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Abstract 
Cancer molecular pattern efficient discovery is essential in the 
molecular diagnostics. The number of amino acid sequence is 
increasing very rapidly in the protein databases, but the structure of 
only some amino acid sequences are found in the protein data bank. 
Thus an important problem in genomics is automatically clustering 
homogeneous protein sequences when only sequence information 
is available. The characteristics of the protein expression data are 
challenging the traditional unsupervised classification algorithm. 
In this paper we use Minimum Spanning Tree based clustering 
algorithm for clustering amino acid sequences. A similarity graph 
is defined and a cluster in that graph corresponds to connected sub 
graph.  Cluster analysis seeks grouping of amino acid sequence in 
to subsets based on Euclidean distance between pairs of sequences. 
Our goal is to find disjoint subsets, called clusters, such that two 
criteria are satisfied: homogeneity: sequences in the same cluster 
are highly similar to each other and separation: sequences in the 
different clusters have low similarities to each other. A thorough 
understanding of the genes is based on upon having adequate 
information about the proteins. Solving the protein related 
problem has become one of the most important challenges in 
bioinformatics. In bioinformatics, number of protein sequences 
is more than half million, and it is necessary to find meaningful 
partition of them in order to detect their functions. The method 
which can enhance the structural recognition, classification and 
interpretation of proteins will be advantageous. Many methods 
have been adopted to solve such bioinformatics problem.  Our 
Minimum Spanning Tree based clustering algorithm is useful and 
efficient method in the collective study of protein subset. The key 
feature of the algorithm is ability to predict the 3D structure of 
the unknown protein sequence.
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I. Introduction
One in eight deaths worldwide is due to cancer. Cancer is the 
second leading cause of death in developed countries and the third 
leading cause of death developing countries. Although cancer 
has very high incidence and death rate, the cause of cancer is 
still unknown. No effective way to prevent the occurrence of the 
cancer exists. Classification of patient samples is a critical issue 
in cancer diagnosis and treatment, since a correct classification 
enables specific therapies to pathogenetically distinct tumor types, 
which enables the maximizing of efficiency and minimizing of 
toxicity in the therapy. However heterogeneous cancers are hard 
to be distinguished into subtypes by clinical and histopathological 
means, since the traditional diagnostic method mainly depends on 
the morphological appearance of the tumor. Furthermore, tumors 
with similar morphological appearance might response diversely 
to the same treatment. Therefore, early detection is the first crucial 
step towards treating cancer. It plays a key role in early cancer 

