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Abstract. The maximum common subgraph (MCS) problem has become increasingly important in 
matching protein structures of two proteins. Two proteins represented as graphs by simple contact map 
and product of these graphs was input to the proposed algorithm. A maximum clique in the product graph, 
found by the proposed algorithm, provides a measure of the structural similarity between the two proteins. 
The proposed algorithm produced optimal solution for most of the benchmark problem of the protein data 
bank and also for the public domain DIMACS benchmark problems of maximum clique. The 
computational results show that the prposed algorithm efficiently produces the common substructure of 
two proteins, used for protein structural analysis and protein classification.  

      Keywords.  protein structure, maximum clique, vertex cover, vertex support, heuristic, NP-hard problem. 

 
 
1 Introduction 

 
In bio-informatics, structural comparison of proteins is useful in several domains. The number of known 
protein structures is increasing rapidly due to advances in the technology required for the determination of 
protein structures [1]. Thus, there is an increasing need for efficient techniques to compare and classify both 
new and existing proteins according to their structural properties. The recently developed contact map overlap 
(CMO) represents the three dimensional structure of protein into a matrix of all pairwise distances between 
the components of the protein and it is further simplified into a 0-1 contact map by encoding each pairwise 
distance as one if the pairwise distance is less than some distance threshold. Protein structural alignment 
problem [2] can be directly translated to a maximum clique problem (MCP) which calls for finding maximum 
sized subgraph of pairwise adjacent vertices in a given graph. Let G = (V, E) be an arbitrary undirected graph, 
where V = {1, 2, 3, ..., n} is the set of vertices and E ⊆ V × V ( not in ordered pairs) is the set of edges. Two 
distinct vertices u and v are called adjacent if they are connected by an edge; a clique of G is a subset C ⊆ V in 
which every pair of vertices are adjacent. 
 
A clique is called maximal if it is not a subset of another clique and a maximal clique with the highest 
cardinality is called maximum. The MCP is NP-hard and its associated decision problem is NP-complete [3]. 
The MCP has a relation with the minimum vertex cover problem (MVC) i.e., a clique of size k in a graph G 
(V, E) is an independent set in the complemented graph and a graph has independent set of size k if and only 
if it has a vertex cover of size n-k. Finally a graph G has a maximum clique of size k if and only if the 
complemented graph has a minimum vertex cover of size n-k (n is the number of vertices in the graph).  
 
Some exact algorithms for the MCP have been proposed. For instance, Balas and Yu [4] discussed how to 
find a maximum clique in an arbitrary graph; Carraghan and Pardalos [5] gave an exact algorithm for the 
maximum clique problem; Pardalos and Rodger proposed a branch and bound algorithm for the maximum 
clique problem. This problem is computationally intractable even to approximate with certain absolute 
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performance bounds [6, 7]. However, these exact algorithms are only adapted to some graphs with small size. 
So, various approximate methods have been applied in solving the MCP. For example, Zhang et al., [8] 
proposed an algorithm for the MCP of a given graph based on the Hopfield networks; Bomze et al., [9] 
presented a new heuristic algorithm for the MCP based on annealed replication; Galán Marín et al. [10] 
discussed the modeling Hopfield networks for the MCP; Hansen et al. [11] proposed a basic variable 
neighborhood search for MCP; Zhang et al., [12] proposed an evolutionary algorithm with guided mutation 
for the MCP;  Katayama et al. [13] showed an effective heuristic algorithm k-opt local search for the MCP 
based on variable depth search. They reported with computational experiments over DIMACS benchmark 
graphs that their algorithm outperformed previously reported metaheuristic based on a simple local search. 
Xiutang Geng [14] proposed simple simulated annealing algorithm for MCP and he reported with 
computational experiments that their algorithm outperformed recently proposed efficient simulated annealing 
algorithms. Busygin [15] proposed a heuristic based on trust region technique. In which he claimed with 
computational experiments that the proposed algorithm is exact on small graphs and efficient on DIMACS 
graphs. Dukanovic and Rendl [16] presented a method of semi definite programming relaxations and Tomita 
and Kameda [17] proposed an efficient branch and bound algorithm for MCP. For the above various 
approximate algorithms, different algorithms are efficient for different types of DIMACS maximum clique 
instances. For instance, the algorithm in [12] is more efficient for the type gen maximum clique instances than 
the algorithm in [15], while the algorithm in [15] is more efficient for the type brock maximum clique 
instances than the algorithm in [12].  
 
