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Abstract:    Protein complexes play important roles in integrating individual gene products to perform useful cellular functions. 
The increasing mount of protein–protein interaction (PPI) data has enabled us to predict protein complexes. In spite of the ad-
vances in these computational approaches and experimental techniques, it is impossible to construct an absolutely reliable PPI 
network. Taking into account the reliability of interactions in the PPI network, we have constructed a weighted protein–protein 
interaction (WPPI) network, in which the reliability of each interaction is represented as a weight using the topology of the PPI 
network. As overlaps are likely to have biological importance, we proposed a novel method named WN-PC (weighted net-
work-based method for predicting protein complexes) to predict overlapping protein complexes on the WPPI network. The pro-
posed algorithm predicts neighborhood graphs with an aggregation coefficient over a threshold as candidate complexes, and binds 
attachment proteins to candidate complexes. Finally, we have filtered redundant complexes which overlap other complexes to a 
very high extent in comparison to their density and size. A comprehensive comparison between competitive algorithms and our 
WN-PC method has been made in terms of the F-measure, coverage rate, and P-value. We have applied WN-PC to two different 
yeast PPI data sets, one of which is a huge PPI network consisting of over 6000 proteins and 200 000 interactions. Experimental 
results show that WN-PC outperforms the state-of-the-art methods. We think that our research may be helpful for other applica-
tions in PPI networks. 
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1  Introduction 
 

Proteins are elementary building blocks of bio-
logical processes occurring within cells. They play 
their roles via a very broad network of mutual inter-
actions (Ito et al., 2001). High-throughput methods 
(Uetz et al., 2000; Gavin et al., 2002) have led to the 
emergence of large protein–protein interaction data 
sets. Protein complexes consisting of molecular ag-
gregations of proteins assembled by multiple protein 
interactions are fundamental units of macro- 

molecular organization and play crucial roles in in-
tegrating individual gene products to perform useful 
cellular functions. 

Currently, proteomics technologies such as 
tandem affinity purification (Puig et al., 2001) are 
available for the prediction of protein complexes. 
However, these methods are not sufficient to deduce 
satisfactory conclusions. A computational approach is 
an alternative way of predicting protein complexes 
from the available PPI data. A wealth of graph clus-
tering algorithms has been used for the identification 
of highly connected nodes in protein interaction 
graphs. One of the most commonly used methods is 
the molecular complex detection (MCODE) algo-
rithm (Bader and Hogue, 2003), which predicts pro-
tein complexes via dense protein sub-networks. 
CFinder (Adamcsek et al., 2006) is also a popular 
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graph clustering algorithm. Based on the clique per-
colation method (CPM) (Palla et al., 2005), CFinder 
attempts to locate all k-clique clusters that correspond 
to fully connected subgraphs of k vertices. Another 
common clustering algorithm is the Markov cluster-
ing algorithm (MCL) (Enright et al., 2002). Based on 
the use of a bootstrapping mechanism, MCL simu-
lates random walks (Pearson, 1905) within graphs and 
partitions the PPI network into many non-overlapping 
dense clusters. Divisive projected clustering (DPClus) 
(Altaf-Ul-Amin et al., 2006) is another graph clus-
tering algorithm used to extract densely connected 
regions from PPI networks. The intuition underlying 
SPICi (speed and performance in clustering algorithm) 
(Jiang and Singh, 2010) is similar to that of DPClus. 
However, SPICi exploits a cluster expansion ap-
proach using a different seed selection criterion and 
incorporates interaction confidences. An algorithm 
called clustering based on maximal clique (CMC) 
(Liu et al., 2009) has been proposed to discover 
complexes in weighted PPI networks. Protein–protein 
interactions are assigned an iterative scoring weight 
to indicate the reliability of the interaction. Recently, 
a clustering with overlapping neighborhood expansion 
algorithm named ClusterONE (Nepusz et al., 2012) 
has been introduced for finding overlapping protein 
complexes in PPI networks. 

All the current algorithms are based on the idea 
of discovering dense subgraphs. To make a break-
through, we should take into account the inherent 
organization. Gavin et al. (2006) have conducted 
detailed research on the organization of complexes. 
This research has shown that a complex should con-
sist of a core component and attachments. Core pro-
teins are highly co-expressed and each attachment 
protein binds to a core to form a biological complex. 
Inspired by this discovery, some core-attachment 
based algorithms have been proposed, such as Core 
(Leung et al., 2009), COACH (Wu et al., 2009), and 
Xiaoke (Ma and Gao, 2012). The excellent perform-
ance of core-attachment based algorithms demon-
strates the significance of structure in predicting 
protein complexes. 