diagnosis and treatment. 
A thorough understanding of the genes is based on upon having 
adequate information about the proteins. Solving the protein 
related problem has become one of the most important challenges 
in bioinformatics. In bioinformatics, number of protein sequences 
is more than half million, and it is necessary to find meaningful 
partition of them in order to detect their functions. The main 
objective of the unsupervised learning is to find a natural grouping 
or meaningful partition using a distance function. The method 
which can enhance the structural recognition, classification and 
interpretation of proteins will be advantageous. Many methods have 
been adopted to solve such bioinformatics problem. Many methods 
are currently available for the clustering of protein sequences into 
families and most of them can be categorized in three major groups: 
hierarchical, graph–based and partitioning methods. Among these 
various methods, most are based on hierarchical or graph-based 
techniques and they were successfully established. The recognition 
and study of cancer related biomarkers which reveal themselves 
prior to disease symptoms will be very vital in the study of cancer 
mechanism and their early recognition. For different reasons, 
proteins are considered as very good biomarkers and by study 
of biomarkers the effective causes of the disease can be directly 
learned [15]. With the advance of the high-throughput proteomic 
experiments, there is a need to study the protein collectively. 
Collective analysis of the proteins at the time when they are in 
numerous numbers and when one cannot study them individually 
may be very useful. Moreover there may be interesting patterns in 
each of the protein collection that may escape from attention when 
studied individually. Protein clustering is a method which can be 
very useful in the recognition of biomarkers and helping in their 
classification [5]. The main objective of the Minimum Spanning 
Tree-based clustering is to help classification and prediction of the 
biological functions as well as recognition of new interpretation 
patterns among them. Among these the most important ones 
include the protein sequences related to cancers. Our Minimum 
Spanning Tree based clustering algorithm is useful and efficient 
method in the collective study of protein subset.
The characteristics of gene and protein expression data are 
challenging the traditional unsupervised classification algorithms. 
These high dimensional data can be represented by an nxm matrix 
after preprocessing. The row data in the matrix are the expression 
levels of a gene across different experiments or intensity values 
of a measured data point in different samples (observations) 
corresponding to an m/z ratio. The column data are the gene 
expression levels of a genome under an experiment or intensity 
values of all measured data points in a sample corresponding to m/z 
ratios. Usually, n>> m; that is, the number of variables in a dataset 
is much greater than the number of observations/experiments. For 
the gene expression data, the column number in the matrix is <100 
and the row number >5000 usually, for the proteomics data, the 
matrix column number is <200 and the matrix row number is in 
the order of 105 - 106 generally. These data are not noise free data 
because their row data have noise and preprocessing algorithms 
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can’t remove them completely. Although there are a large number 
of variables in these data, only a small set of variables account 
for most of data variations.  
In bioinformatics, the number of protein sequences is more than 
a half million and it is necessary to find meaningful partitions 
of them in order to detect their functions. Early approaches of 
comparing and grouping protein sequences are alignment methods. 
In fact pair-wise alignment is used to compare and to cluster 
sequences. There are two types of pair-wise sequence alignments, 
local and global. Smith and Weterman local alignment algorithm 
[22] helped in finding conserved amino acid patterns in protein 
sequences. Needleman and Wunsch global alignment algorithm 
[17] attempts are made to align the entire sequence using many 
characters as possible up to both ends of each sequence. In order 
to cluster a large data set of proteins into meaningful clusters, the 
pair-wise alignment is computationally expensive because of the 
large number of comparisons carried out. In fact, each protein of 
data set should be compared to all others of the data set. For this 
reason the pair-wise alignment methods are not efficient to cluster 
a large set of data. These approaches do not consider the fact that 
the dataset can be too large and may not fit into the main memory 
of some computers.
Clustering by minimal spanning tree can be viewed as a hierarchical 
clustering algorithm which follows a divisive approach. Using this 
method firstly MST is constructed for a given input. There are 
different methods to produce group of clusters.  If the number of 
clusters k is given in advance, the simplest way to obtain k clusters 
is to sort the edges of minimum spanning tree in descending order 
of their weights and remove edges with first k-1 heaviest weights 
[3, 28]. 
Geometric notion of centrality are closely linked to facility 
location problem. The distance matrix D can computed rather 
efficiently using Dijkstra’s algorithm with time complexity O (| 
V| 2 ln | V |) [24].
The eccentricity of a vertex x in G and radius ρ (G), respectively 
are defined as 
e(x) = max d(x , y) and ρ(G)  = min e(x)
                                          
The center of G is the set 
C (G) = {  | e(x) = ρ (G)}
C (G) is the center to the “emergency facility location problem” 
which is always contain single block of G. The length of the 
longest path in the graph is called diameter of the graph G. we 
can define diameter D (G) as
                     D (G) = max e(x)
                                    
The diameter set of G is

           Dia (G) = {  | e(x) = D (G)}
In some applications the number of clusters is not a problem, 
because it is predetermined by the context [11]. Then the goal 
is to obtain a mechanical partition for a particular data using 
a fixed number of clusters. Such a process is not intended for 
inspecting new and unexpected facts arising from the data. Hence, 
splitting up a homogeneous data set in a “fair” way is much more 
straightforward problem when compared to the analysis of hidden 
structures from heterogeneous data set. The clustering algorithms 
[13, 18], partitioning the data set in to k clusters without knowing 
the homogeneity of groups. Hence the principal goal of these 
clustering problems is not to uncover novel or interesting facts 
about data.