Therefore, large and hard instances of maximum clique problem are typically solved using heuristic 
approaches of which the most recent VSA [18], a simple algorithm possesses a greedy approach effectively 
finds MVC (MIS) of benchmark graphs. Extensive computational experiments [18] have shown that VSA has 
equivalent, or improved, performance compared to other state-of-the-art MVC (MIS) search algorithms, on a 
range of widely studied benchmark instances. 
 
Our heuristic procedure effectively finds the maximum clique of graph by finding the minimum vertex cover 
(MVC) of the complemented graph. Computational experiments show that the proposed algorithm finds 
larger similarities than the compared algorithms of this study. 
 
The paper is organized as follows. Section 2 briefly describes the preliminaries in both graph theory and 
protein structures. Section 3 outlines the VSA. Section 4 provides experiments done and their results. Section 
5 summarizes and concludes the paper.  
 
 

2 Terminologies  
  
Neighborhood of a vertex: Let G = (V, E), V is a vertex set and E is an edge set, be an undirected graph and 

let    and   V n E m= = . Then for each v V∈ , the neighborhood of v is defined 

by { } [ ]( ) /  is adjacent to  and ( )N v u V u v N v v N v= ∈ = ∪ .  

  
Degree of a vertex: The degree of a vertex v V∈ , denoted by d(v) and is defined by the cardinality of 

neighborhood of v, i.e., ( ) ( )d v N v= . 

 

Support of a vertex: The support of a vertex V v ∈ is defined by the sum of the degree of the vertices which 

are adjacent to v, i.e., support 
( )

( ) ( ) ( )
u N v

v s v d u
∈

= = ∑ . 

 
Protein Graph: Three dimensional objects that are to be compared with the clique algorithms must be 
represented as graphs of vertices and edges. Vertices are points with labels in three-dimensional space. The 
recently developed contact map overlap (CMO) represents the three dimensional structure of protein into a 
matrix of all pairwise distances between the components of the protein and it is further simplified into a 0-1 
contact map by encoding each pairwise distance as one if the pairwise distance is less than some threshold. 
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i.e., an edge between two vertices (ui, vi) and (uj, vj) is drawn if the difference between d(ui, vi) - d(uj, vj) < 
resolution. In this study resolution being 2.0 Å and the pairwise distance is 4.0 - 30.0 Å. 

 
Product graph: Two protein graphs are used to construct a product graph. A maximum clique in this graph 
corresponds to the maximum substructure that is common to both graphs [19]. Let us consider two undirected 
labeled graphs G1 = (V1, E1) and G2 = (V2, E2) with n and m vertices, respectively. We can map parts of both 
graphs onto another and we say that certain vertices and edges of graph G1 are compatible to certain vertices 
and  edges of graph G2. Depending on searching induced subgraphs or subgraphs, we can generate a vertex 
product graph and an edge product graph respectively. 

 
Vertex product graph or vertex compatibility graph: The vertex product graph Hv = G1 •v G2 includes the 
vertex set VH = V1 × V2, in which the vertex pairs (u, v) with u ∈ V1 and v ∈ V2 have the same labels. An edge 
between two vertices uH, vH ∈ VH with uH = (u1, u2) and vH = (v1, v2) exists if u1 ≠ v1 and u2 ≠ v2, and if the 
vertex pair u1, v1 shares a common edge in G1 with the same label as the common edge shared by u2 ≠ v2 in G2, 
or if u1, v1 and u2, v2 are not adjacent in G1 and G2 respectively. 