While great advances have been made in com-
putational approaches for protein complex prediction, 
the accurate identification of protein complexes is 
still a bottleneck. A key question is how to measure 
the reliability of a PPI network and to reduce and 

tolerate the negative effects of noise. Analysis based 
on concordance of interaction and expression data 
suggests that only 30%–50% of the high-throughput 
interactions are biologically relevant (Deane et al., 
2002). Consequently, a crucial step in discovering 
protein complexes is separating the subset of credible 
interactions from the background noise. Most current 
methods generally treat interaction as binary. This 
means that interaction data are often represented as a 
network in which edges are either present or absent, 
without accounting for the quality of each interaction.  

In this paper, we develop a novel method named 
WN-PC for discovering protein complexes based on a 
weighted PPI network, which can effectively reduce 
and tolerate the negative effects of noise on protein 
complex prediction. The existing algorithms gener-
ally treat a dense enough subgraph as a complex, but 
ignore its relationship with its surrounding neighbor-
hood subgraph. We believe that a protein will be 
joined in a complex if it has high cohesion with 
subunits in the complex and low coupling with its 
neighborhood subgraph. We have made a compre-
hensive comparison between the existing state-of- 
the-art algorithms and our algorithm. The results show 
that WN-PC outperforms the competitive methods. 

 
 

2  Methods 

2.1  Constructing a weighted protein–protein in-
teraction network 

Let G=(V, E) denote a PPI network, which is an 
undirected deterministic graph, where V is a set of 
vertices (proteins), and E is a set of edges (interac-
tions). Current algorithms formulate the problem of 
identifying protein complexes from a PPI network as 
that of mining a dense subgraph from the determinis-
tic graph. Taking into account the reliability of inter- 
actions, we have constructed a weighted protein– 
protein interaction (WPPI) network, in which the 
reliability of each interaction is represented as a 
weight, using only the topology of the PPI network.  
Definition 1 (Weighted protein–protein interaction 
network)    Given an undirected deterministic PPI 
network Ģ=(V, E), where V is a set of vertices and E is 
a set of edges, a weighted PPI (WPPI) network is 
defined as G=(Ģ, PE), where PE: E[0, 1] is a prob-
ability function that assigns existence probabilities to 
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edges in E. It is assumed that the existence of an edge 
eE is independent of any other edges. 

Considering the reliability of an edge e(u, v), we 
believe that the greater the number of common 
neighbors of u and v, the higher the reliability of e, so 
the existence probability of e(u, v) can be represented 
as Pe=Nc/Nmax, where Nc is the number of common 
neighbors of vi and vj, and Nmax is the maximum pos-
sible number of common neighbors of the two verti-
ces. Nmax is represented as min(ku−1, kv−1), where ku 
and kv denote the degrees of u and v, respectively. An 
example in Fig. 1 illustrates our constructed WPPI 
network. 
Definition 2 (Sample network)    A sample network 
SG=(SV, SE) of a WPPI network G=(V, E, PE) is a 
deterministic graph which is a possible outcome of 
the random variables representing the edges of the 
WPPI network G (denoted as GSG). In other words, 
SV=V, SEE. The sampling probability of SG is 
given by 
 

SE ( \SE)

Pr( SG) ( ) (1 ( )).
e e E

G p e p e
 

     

 
The total number of such sample networks is 2|E| 

and 
1

Pr( SG ) 1
n

i
i

G


   (n=2|E|). According to De-

finition 2, a WPPI network can be represented as many 
deterministic networks with sampling probability. 

Some concepts are introduced to describe a 
subgraph or a vertex. The sample degree is used to 
describe the relationship between a vertex and a 
subgraph, and the aggregation coefficient is used to 
describe the degree of coupling of a subgraph. 

 
 
 

 
 
 
 
 
 
 
 
 
 
 

Definition 3 (Sample degree)    Given a WPPI net-
work G=(V, E, PE) and a vertex u, uV, SG={SG1, 
SG2, …, SGn} is the set of all sample networks de-
rived from G, where SGi=(SVi, SEi), SVi=V, SEiE, 
i[1, n]. SD(u, G) denotes the sample degree between 
u and G. 

1
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| SV |

n
i

i
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where mi is number of edges between u and the ver-
tices of SVi. 