The problem of determining the correct number of clusters in 
a data set is perhaps the most difficult and ambiguous part of 
cluster analysis. The “true” number of clusters depends on the 
“level” on is viewing the data. Another problem is due to the 
methods that may yield the “correct” number of clusters for a 
“bad” classification [10]. Furthermore, it has been emphasized 
that mechanical methods for determining the best number of  
number of clusters should not ignore that the fact that the overall 
clustering process has an unsupervised nature and its fundamental 
objective is to uncover the unknown structure of a data set, not to 
impose one. For these reasons, one should be well aware about the 
explicit and implicit assumptions underlying the actual clustering 
procedure before the number of clusters can be reliably estimated 
or, otherwise the initial objective of the process may be lost. As a 
solution for this, Hardy [10] recommends that the determination of 
best number of clusters should be made by using several different 
clustering methods that together produce more information about 
the data. By forcing a structure to a data set, the important and 
surprising facts about the data will likely remain uncovered.   
Since our approach is combining the features of hierarchical and 
graph-based clustering, the centre of each cluster includes the 
protein cluster information that enhances the rapid analysis of 
the proteins. In fact, the number of protein sequences available 
now is very important and meaningful clusters to improve the 
classifications’ quality and reduce the computation time compared 
to the available tools.             
We are particularly interested in the unsupervised molecular 
pattern discovery using Minimum Spanning Tree based algorithm, 
because they do not need or have prior knowledge about data. They 
also have potential to explore the latent structure of the data. Our 
MSTC algorithm does not require a predefined cluster number as 
input parameter. The algorithm constructs an EMST of a point set 
and removes the inconsistent edges that satisfy the inconsistence 
measure. The process is repeated to create a hierarchy of clusters 
until optimal number of clusters is obtained. In section II, we 
review some of the existing works on clustering protein sequences 
and graph based clustering algorithms. In Section III, we propose 
MSTC algorithm for clustering protein sequences which produces 
optimal number of clusters. Finally, in conclusion we summarize 
the strength of our method and possible improvements.  

II. Related Work
In order to study protein cluster efficiency in speeding up protein 
study, Basto clustered protein sequences based on the similarity 
measures obtained from BLAST and scrutinized the proteins gene 
ontology in each of the clusters. They learned that the centre 
of each cluster can include the protein cluster information; thus 
enhance the rapid analyses of the protein [12].Eva Bolten clustered 
the proteins graphically. The trespass property plays an important 
in their method. In other words, the similarities between proteins A 
and B were determined in the presence of protein C in which case 
if proteins A and C on the one hand, and proteins B and C on the 
other are similar, then those of A and C will be similar too [6]. Sung 
Hee Parkused the elements of the protein secondary structure, and 
by using K-means clustering method, they clustered the proteins 
[27]. Kelil, hierarchically clustered protein sequences based on 
a new alignment-independent similarity measure and named it 
CLUSS. This algorithm was efficient for both the sequences 
which could be aligned, and those which could not [1]. In another 
study in 2008, they presented a new algorithm called CLUSS2. 
This alignment-independent algorithm was useful for the protein 
clusters with multiple biological functions [2]. Fayech, clustered 
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protein sequences non-hierarchically based on the similarities 
obtained from Smith-Weterman global alignment algorithm. The 
methods used in that study could function well in protein cluster 
sequences [23]. Yalda Zarnegar Nia et.al. proposed a method to 
recognize the protein sequences related to esophagus, stomach 
and colon cancers. They used partitioning and fuzzy clustering 
methods to analyze the structure of the protein sequences [29].
Central Nervous System Embryonal Tumor (CNS):Embryonal 
tumors of the CNS are a group of heterogeneous tumors, which 
consists of 5 subclasses: Medulloblastoma (MED), Malignant 
Glioma (MG), a typical teratoid/rhabdoid tumors (AT/RT), Normal 
Cerebellum (NC) and Primitive Neuroectodermal (PNET) are 
studied by Pomeroy et.al.,[19]. A total of 40 tissue samples with 
7129 genes of CNS are used, with 10 samples of MED, 10 samples 
of NG, 10 samples of NC and 6 samples of PNET. 