 
Edge Product graph (or) edge compatibility graph: The edge product graph He = G1 •e G2 includes the vertex 
set V(G1) × V(G2) with two vertices (ui, vi) and (uj, vj) being adjacent whenever   (ui, uj) ∈ e(G1) and (vi, vj) ∈ 
E(G2)  (or) (ui, uj) ∉ e(G1) and (vi, vj) ∉ E(G2) 

 
In this paper only the edge product graph is of interest and we call the edge product graph He as product graph 
G. The product graph G contains all possible matches of each edge pairs of the original graphs G1 and G2. 
Maximal common subgraphs in the original graph G1 and G2 correspond to clique in G. Maximal common 
subgraphs can be obtained by edge product graph and is of interest in this paper, we call this as product graph. 
The examples of two protein graph together with their product graphs are shown in Fig. 1. 

 
                                                                           v1                         v2                          v3 

           u1                                  u3                               u1                                 
                                                                                
                
 
                                                                         u2   
                      u2       
                              G1      
 
                         v2                                                                      u3   
                          
  
 
        v1                          v3                                                             G1 •e G2    
                              G2 

Fig. 1 Edge product of G1 and G2 
 
 

3 Vertex Support Algorithm (VSA) 
 
The following algorithm is designed to find the maximum clique of a graph G. Given the adjacency matrix A 
= (aij) of an input graph G(V, E) of n vertices and m edges and this adjacency matrix is the input of the VSA. 

The complement graph 
_ _

( , ) of ( , ),  G V E G V E ( ) ( ){ }
_

, / ,  ,  and ,i j i j i j i jE v v v v V v v v v E= ∈ ≠ ∉ , and its 

adjacency matrix B = (bij) has been generated. The degree d(vi) and support s(vi) of the each vertex iv V∈ of 
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the graph 
_

G  are calculated. Support of the vertex s(v) of v V∈ is found by the relation 
( )

( )
u N v

d u
∈

∑ . The VSA 

[18] now described using the following additional notations: 

 
Graphs G1 and G2 of two proteins 
Product graph G = G1 •e G2  
Input: G (V, E) with adjacency matrix A = (aij) 

Generate: )E V,(G have the adjacency matrix B = (bij) 

Output: Max. Clique, a maximum common substructure of two proteins, C(G) = V - VC where VC is the 

minimum vertex cover in G    

1. VC φ← ; selection = 0; i = 1, 2, …, n; j = 1, 2, …, n; 

2.  ∀vi ∈ V 
3. do 

4. )d(v b)v(d ij ijiG
== ∑ ;  ∑ ∈

==
)iN(vjv ijGiG

)s(v  )(vd)v(s ; 

5. max = s(v1) , k = 1; 
6.      for i ← 2 to n 
7.           if max < s(vi) then 
8.           t = i; 
9.           else if max = s(vi) and d(vi-k) <= d(vi) then 
10.         t = i; 
11.         else max = s(vi) and d(vi-k) > d(vi) then 
12.         t = i-k; 
13.         k = k + 1; 
14.     end for 
15. VC = VC ∪ {vt} 
16. selection = selection + 1; 
17. assign the value zero to the  tth row and tth column of the matrix  B = (bij); 
18. while B ≠ (0) 
19. | VC | = selection; 
20. end. 

Fig. 2 The pseudo-code of the proposed algorithm 
 
The VSA operates as follows: after calculating the degree and support of each vertex of the complemented 

graph 
_ _

( , )G V E  in the lines 2-4, to select the vertex into the vertex cover, the search starting at the do (lines 3 

– 19 of the algorithm, a single execution of lines 3 – 19 is referred to an iteration) alternates between an 
iterative improvement phase, during the vertices are added into the vertex cover VC. The search space 

terminates when an edge set 
_

E  = φ. As the final step of the iteration the number of vertices in the vertex 
cover i.e., the cardinality of VC is calculated. Finally the maximum clique C of the graph G is extracted from 

the minimum vertex cover VC of the graph 
_

G  by C = V - VC and ω = n-|VC|.  In the above described VSA, the 
vertex selection into the vertex cover, in the lines 5 – 15, performed as followed. After the calculation of 
support of each vertices, the VSA is searching (lines 6 – 14) for a vertex with maximum support. Then the 
vertex with maximum support added into the vertex cover. Once a vertex is selected into the vertex cover, the 

