69 186 187 0 

 
The sequences from the same family were found to be having 
higher dot product value most of the times compared to its 
similarity with sequences from other families.  

 
3) Applying singular value decomposition to the obtained 

similarity matrix: The similarity matrix so constructed is 
decomposed into three matrices using singular value 
decomposition. Singular value decomposition gives a better 
representation of the protein sequences in a new Euclidean 
space [10]. The left singular vectors correspond to the row 
component representation while the right singular vectors 
corresponds to the column component representation of the 
original matrix in the new space.  
 

[LSV, SV, RSV] = SVD (Similarity Matrix)           (1) 
 
SVD: – Singular value decomposition 
LSV: – Left singular vector matrix. 
SV: – Singular value matrix. 
RSV: – Right singular vector matrix. 
 
The original similarity matrix can be re-calculated by 

this singular vectors and singular values by the equation: 
 
Similarity matrix = LSV * SV * RSVT         (2)  

  
Each of the protein sequences are defined in the new 

space as: 
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(Sequence Vector)i = RSV * SV            (3)
  

Since the similarity matrix is a square matrix the 
singular vectors corresponds to the eigen vectors of the 
similarity matrix. Now the subsequent steps are performed 
based on this new representation of the protein sequences. 

 
4) Constructing the dendrogram: Next the clustering of 

sequences is performed by first constructing a dendrogram 
from these sequences based on the new representation. For this, 
each of the new sequence vectors are compared against each 
other using weighted cosine similarity. The sequence vectors 
having higher values of cosine similarity corresponds to the 
nearest vectors with fewer differences between them. At first, 
all the vectors are treated as the individual leaves of the 
dendrogram and its weights are assigned 1. The cosine 
similarities between all pair of the vectors are computed based 
on the below equation. For finding the similarity between a 
new node whose children are ‘L’ and ‘R’ with another node 
‘K’ whose weights are ‘Wi’ are given by (‘d’ is the distance 
between the two vectors) :  
 
      (WL*d(L,K) + WR*d(R,K)) / (WL + WR)                          (4) 
 
The one having the highest value for this are joined together to 
form the sub-dendrogram between these two nodes. The 
process is repeated for all the set of vectors with till the root. 
During each iteration, the nodes having highest cosine 
similarity between them are joined together till the dendrogram 
construction is over. A sample set of the dendrogram 
construction for 10 sequences from 2 families between the 
nodes is given below. 

 
                           TABLE 3:  
DENDROGRAM CONSTRUCTION TABLE 
                       (From Matlab) 
 

Node 1 Node 2 (Dissimilarity 
Value) 

6.000 7.000 0.0738 

1.000 4.000 0.1206 

5.000 12.000 0.1536 

8.000 11.000 0.1605 

2.000 3.000 0.1935 

13.000 15.000 0.2195 

10.000 14.000 0.2762 

9.000 17.000 0.4049 

16.000 18.000 0.4418 

       
 

 
Fig.4: Dendrogram (From Matlab) 

 
The first two columns of the dendrogram construction 

table gives the nodes joined at each stage of the dendrogram 
construction. When two of the nodes are joined together to 
form a new node, the new node is represented with a number 
which will be one greater than the largest node number present 
in the dendrogram. At first if suppose ‘N’ sequences are 
present, then the new node number starts by ‘N + 1’. The last 
column indicates the similarity between the nodes at each stage. 
Here the last column value is given by (1 – Cosine Similarity) 
of the joined nodes. Hence lesser the value indicates more the 
similarity and higher the value indicates a higher dissimilarity 
value. 

The entire dendrogram represents the similarity 
between all the sequences at each stage of the dendrogram. 
Once the dendrogram construction is over, the next step is to 
cluster the similar sequences together. This is done based on a 
threshold value computed based on the paper [11].  

 
5) Computing the threshold: The threshold computation to 

cluster the sequences is done as follows: The cosine similarity 
value computed in the last column of the dendrogram 
construction table is sorted first in descending order. The first 
value of these indicates the largest dissimilar pair of nodes in 
the dendrogram. If let DS indicates the set of dissimilarity 
values (Here we are mentioning the similarity value as 
dissimilarity since the similarity value is also a measure of the 
dissimilarity) between the nodes. The similarity values are 
partitioned into two sets, one a set of high dissimilarity set and 
another low dissimilarity set. Let HDS indicate the high 
dissimilarity set and LDS the low dissimilarity set.  