A. Leukemia (LEU)
Golub et.al. [8] were the pioneers in distinguishing between 
subtypes of heterogeneous cancers based on the genes expression 
signatures, where the proposed approach is applied to the human 
acute leukemia dataset with two subtypes, namely ALL and AML. 
The dataset comes from a gene expression study of 47 ALL and 
25 AML tissue samples and there are a total of 7129 genes used 
in this microarray experiment.

B. Glioma (GLO)
Glioma is a type of cancer that starts in the brain or spine. The 
Glioma dataset used by Nutt et.al. [16], consists of 12,625 
genes of 50 samples, with 28 glioblastomas and 22 anaplastic 
oligodendrogliomas. The glioblastomas and anaplastic 
oligodendrogliomas are further classified into classic (CG) and 
non-classic gliomas (NG).

C. Small Round Blue-Cell Tumor (SRBCT)
The SRBCT dataset used by Khan et.al. [14], composed of 2308 
gene expressions in four classes: Ewing’s sarcoma (EWS), Burkitt’s 
lymphoma (BL), Neuroblastoma (NB) and Rhabdomyosarcoma 
(RMS). This dataset comes from 63 tissue samples, with 23 
samples of EWS, 8 samples of BL, 12 samples of NB and 20 
samples of RMS.
Clustering by minimal spanning tree can be viewed as a hierarchical 
clustering algorithm which follows the divisive approach. Zahn 
[30], proposes to construct MST of point set and delete inconsistent 
edges – the edges, whose weights are significantly larger than 
the average weight of the nearby edges in the tree. Clustering 
Algorithm based on minimum and maximum spanning tree were 
extensively studied. Avis [4], found an O (n2 log2 n) algorithm for 
the min-max diameter-2 clustering problem. Asano, Bhattacharya, 
Keil and Yao [3], later gave   best number of O (n log n) algorithm 
using maximum spanning trees for minimizing the maximum 
diameter of a bipartition. The problem becomes NP-complete 
when the number of partitions is beyond two. Asano, Bhattacharya, 
Keil and Yao also considered the clustering problem in which the 
goal to maximize the minimum inter-cluster distance. They gave 
a k-partition of point set removing the k-1 longest edges from 
the minimum spanning tree constructed from that point set [3]. 
The identification of inconsistent edges causes problem in the 
MST clustering algorithm. There exist numerous ways to divide 
clusters successively, but there is not suitable a suitable choice 
for all cases.  
The MST-based clustering algorithm has been widely used in 
practice. Xu (Ying), Olman and Xu (Dong) [28], use MST as 

multidimensional gene expression data. They point out that MST- 
based clustering algorithm does not assume that data points are 
grouped around centers or separated by regular geometric curve. 
Thus the shape of the cluster boundary has little impact on the 
performance of the algorithm. They described three objective 
functions and the corresponding cluster algorithm for computing 
k-partition of spanning tree for predefined k > 0. The algorithm 
simply removes k-1 longest edges so that the weight of the subtrees 
is minimized. The second objective function is defined to minimize 
the total distance between the center and each data point in the 
cluster. The algorithm removes first k-1 edges from the tree, which 
creates a k-partitions. 
The selection of the correct number of clusters is actually a kind 
of validation problem. A large number of clusters provides a more 
complex “model” where as a small number may approximate 
data too much. Hence, several methods and indices have been 
developed for the problem of cluster validation and selection of 
the number of clusters [9, 20-21, 25-26]. Many of them based on 
the within-and between-group distance. 