vertex and its incident edges are deleted from
_

G . i.e., in the line 17, the adjacency matrix of 
_

G updated by 

putting zero in to the row and column entries of the corresponding vertex v∈VC. In selecting the vertex with 
maximum support in the lines 5 – 15, if one or more vertices have equivalent maximum support, in this case a 
vertex with larger degree is chosen into the vertex cover VC. In this selection again if multiple vertices of an 
equivalent maximum degree are found, a random selection is executed among them to add the vertex into the 
vertex cover and those conditions are implemented in the lines 9 - 14.  
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The vertex with maximum support in the complemented graph (less support in the original graph) is selected 
into the vertex cover of the complemented graph and exceedingly which is not included in the clique of the 
original graph. As a consequence the vertex with maximum support in the original graph, which in turn 
adjacent with more number of vertices and forms maximum sized complete subgraph, has been added into the 
clique of the given graph. In such a way the VSA optimizes the maximum clique of the graph.  
 
 

4 Experiments & analysis 
 
In order to evaluate the performance of VSA, for MCS, extensive computational experiments were carried out 
on two sets of benchmark instances identified below. All the procedures of VSA have been coded in C++ 
language. The experiments were carried out on an Intel Pentium Core2 Duo 1.6 GHz CPU and 1 GB of RAM.     
To evaluate the ability of our algorithm in detecting the similarities in protein structures, for this study, 
protein structure alignment benchmarks from Protein Data Bank [20] was utilized to evaluate the performance 
of VSA on this type of problems. The Universality Similarity Measure (USM) software [21] was used to 
generate the contact maps for these proteins. We have extracted the surface residues around the binding site of 
each of the proteins. The proteins in this benchmark range in size from 55 to 200 residues. The Superposition 
of the binding sites residues of the proteins with PDB codes 1TPO and 2PRK are shown in Fig. 3. These 
proteins are coded as graphs using the matrix representation given by contact map overlap. Then we 
constructed a product graph from the two protein graphs, which was input to our algorithm, correspondence 
graphs have up to approximately 8000 vertices. The performance of VSA is shown in Table 2, for each 
instance the corresponding clique sizes obtained in [22] taken as the optimum solution for these instances. 
From the table, it is clear that the VSA achieved 100% success rate for most of the test instances. 

 

 
Fig. 3 The Superposition of the binding sites of the proteins with PDB codes 1TPO and 2PRK. Protein 1TPO coloured 
black and protein 2PRK is grey. Black and grey points correspond to aligned vertices of the two protein graphs. 
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Table 1. VSA performance on PDB benchmark instances 
 

Problem   G  Optimum                            VSA 
Instance  Vertices  ω  ω Time (s) Success rate 

1A8O-1F22  2728  25  25 33.56 100 
1AVY-1BCT  6278  51  51 56.20 100 
1B6W-1BW5  4131  34  34 26.98 100 
1BAW-2B3I  7200  53  51 12.87 96 
1BCT-1BW5  4386  47  47 65.56 100 
1BCT-1F22  3784  25  25 23.23 100 
1BCT-1ILP  4988  30  30 14.89 100 
1BPI-2KNT  1848  32  32 23.89 100 
1C7V-1C7W  2401  34  34 67.34 100 
1C9O-1KDF  2805  21  21 37.54 100 
1DF5-1F22  3960  27  27 28.64 100 
1KDI-1BAW  7920  53  53 123.62 100 
1KDI-1PLA  6424  53  53 89.23 100 
1KDI-2B3I  7040  47  47 63.58 100 
1KDI-2PCY  7216  58  55 86.28 95 
1NMF-2NEW  2728  21  21 21.67 100 
1NMG-1WDC  4698  17  17 32.48 100 
1PFN-1SVF  5992  30  30 38.23 100 
1PLA-1BAW  6570  55  55 97.54 100 
1PLA-2B3I  5840  47  47 83.27 100 
1PLA-2PCY  5986  57  56 79.65 98 
1TPO-2PRK  2435  24  24 12.40 100 
1VII-1CPH  903  15  15 34.83 100 
1VNB-1BHB  6120  28  28 12.78 100 
2KNT-1KNT  1980  41  41 10.65 100 
2NEW-3MEF  2552  16  16 12.76 100 
2PCY-1BAW  7380  66  62 75.32 94 
2PCY-2B3I  6560  52  52 34.67 100 
3EBX-1ERA  2205  19  19 11.98 100 
3EBX-6EBX  2331  25  25 16.54 100 
5PTI-1BPI  1596  35  35 8.32 100 
5PTI-1KNT  1710  31  31 5.26 100 
5PTI-2KNT  1672  32  32 4.43 100 
6EBX-1ERA  1295  22  22 6.34 100 

