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Abstract. Discovering functional modules in a protein-protein interaction (PPI) 
network is very important for understanding the organization and function of 
the related biological system. The main strategy for this discovery is to translate 
the PPI network into a mathematical graph which can be analyzed with graph 
theory. In this paper, we propose a Density Based Merging Search (DBMS)  
algorithm to discover the complexes of a PPI graph corresponding to the func-
tional modules in the PPI network. The DBMS algorithm starts from a single 
vertex with the highest density of connecting, then adds it’s neighbor vertexes 
with the sufficiently high density of connecting one by one, and finally obtain 
one complex when there is no vertex to be added. The same DBMS procedure 
can be conducted on the rest of the vertexes in the PPI graph till all the  
complexes are found out. It is demonstrated by the experiments on six PPI data-
sets that the DBMS algorithm is efficient for discovering the complexes of a 
PPI network. 
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1   Introduction 

With the development of proteomics technology, a great number of large data sets of 
protein-protein interactions (PPI) have been accumulated from the proteomic experi-
ments. Actually, a PPI dataset describes a PPI network within a living cell. Recent 
studies [1] have shown that a large PPI network consists of some complexes which 
correspond certain functional modules with clear biological meanings. So, it is very 
important and significant to reveal the structure of a large PI network and find out the 
existing complexes in it.  

As a PPI network can be considered as an interaction graph, a complex can be 
mathematically represented as a densely connected subgraph in it. In this way, the 
discovery of the complexes is equivalent to the search of these densely connected 
subgraphs in the whole PPI interaction graph. To this end, several efficient algorithms 
have been proposed from different aspects, but they can be generally divided into the 
splitting and merging search categories. 
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In the splitting search, the algorithm starts from the whole PPI interaction graph.  
It splits the graph into certain subgraphs of densely connecting, and then checks 
whether these subgraphs fit the conditions of a complex. If some subgraphs satisfy the 
conditions, we accept them as the complexes. If some subgraphs do not satisfy the 
conditions, we can further split them into smaller subgraphs of densely connecting, 
and continue this splitting until all the complexes are finally founded. A typical  
example of the splitting search is the GN algorithm [2] based on the Hierarchical 
Clustering. The HCS (Highly Connected Sub-graph) algorithm [3] is another example 
of this stream, which classifies the vertexes into subgraphs based on the similarity 
between each pair of vertexes. The RSNC (Restricted Neighborhood Search Cluster-
ing) algorithm [4] is also a such kind of method by implementing a cost based cluster-
ing mechanism to identify the complexes. 

As for the merging search, the algorithm starts from the most densely connected 
vertex, extends it into a complex by adding the densely connected vertexes until no 
such vertex can be founded. Then, the merging search carries on the rest of vertexes 
and continues the same procedure till all the complexes are found. A representative of 
the merging search is Newman’s Fast Algorithm [5], which conducts the merging 
process via an evaluation function Q such that a group of vertexes can be merged into 
a complex as long as Q has the largest increment. Inspired by Newman’s work, 
Clauset further proposed a greedy algorithm [6] which can be applied to very large 
networks. Recently, Bader and Hogue proposed the MCODE (Molecular Complex 
Detection) algorithm [8] which utilizes the concept of vertex weighting and can iden-
tify the complexes efficiently. 

In this paper, in light of the merging search we propose a Density Based Merging 
Search (DBMS) algorithm for discovering the complexes of a PPI graph with the help 
of the concept of vertex density of connecting. That is, by defining the connecting 
density for each vertex, we can find the densest vertex, search its neighbor vertexes 
with the high enough densities and finally find a complex in the graph. In the same 
way for the rest of the vertexes and step by step, we can find out all the complexes of 
the graph. It is demonstrated by the experiments on six PPI datasets that the DBMS 
algorithm is efficient for discovering the complexes of a PPI network. In comparison 
with the MCODE algorithm, the DBMS algorithm obtains a better result for discover-
ing the complexes, but it is computationally expensive. 

2   The DBMS Algorithm  

2.1   The Characteristics of a Complex 

A complex in a PPI graph should represent some functional module which involves a 
number of proteins densely connected together. That is, mathematically, a complex is 
certainly a densely-connecting subgraph of a graph. However, there has not been a 
unified definition of a complex yet. In fact, it was defined in different ways related to 
the complex search methods. For example, Brun [9] and Samanta [10] defined the 
degree of similarity between two interaction vertexes via their common neighbor 
vertexes, utilize these similarity degrees for clustering analysis and regard the clusters 
as the complexes. On the other hand, Watt et al. [11] defined the density of a graph  
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     Fig. 1. The PPI graph with five clear complexes        Fig. 2. The sketch of a complex 

and consider a dense subgraph as a complex. For graph G with n vertexes, the edges 
of G will be not more than emax=n(n-1)/2, when  G is an undirected graph, the edges 
of which have no directions. So,  d=e/emax  can be defined as the density of G, where 
e is the number of edges in G. We can define that G is dense when d is greater than a 
certain positive threshold. 

In some specific PPI graphs, we can easily find out these dense subgraphs and ac-
cept them as the complexes. Figure 1 gives such an example. However, in general, the 
dense subgraphs are not separated so clearly, especially when there are thousands of 
vertexes in the graph.  

Based on the proteomics experiments and biological experiences, we have the  
following characteristics of a complex: (1). No vertex belongs to two or more  
complexes. (2). A vertex belongs to a certain complex if it has a high degree. (3). A 
vertex with a low degree can be in a complex as a terminal vertex. In fact, as shown 
Figure 2, the most of the vertexes have one degree, but they can be in the complex. 
Moreover, if a vertex P belongs to a complex S, the most of the vertexes connecting 
to P are also in S.  