DS: – Set of all cosine similarity values. 
HDS: – Set of high dissimilarity values. 
LDS: – Set of low dissimilarity values. 
Starting with a single dissimilarity value in HDS 

which is the largest among those and all other dissimilarity 
values in LDS, the inter-set inertia between the two sets is 
defined by : 

 
Ii = |HDS| * d(µHDS,µDS) + |LDS| * d(µLDS,µDS)2               (5) 

    
         Ii - Inter-set inertia between the high dissimilarity and 
low dissimilarity sets. 
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µHDS - Mean of the high dissimilarity set. 
µLDS - Mean of the low dissimilarity set. 
µDS - Mean of all cosine similarity values. 
d - Distance between the two values. 
 
Next, the HDS is incremented with the first two sets of 

sorted similarity values while LDS contains the rest and again 
the inter-set inertia is computed for this set based on Equation 
(4). This process repeats till HDS contains the first N -1 sorted 
dissimilarity values, while LDS contains the last dissimilarity 
value which is the least, each time computing the inter-set 
inertia. The inter-set inertia for that set which is having the 
highest inertia value is taken out of the computed values. The 
threshold to split the dendrograms corresponds to that 
similarity value which is the highest among the LDS for that 
inertia value [11]. 

 
6) Cluster merging: Once the threshold is computed, starting 

from the leaves of the dendrogram, the nodes are merged 
together till the node whose similarity value is less than the 
threshold [11]. All the nodes of the sub-trees inside the 
dendrogram having the similarity value less than the computed 
threshold value are clustered together. This clustering process 
repeats for the entire dendrogram from the leaves till the root 
each time checking the similarity value of the sub-trees with 
the threshold. 

 

V. RESULTS 
All the codes for implementing the above approach is done 

in MATLAB R2011a. The datasets used for testing the code 
have been downloaded from UniProt database. Only reviewed 
sequences were downloaded. The code was tested with a  
number of sequences from different families which includes 
the protein families Caspase Peptidase S1B, Peptidase C14A, 
Thioredoxin, ANP – 32, Histone H3, Histone H2B, Histone 
H1/H5, Copper oxidase cytochrome c oxidase subunit2, Heme-
copper respiratory oxidase, Lectin calreticulin, Snake venom 
lectin, Leguminous lectin, Ficolin lectin, Chorismate mutase 
RutC, Calponin, TypeI AFP, TypeIII AFP, AP endonuclease, 
AMP-Binding, Albumins, ATP6, ATP8, COX1, COX2, 
COX3, LSM2, LSM3, LSM4, LSM5, ND1, ND2, ND3, ND4, 
ND4L, ND5, ND6 etc. The clustering quality was measured 
based on a measure defined as clustering quality measure as 
given in [5] [6] [7] as: 

 

       CQ = {( 
1

M

j
 Tj) - UC} /N                                         (6) 

CQ – Clustering quality measure. 
M – Total number of clusters. 
Tj – Largest number of sequences belonging to the same 

family in the jth cluster. 
UC – Total number of standalone sequences. 
N – Total number of clustered sequences. 
 

 
 
                            Fig.5: A sample result (From Matlab) 
 
 A sample result from the command window of 

Matlab is shown above. The clustering quality measure was 
found to be within 80 % to 100 % while testing on the above 
set of families. The obtained results were better compared with 
Cluss1 ver1.0 and Cluss1 ver2.0, but Cluss2 ver1.0 was 
performing better as the number of sequences increased.  

 

VI. CONCLUSION AND FUTURE WORK 
Clustering protein sequences based on the functional 

and structural similarities is an interesting problem to solve 
since identifying the functionality of a protein is necessary in 
many biological applications. Here we propose a method 
which will automatically cluster the protein sequences into 
different clusters without using the already defined substitution 
matrices like BLOSUM, PAM etc. But for large number of 
sequences the misclassifications also were found to be 
increasing slightly. This is because as the number of sequences 
increased, sequences from different yet related families were 
found to be having similar dot product values which make 
them appear to be related although the number of co-occurring 
words looks different. This is what we are working on to solve 
now so that the clustering quality measure remains within an 
acceptable limit while testing with a large number of sequences 
also, we are trying to apply a statistical modeling technique 
known as latent dirichlet allocation so that the correct 
clustering results obtained are better for large number of 
sequences and families also. 
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