 
 
In order to assess the effectiveness of the vertex support algorithm, further we have tested the algorithm on all 
80 DIMACS [23] maximum clique benchmark instances with known results, which are made available from 
the URL http://cs.hbg.psu.edu/txn131/INSTANCES/clique.html. The results are compared with the published 
results of the state-of-the art meta-heuristic [13] (which were tested on a Sun Blade computer with 400MHz). 
In addition to the above, two more heuristics [15], which was carried out on a Pentium IV computer with 1.4 
GHz, and [14], which were implemented on a Pentium III computer with 866 MHz, are compared. The 
obtained results are shown in Table 2. In the Table 2 optimum denotes the best result of all DIMACS 
workshop participants [23] and the running times in seconds shown in the table do not include the time spent 
to load each graph.  
 
The results in the table indicates that the proposed VSA capable of finding the good solutions in almost all the 
80 DIMACS instances and fail to reach the optimality (denoted by *), mostly in MANN type, which are very 
large in size in the DIMACS instances. VSA seems to be competitive with KLS, in such instances, which 
produced good solution than other compared algorithms. Other than that the proposed VSA finds better 
solution for DIMACS instances where SAA able to find optimum solution for 56 instances while the 
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QUALEX-MS found the optimum for 57 instances and from the observation if the graphs are relatively small, 
such as C125.9, MANN_a9, Hamming6-2, the compared algorithms seems to be competitive with VSA. 

  
Table 2. Experimental Results on DIMACS benchmark instances.  In which ‘G’ name of the graph instances; ‘ω(G)’ is 

the maximum clique; ‘Time (s)’ is the time taken by CPU in seconds in their respective machine set up. 

 
       G    |V| Density Optimum KLS SAA  QUALEX-MS  Proposed VSA 

       ω(G)  ω(G)  ω(G)  ω(G)  Time(s)  ω(G) Time (s) 