III. Our Clustering Algorithm
A tree is a simple structure for representing binary relationship, 
and any connected components of tree is called subtree. Through 
this MST representation, we can convert a multi-dimensional 
clustering problem to a tree partitioning problem, ie., finding 
particular set of tree edges and then cutting them. Representing 
a set of multi-dimensional data points as simple tree structure will 
clearly lose some of the inter data relationship. However many 
clustering algorithm proved that no essential information is lost 
for the purpose of clustering.  This is achieved through rigorous 
proof that each cluster corresponds to one subtree, which does not 
overlap the representing subtree of any other cluster. Clustering 
problem is equivalent to a problem of identifying these subtrees 
through solving a tree partitioning problem. The inherent cluster 
structure of a point set in a metric space is closely related to how 
objects or concepts are embedded in the point set. In practice, 
the approximate number of embedded objects can sometimes 
be acquired with the help of domain experts. Other times this 
information is hidden and unavailable to the clustering algorithm. 
In this section we present clustering algorithm which produce 
optimal number of clusters for protein sequences.

A. Clustering for Protein Sequences
The clustering method applied here is based on Minimum Spanning 
Tree-based cluster analysis. Firstly, the N x N distance matrix is 
constructed, where, N is the number of proteins in the dataset. 
Then the complete graph is constructed from the distance matrix. 
In the complete graph each node is associated with a single protein 
to be clustered. The distance of the protein from all the remaining 
proteins in the dataset is calculated using Euclidian distance 
method. Minimum Spanning Tree EMST1 is constructed from 
the complete graph using Prim’s algorithm. The weight of each 
edge in the Minimum Spanning Tree is the distance between the 
connected protein nodes. Next the average weight Ŵ of the edges 
in the entire EMST1 and its standard deviation σ are computed; 
any edge with We > Ŵ + σ or current longest edge is removed 
from the tree. This leads to a set of disjoint subtrees ST = {T1, T2 
…} (divisive approach). Each of these subtrees Ti is treated as 
cluster. In practice, determining the correct number of clusters is 
often coupled with discovering cluster structure. We propose new 
algorithm named, Minimum Spanning Tree Clustering algorithm 
(MSTC), which does not require a predefined cluster number 



IJCST Vol. 3, ISSue 1, Jan. - MarCh 2012ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

w w w . i j c s t . c o m InternatIonal Journal of Computer SCIenCe and teChnology 645

as input parameter. The algorithm partitioned the EMST1 into 
sub trees (clusters). The centers of clusters are identified using 
eccentricity of points. These points are a representative point for 
the each subtree ST. A point ci is assigned to a cluster Ti if ci Ti.  
The group of center points is represented as C = {c1, c2……ck}. 
These center points c1, c2 ….ck are connected and again minimum 
spanning tree EMST2 is constructed.  A Euclidean distance between 
pair of clusters can be represented by a corresponding weighted 
edge. Our algorithm is also based on the minimum spanning tree 
but not limited to two-dimensional points. Our algorithm produces 
clusters with both intra-cluster and inter-cluster similarity. 
Here, we use a cluster validation criterion based on the geometric 
characteristics of the clusters, in which only the inter-cluster metric 
is used. The MSTC algorithm is a nearest centroid-based clustering 
algorithm, which creates region or subtrees (clusters/regions) of 
the data space. The algorithm partitions a set S of data of data D in 
data space in to n regions (clusters). Each region is represented by 
a centroid reference vector. If we let p be the centroid representing 
a region (cluster), all data within the region (cluster) are closer to 
the centroid p of the region than to any other centroid q:

  (1)
Thus, the problem of finding the proper number of clusters of 
a dataset can be transformed into problem of finding the proper 
region (clusters) of the dataset. Here, we use the MST as a criterion 
to test the inter-cluster property. Based on this observation, we 
use a cluster validation criterion, called Cluster Separation (CS) 
in MSTC algorithm [7].
Cluster Separation (CS) is defined as the ratio between minimum 
and maximum edge of MST. ie.,
CS=Emin/Emax     (2)
where, Emax is the maximum length edge of MST, which represents 
two centroids that are at maximum separation, and Emin is the 
minimum length edge in the MST, which represents two centroids 
that are nearest to each other. Then, the CS represents the relative 
separation of centroids. The value of CS ranges from 0 to 1. A 
low value of CS means that the two centroids are too close to 
each other and the corresponding partition is not valid. A high 
CS value means the partitions of the data is even and valid. In 
practice, we predefine a threshold to test the CS. If the CS is 
greater than the threshold, the partition of the data set is valid. 
Then again partitions the data set by creating subtree (cluster). 
This process continues until the CS is smaller than the threshold. 
At that point, the proper number of clusters will be the number 
of cluster minus one. The CS criterion finds the proper binary 
relationship among clusters in the data space. The value setting 
of the threshold for the CS will be practical and is dependent on 
the dataset. The higher the value of the threshold the smaller the 
number of clusters would be. Generally, the value of the threshold 
will be > 0.8 [7]. If the CS value is less than 0.8, then the created 
clusters are not well separated and we may not get the optimal 
number of clusters. Further more, the computational cost of CS 
is much lighter because the number of subclusters is small. This 
makes the CS criterion practical for the MSTC algorithm when 
it is used for clustering large dataset.   
Our Clustering Method is summarized as follows:

Construct Dissimilarity Matrix from Protein sequence data • 
set 
Construct a complete weighted undirected graph G• 
Obtain MST of G• 
Remove edges from MST according to the inconsistence • 
measure
Create subtree called clusters• 

Fig. 1, shows a typical flow chart of the proposed algorithm. 
Minimum Spanning Tree EMST1 is constructed from protein data 
set S, in which inconsistent edges are removed to create subtree 
(clusters).  Our algorithm finds the center of the each cluster, which 
will be more useful in the present application. Our algorithm will 
find optimal number of clusters or cluster structures. 

Fig. 1: Flowchart of MSTC Algorithm

Algorithm: MSTC ( )
Input      : Protein sequence data set S 
Output   : optimal clusters                     

Let e1 be an edge in the EMST1 constructed from S
Let e2 be an edge in the EMST2 constructed from C
Let We be the weight of e1
Let σ be the standard deviation of the edge weights in EMST1
Let ST be the set of disjoint subtrees of EMST1
Let nc be the number of clusters 

1.  Construct an EMST1 from S 
2.  Compute the average weight of Ŵ of all the
Edges from EMST1
3.  Compute standard deviation σ of the edges 
from EMST1
4.  ST = ø; nc = 1; C = ø; 
5.  Repeat
6.    For each e1   EMST1
7.      If (We > Ŵ + σ) or (current longest edge 
              e1)
 8.          Remove e1 from EMST1 
 9.          ST = ST U { T’ } // T’ is new disjoint
              subtree 
10.         nc = nc+1 
11.         Compute the center Ci of Ti using 
              eccentricity of points 
12.         C = UTi   ST {Ci} 
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13.         Construct an EMST2 T from C
14.         Emin = get-min-edge (T) 
15.         Emax = get-max-edge (T) 
16.         CS = Emin/Emax  
17. Until CS < 0.8    
18. Return optimal clusters  
Working of our MSTC algorithm is described as follows. It first 
constructs EMST1 from protein set of point S (line 1). Average 
weight of edges and standard deviation are computed (lines 2-3). 
Inconsistent edges are identified and removed from EMST1 to 
generate subtree T’ (lines 7-9). The center for each subtree (cluster) 
is computed at line 11. Using the cluster center point again another 
minimum spanning tree EMST2 is constructed   (line 13). Using 
the new evaluation criteria, optimal number of clusters is identified 
(lines 14-16). 
In order to measure the performance of the clustering we use 
‘sensitivity’  and ‘specificity’, for clustering a protein of unknown 
class,  depending on the class predicted by the system and on the 
actual class of protein. These measures are frequently used in two-
class problems, but can be readily adopted for multiclass problems. 
Sensitivity (Se) and the Specificity (Sp) can be defined as 
Se = TP * 100 / (TP+FN)    (3)                                                                                                                       
Sp = TN * 100 / (TN+FP)    (4)                                                                                               
g-criterion  =  (Se * Sp )1/2   (5)     
Where, TP represents the number of testing examples correctly 
classified as of the positive class. TN denotes the number of testing 
examples correctly classified as of the negative class, FP is the 
number of testing examples incorrectly classified as of positive 
class, and FN indicates the number of testing example incorrectly 
classified as of negative class. In addition we also used g-criterion, 
the geometric mean of the sensitivity and specificity, which 
provides a holistic measurement by considering both Sensitivity 
and Specificity rates while taking into account of their trade-off.  