2.2   The Description of the DBMS Algorithm  

We begin to define the density of vertex p by 

2( ) / ,
p

p v p p
v U

d d dρ
∈

= +∑  
(1) 

where vd  is the degree of  the vertex v, 
p

U is a set of vertexes that are the neighbors 

of p. Obviously, we can filter the vertexes with a small density since they are generally 
isolated and do not belong to any complex. Here, a vertex is filtered out before the 
complex search if its density is less than 3. After then, we try to divide the remaining 
vertexes into some subgraphs in order to search the complexes. Actually, we further 
need the concept of correlation between a vertex and a dense subgraph or a complex S  
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which is assumed to consist of n vertexes, i.e., | |S n= . Given a vertex P, 
pd m= , 

we hope to identify whether P S∈ . Obviously, P belongs to S if most of P’s 
neighbors are in S. Suppose there are k vertexes of S connecting with P, so k n≤  
and 

pk d≤ , we define /c k n=  as the correlation degree of P to S. 

P belongs to S if c is large enough. Assume that P S∈ if 
b

c
n

≥ , so that P S∈   

if k b≥ . Clearly, b should increase with n, but the rate of increase should  
become relatively small. As we let b be proportional to logn , we then get 

m in { lo g , }b n f= , where f is a real number related with pd  to balance logn  

since it may be too large. In fact, if pd  is smaller than lo g n  and lo gb n= ,  P 
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3   Experiment Results 

3.1   The PPI Datasets 

A PPI dataset consists of a group of edges connecting two proteins. In some cases, the 
PPI datum even represents the strength of the edge, but here, we only consider 
whether two proteins are connected. So, it is easy to translate the PPI data into a PPI 
graph where each vertex serves as a protein. Moreover, for each vertex, we can get its 
neighbor set, i.e., the set of all the neighbors of it.   

For the experiments, we use two kinds of PPI datasets. The first kind of dataset is a 
simulated one as shown by Figure 1, in which there are 59 vertexes and 317  
edges. The second kind of datasets are eight real-world PPI datasets downloaded  
from The Database of Interacting Proteins (DIP: http://dip.doe-mbi.ucla.edu). Specifi-
cally, they are Celeg20090126, Dmela20090126, Ecoli20090126, Hpylo20090126, 
Hsapi20090126, Mmusc20090126, Rnorv20090126, and Scere20090126.  

In the experiments, we will compare the DBMS algorithm with the we will take 
CODE algorithm whose code is downloaded from: http://www.baderlab.org/Software/ 
MCODE/. 

3.2   Simulation Results 

We begin to implement the DBMS algorithm on the simulated dataset, i.e., the  
PPI graph given by Figure 1.  We set the base of the logarithm is the natural number 

e , and 0.5,λ = i.e., 0.4 pf d= . The results of the complex discovery by both  

the DBMS algorithm and the MCODE algorithm on this simulated dataset are given 
in Table 1.  

It can be found from Table 1 that both the DBMS and MCODE algorithms have 
found five complexes from the PPI graph, but those complexes of  the two algorithms 
are quite different in the way of content as well as the number of vertexes. By check-
ing these results with Figure 1, we have found that the complexes found by the 
DMBS algorithm are consistent with the five true complexes. However, the com-
plexes found by the MCODE algorithm are not so consistent with those true  
complexes. Therefore, we can consider the DMBS algorithm is more efficient than 
the MCODE algorithm on the complex discovery in this experiment.  

3.3   Experimental Results on the Real-World PPI Datasets 

We further implement the DBMS algorithm on the eight real-world PPI datasets and 
summarize the experimental results of complex discovery in Table 2, where #vexes 
denotes the number of vertexes in the PPI graph corresponding to the dataset, 
#Rvexes denotes the number of remaining vertexes in G at the end of the algorithm, 
#edges is the number of edges in the PPI graph, #Redges is the number of remaining 
edges connecting two vertexes in G at the end of the algorithm, #complexes denotes 
the number of complexes found by the algorithm, and  Size-LC denotes the size, i.e., 
the number of vertexes in the largest complex. 
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Table 1. The complex discovery results of the DBMS and MCODE algorithms on the simu-
lated PPI dataset, where each column represents a complex found. The blank fill with yellow is 
the vertexes not be handled by MCODE, and the blank fill with blue is the vertexes which are 
misclustered by MCODE. 
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discovery, which can be demonstrated by the experimental results shown in Figures 5 
for the datasets Rnorv20090126, respectively. Actually, in Figure 5, we can find that 
the complexes found by the DBMS algorithm are more reasonable than those found 
by the MCODE algorithm.   

In a summary, the DBMS algorithm can be efficiently implemented to discover the 
complexes in a PPI graph or dataset. Moreover, it is even better that the MCODE 
algorithm in certain cases.  

 

    

Fig. 3. The PPI graph of forRnorv20090126 Fig. 4. The complexes found Rnorv20090126 

 
(a)                                             (b)                                        (c) 

Fig. 5. The comparison between the DBMS and MCODE algorithms on Rnorv20090126. (a). 3 
complexes (circled clusters) found by the MCODE algorithm. (b). The true complexes given in 
the dataset for check. (c). The complexes found by the DBMS algorithm.  
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5   Conclusions  

We have investigated the discovery of the functional modules or complexes in a pro-
tein-protein interaction (PPI) network or graph and have proposed the density based 
merging search algorithm to discover the complexes for a PPI dataset. The DBMS 
algorithm is a kind of merging search procedure which combines the highly con-
nected vertexes from any vertex with the highest density step by step to form a  
complex. It is demonstrated by the experiments on both simulated and real-world PPI 
datasets that the DBMS algorithm is applicable and efficient for complex discovery 
and even outperforms the MCODE algorithm.  
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