brock200_1 200 0.745 21 - 21 21 1 21 <1 

brock200_2 200 0.496 12 11 12 12 <1 12 <1 

brock200_3 200 0.605 15 - 14 15 1 15 <1 

brock200_4 200 0.658 17 16 16 17 <1 17 <1 

brock400_1 400 0.748 27 - 25 27 2 27 <1 

brock400_2 400 0.749 29 25 25 29 3 29 <1 

brock400_3 400 0.748 31 - 25 31 2 31 <1 

brock400_4 400 0.749 33 25 25 33 2 33 <1 

brock800_1 800 0.649 23 - 21 23 18 23 2 

brock800_2 800 0.651 24 21 21 24 18 24 2 

brock800_3 800 0.649 25 - 21 25 18 25 5 

brock800_4 800 0.65 26 21 21 26 18 26 4 

C125.9 125 0.898 34 34 34 34 <1 34 <1 

C250.9 250 0.899 44 44 44 44 1 44 <1 

C500.9 500 0.9 ≥57 57 57 55 4 57 6 

C1000.9 1000 0.901 ≥ 68 68 68 64 27 68 13 

C2000.5 2000 0.5 ≥ 16 16 16 16 278 16 18 

C2000.9 2000 0.9 ≥77 77 74 72 215 77 26 

C4000.5 4000 0.5 ≥18 18 17 17 2345 18 30 

c-fat200-1 200 0.077 12 - 12 12 <1 12 <1 

c-fat200-2 200 0.163 24 - 24 24 <1 24 <1 

c-fat200-5 200 0.426 58 - 58 58 <1 56* <1 

c-fat500-1 500 0.036 14 - 14 14 1 14 <1 

c-fat500-2 500 0.073 26 - 26 26 2 26 <1 

c-fat500-5 500 0.186 54 - 64 64 2 54 <1 

c-fat500-10 500 0.374 126 - 126 126 2 126 3 

DSJC500.5 500 0.5 ≥13 13 13 13 5 13 4 

DSJC1000.5 1000 0.5 ≥15 15 15 14 36 15 20 

gen200_p0.9_44 200 0.9   44 44 44 42 <1 44 <1 

gen200_p0.9_55 200 0.9 55 55 55 55 1 55 <1 

gen400_p0.9_55 400 0.9 55 53 55 51 2 55 6 

gen400_p0.9_65 400 0.9 65 65 65 65 2 65 9 

gen400_p0.9_75 400 0.9 75 75 75 75 2 75 8 

Hamming6-2 64 0.905 32 - 32 32 <1 32 <1 

Hamming6-4 64 0.349 4 - 4 4 <1 4 <1 

Hamming8-2 256 0.969 128 - 128 128 <1 128 3 

Hamming8-4 256 0.639 16 16 16 16 1 16 2 

Hamming10-2 1024 0.99 512 - 512 512 38 512 9 

Hamming10-4 1024 0.829 40 40 40 36 45 40 23 

Johnson8-2-4 28 0.556 4 - 4 4 <1 4 <1 

Johnson8-4-4 70 0.768 14 - 14 14 <1 14 <1 

Johnson16-2-4 120 0.765 8 - 8 8 <1 8 <1 
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       G    |V| Density Optimum KLS SAA  QUALEX-MS  Proposed VSA 

       ω(G)  ω(G)  ω(G)  ω(G)  Time(s)  ω(G) Time (s) 