In general, a higher g-criterion suggests a classification technique 
achieves higher predictive accuracy. Sensitivity measure the 
ability of the classifier system to correctly assign the protein to 
its real class. On the other hand, specificity measures the ability 
of the system to reject a given protein as belonging to a class to 
which it does not belong. The main advantage of our clustering 
algorithm is it can be directly applied to Protein data set and can 
obtain cluster with less computational time.  
A summary of the benchmark dataset and result of our 
MSTC algorithm is given in Table 1. In clustering the protein 
sequences, usually the goal is to develop powerful method in 
order to obtain results which are in accordance with benchmark 
dataset information. As much as results are in agreement with 
benchmark dataset, the newly proposed method is more precise 
in protein structure predicting. Further more from the Table 1, the 
g-criterion values which are more than 75%, seemingly arriving 
at a better overall prediction accuracy with less computational 
effort than any of the available methods. Our method outperforms 
the benchmark salient techniques, as manifested by its higher 
sensitivity, specificity and g-criterion scores. That is, our proposed 
Minimum Spanning Tree based clustering method is capable of 
making accurate predictions of acute cancer without favoring the 
positive and negative class. 
By using the proposed algorithm there are still some 
misclassifications of samples, which might be probably due to the 
process of gene selection. We know that tissue purify is important 
in the microarray experiment, yet biopsies of cancer tissues usually 
contain cancerous tissues and are unavailable, a small portion of 
normal tissue. Hence, the gene expression values derived from the 
microarray experiment, in fact are from composition of normal 
and cancerous tissues. An improved technique for the extraction 
of RNA from the heterogeneous cancer samples might help in 
enhancing the gene selection. 

Table 1: Information for the Benchmark Dataset and our MSTC Algorithm used in the Experimental Simulations

Dataset No of gens No. of 
samples

No. of 
class using 
benchmark

No. of class 
using  MSTC 
algorithm

Sensitivity Specificity g-criterion

LEU 7129 72 2 2 79.3 85.3 82.25
SRBCT 2308 63 4 4 74.4 79.1 76.71
GLO 12625 50 2 2 79.3 85.5 82.25
CNS 7129 40 5 5 77.5 78.6 78.05

IV. Conclusion
We have applied our Minimum Spanning tree based clustering 
algorithm MSTC in the protein world and explained a new 
dimensions for protein classification. The algorithm has a low 
polynomial complexity and it is also efficient in practice.  The 
Minimum Spanning Tree based clustering algorithm is applied to a 
cluster detection problem in the data set of proteins where group of 
different proteins are merged together, and to detect to which group 
or class the particular protein belongs, with condition we are given 
the primary sequence of that particular protein. Our Minimum 
Spanning Tree based clustering algorithms are different from other 
clustering algorithms in that they do not require the users to set 
any parameter or threshold. Considering the result obtained from 
the present research work, it can be seen that the MSTC clustering 
algorithm provides similar results with bench mark data set [8, 14, 
16, 19]. But our approach is based on minimum spanning tree is 
more efficient in terms of time complexity. Our approach is free 

from any of control input parameter which affects the quality of 
clustering. The result encouraged us to consider MSTC clustering 
algorithm as a sufficient and reliable tool for clustering protein 
sequences, providing suitable interaction for protein classification. 
This method easily predicts the 3D protein structure of unknown 
sequences. This approach is thus can be used for classification of 
unknown proteins based on their similarity.
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