Johnson32-2-4 496 0.879 16 - 16 16 8 16 6 

keller4 171 0.649 11 11 11 11 1 11 <1 

keller5 776 0.751 27 27 27 26 16 27 10 

keller6 3361 0.818 ≥59 59 51 53 1291 54* 25 

MANN_a9 45 0.927 16 - 16 16 <1 16 <1 

MANN_a27 378 0.99 126 126 126 125 1 125* 12 

MANN_a45 1035 0.996 345 345 334 342 17 343* 33 

MANN_a81 3321 0.999 ≥1100 1100 1080 1096 477 1084* 43 

p_hat300-1 300 0.244 8 8 8 8 1 8 <1 

p_hat300-2 300 0.489 25 25 25 25 1 25 <1 

p_hat300-3 300 0.744 36 36 36 35 1 36 <1 

p_hat500-1 500 0.253 9 - 9 9 3 9 2 

p_hat500-2 500 0.505 36 - 36 36 4 36 5 

p_hat500-3 500 0.752 50 - 50 48 4 50 3 

p_hat700-1 700 0.249 11 11 11 11 10 11 <1 

p_hat700-2 700 0.498 44 44 44 44 12 44 15 

p_hat700-3 700 0.748 62 62 62 62 11 61* 18 

p_hat1000-1 1000 0.245 10 - 10 10 28 10 8 

p_hat1000-2 1000 0.49 46 - 46 45 34 46 23 

p_hat1000-3 1000 0.744 66 - 68 65 32 65* 30 

p_hat1500-1 1500 0.253 12 12 12 12 95 12 23 

p_hat1500-2 1500 0.506 ≥65 65 65 64 111 65 26 

p_hat1500-3 1500 0.754 ≥94 94 94 91 108 94 24 

san200-0.7.1 200 0.7 30 - 17 30 1 30 <1 

san200-0.7.2 200 0.7 18 - 15 18 <1 18 <1 

san200-0.9.1 200 0.9 70 - 61 70 <1 70 5 

san200-0.9.2 200 0.9 60 - 60 60 1 60 17 

san200-0.9.3 200 0.9 44 - 44 40 <1 44 23 

san400-0.5.1 400 0.5 13 - 7 13 2 13 6 

san400-0.7.1 400 0.7 40 - 21 40 3 40 <1 

san400-0.7.2 400 0.7 30 - 16 30 2 30 <1 

san400-0.7.3 400 0.7 22 - 17 18 2 22 19 

san400-0.9.1 400 0.9 100 - 57 100 2 100 8 

san1000 1000 0.502 10 - 8 15 25 10 <1 

sanr200-0.7 200 0.697 18 - 18 18 1 18 <1 

sanr200-0.9 200 0.898 42 - 42 41 <1 42 <1 

sanr400-0.5 400 0.501 13 - 13  13 2 13 <1 

sanr400-0.7 400 0.7 21 - 21  20 2 21 <1 

 
It is difficult to strictly compare the running times of the proposed VSA with those of KLS, QUALEX-MS 
and SAA due to different computers, OS etc.  However, it is possible to make a comparison with QUALEX-
MS due to its moderate set up (1.4GHz) seems little bit coincide with the VSA set up (1.6 GHz). From the 
results, the running times taken by VSA are very small when compared with QUALEX-MS except in two 
cases p_hat700-2 and p_hat700-3. Moreover for one of the large graphs in DIMACS, namely keller6 and 
MANN_a81, the VSA took 25 and 43 seconds respectively whereas QUALEX-MS needed 1291 and 477 
seconds respectively. From these results, we conclude that VSA apparently outperforms the recently 
developed heuristics (meta) QUALEX-MS, SAA and KLS interms of both solution quality and running times 
for the graphs tested. 
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5 Conclusions 
 
In this paper a simple vertex support based algorithm described for comparing protein structures. 
Experimental result shows that this approach finds the common substructure of two proteins effectively. The 
computational results on DIMACS demonstrated that VSA was capable of reaching state-of-the art results 
even in the absence of recently developed meta-heuristic components. Conclusively the VSA outperformed 
the recent heuristics of k-local search, trust region technique and simulated annealing in terms of obtainable 
solutions for all the graphs. The excellent performance of VSA on the benchmark instances reported here 
suggests that the underlying heuristic method has substantial potential to provide the basis for high-
performance algorithm for other combinatorial optimization problems. 

 
References 
 

[1] Hajduk, P.J., Gerfin, T., Boehlen, J., Haberli, M., Marek, D. and Fesik, S.W.: High-throughput 
nuclear magnetic resonance based screening. Journal of Medicinal Chemistry, Vol. 42, No. 13 
(1999) 2315-2317. 

[2] Strickland, D.M., Barnes, E. and Sokol, J.S.: Optimal Protein Structure alignment using maximum 
cliques. Operations Research, Vol. 53, No. 3 (2009) 389-402. GS Search. 

[3] Garey, M.R. and Johnson, D.S.: Computers and Intractability: A Guide to the theory NP - 
completeness. SanFrancisco: Freeman (1979). CiteUlike. 

[4] Balas, E. and Yu, C.: Finding maximum clique in an arbitrary graph. SIAM journal of computing, 
Vol. 15, No. 4 (1986) 1054-1068. View Link. 

[5] Carraghan, R. and Pardalos, P.M.: An exact algorithm for the maximum clique problem. 
Operations Research Letters, Vol. 9, No. 6 (1990) 375-382. View Link. 

[6] Crescenzi, P., Fiorini, C. and Silvestri, R.: A note on the approximation of the max. clique 
problem. Information Processing Letters, Vol. 40, No.1 (1991) 1-5. View Link. 

[7] Feige, U., Goldwasser, S., Lovasz, L., Safra, S. and Szegedy, M.:  Approximating clique is almost 
NP-complete. Proceedings of the 32nd IEEE Annual symposium on Foundations of computer 
science, San Juan, Puerto Rico (1991) 2 -12. View link. 

[8] Zhang, J.Y., Xu, J. and Bao, Z.: Algorithm for the maximum clique and independent set of graphs 
based on Hopfield networks. Journal of Electronics, Vol. 18 (1996) 122-127. 

[9] Bomze, I.M., Budinich, M., Pelillo, M. and Rossi, C.: Annealed replication: a new heuristic for the 
Maximum clique problem. Discrete Applied Mathematics, Vol. 121, No. 1-3 (2002) 27-49. View 
Link. 

[10] Galán-Marin, G., Mérida-Casermeiro, E. and Muñoz-Pérez, J.: Modelling Competitive Hopfield 
networks for the maximum Clique problem. Computers and Operations Research, Vol. 30, No. 4 
(2003) 603-624. View Link. 

[11] Hansen, P., Mladenovic, N. and Urosevic, D.: Variable neighborhood search for the maximum 
clique. Discrete Applied Mathematics, Vol. 145, No. 1 (2004) 117-125. View Link. 

[12] Zhang, Q.F., Sun, J.Y. and Tsang, E.: An Evolutionary algorithm with guided mutation for the 
maximum clique problem. IEEE Transactions on Evolutionary Computation, Vol. 9, No. 2 (2005) 
192-200. View Link. 

[13] Katayama, K., Hamamoto, A. and Narihisa, H.: An effective local search for the maximum clique 
problem. Information Processing Letters, Vol. 95, No. 5 (2005) 503-511. GS Search. View Link. 

[14] Geng, X., Xu, J., Xiao, J. and Pan, L.: A simple simulated annealing algorithm for the Maximum 
Clique problem. Information Sciences, Vol. 177, No. 22 (2007) 5064-5071. View Link. 

[15] Busygin, S.: A new trust region technique for the maximum weight clique problem. Discrete 
Applied Mathematics, Vol. 154, No. 15 (2006) 2080-2096. View Link. 

[16] Dukanovic, I. and Rendl, F.: Semi-definite programming relaxations for graph coloring and 
maximal clique problems. Mathematical Programming, Series B, Vol. 109, No. 2-3 (2007) 345-
365. View Link. 

[17] Tomita, E. and Kameda, T.: An efficient branch and bound algorithm for finding maximum clique 
with computational experiments. Journal of Global Optimization, Vol. 37, No. 1 (2007) 95-111. 
View Link. 

[18] Balaji, S., Swaminathan, V. and Kannan, K.: A Simple algorithm to optimize maximum 



Balaji et al. / A Simple Algorithm for Maximum Clique and Matching Protein Structures. IJCOPI Vol.1, 
No.2, Sep-Dec 2010, pp. 2-11 

11 
 

independent set. Advanced Modeling and Optimization, Vol. 12, No. 1 (2010) 107-118. View 
Link. 

[19] Raymond, J.W. and Willett, P.: Maximum common subgraph isomorphism algorithms for the 
matching of chemical structures. Journal of Computer-Aided Molecular Design, Vol. 16 (2002) 
521-533. CiteuLike. 

[20] Bermann, H.M., Westbrook, J., Feng, Z., Gilliland, G., Bhat, T.N., Weissing, H., Shindyalov, I.N. 
and Boune, P.E.: The protein data bank. Nucleic Acids Research, Vol. 28, No. 1 (2000) 235-242. 
View Link. 

[21] Krasnogar, N. and Pelta, D.A.: Measuring the similarity of protein structures by means of the 
universal similarity metric. Bioinformatics,Vol.  20, No. 7 (2004) 1015-1021. View Link. 

[22] Pullan, W.: Protein Structure Alignment Using Maximum Cliques and Local Search. LNAI 4830 
(2007) 776-780. 

[23] Johnson, D.S. and Trick, M.A.: Cliques, Coloring and satisfiability: Second DIMACS 
implementation Challenge. DIMACS Series in Discrete Mathematics and Theoretical Computer 
Science, American Mathematical Society, Providence, RI, Vol. 26 (1996). GB Search. 

 
 
 
 
 
 
    
 
 
 
 