The following theorem gives a simple formula to 
compute the sample degree: 
Theorem 1    Given a WPPI network G=(V, E, PE) 
and a vertex u, uV, the sample degree between u and 
G can be represented as follows: 

 

SD( , ) ( , )/ | |,   ,u G P u v V v V   

 
where v represents any vertex connected with u. 
Proof    Let {v1, v2, ..., vk} be a set of vertices of G 
connected with u. The probabilities of (u, v1), (u, v2), …, 
(u, vk) are P1, P2, …, Pk, respectively. According to 
Definition 3, 
 

1 2
1

1 2
1

1 2

1
SD( , ) (1 ) (1 ) (1 )

| |

2
(1 )(1 ) (1 )

| |

.
| |

k

i k
i

k k

i j k
i j i

i k

u G P P P P
V

P P P P P
V

k
PP P P

V



 

   

   

 





 

  

  

 

 

When k=1, SD(u, G)=P1/|V|. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(a) (b)

Fig. 1  An example of a constructed weighted protein–protein interaction (PPI) network: (a) original PPI network; 
(b) weighted PPI network reconstructed using only the topology of the PPI network 
The digit in (b) represents the weight of each edge 
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For k=2, 
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For k=3, 
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So, when k=n+1,  
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Definition 4 (Aggregation coefficient)    Given a 

WPPI network G=(V, E, PE) and a vertex u, uV, 
NG=(NV, NE, PNE) is a neighbor’s subgraph of ver-

tices in G, GNG=. The aggregation coefficient 
between u and G is defined as 
 

SD( , ) | |
AC( , ) .
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u G V
u G

u G V u



 

 
SD(u, G)|V| indicates the degree of cohesion between 
u and the network G, while SD(u, NG)|NV| represents 
the degree of coupling between u and the neighbor-
hood network NG. A subgraph with high cohesion 
between its subunits and low coupling with its 
neighborhood subgraph can be represented as a pro-
tein complex. So, the aggregation coefficient is in-
troduced to decide whether an identified cluster can 
be represented as a protein complex. 

As a forerunner of WN-PC, we construct a WPPI 
network in which the reliability of each interaction is 
represented as a weight. 

Algorithm 1 illustrates the procedure for con-
structing the WPPI network. 

 
Algorithm 1    Constructing the WPPI network 
Input: the PPI network Ģ. 
Output: the WPPI network G=(V, E, PE) and the harmonic 
mean of the vertices’ sample degrees HM_SD. 

1. Construct the WPPI network G from the original PPI 
network. 

2. Remove edges with PE=0, and then cut out the isolated 
vertices. 

3. HM_SD=harmonic mean of SD(vi, NGi), viV, where 
NGi is a neighborhood graph of vi. 
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2.2  Predicting protein complexes 

WN-PC operates in two stages: predicting com-
plexes and processing redundant data. 

In WN-PC, a protein is added to a candidate 
complex if the aggregation coefficient is over a 
threshold value, and an attachment protein is bound to 
a candidate complex if the sample degree is over the 
HM_SD, which is obtained from Algorithm 1. 

Each vertex can be drawn as a seed to grow a 
candidate complex. Initially, a selected seed and its 
neighbors are put into SC to form a candidate com-
plex. Then neighbors with an aggregation coefficient 
less than the threshold ACT are removed from SC and 
marked with the tag AT_CAN. This means that add-
ing these neighbors would lead to SC having a high 
coupling. The vertices with the tag AT_CAN have 
then lost the opportunity to be drawn as seeds. We 
discard candidate complexes that contain less than 
three proteins. To avoid a candidate complex be-
coming a subset of others after adding attachment 
proteins, not all the seeds can be used as attachment 
proteins to be bound to candidate complexes. In other 
words, only vertices labeled with AT_CAN would be 
candidate attachments. For each candidate attachment, 
if the sample degree within a candidate complex is 
over the threshold HM_SD, it is inserted into the 
candidate complex. 

Algorithm 2 illustrates the overall framework to 
predict complexes. 

 
Algorithm 2    Predicting complexes 
Input: the WPPI network G=(V, E, PE), the aggregation coef-
ficient threshold ACT, and the sample degree threshold 
HM_SD. 
Output: PC, which is the set of protein complexes. 
For each vertex vV 

If v is marked with AT_CAN then  
Skip;  

End If 
Insert v and its neighbors into SC; 
For each vertex uSC 

If AC(u, SC)<ACT then 
Remove u from SC and mark u with AT_CAN;  

End if 
End for 
If length(SC)>2 then  

Insert SC into PC; 
End if 

End for 
For each vertex marked with AT_CAN avV 

If SD(av,pc ) HM_SD(pc PC)i i    

Insert av into pci; 
End if 

End for 
 

The last stage is redundant processing. Some 
overlaps are likely to have biological importance, but 
overlaps reaching a very high threshold should be 
dealt with. For a pair of complexes which overlap a 
threshold, the one with smaller density and size is 
discarded. Note that the concept of density is rede-
fined as the sum of the sample degrees for the entire 
vertex. In this study, the overlap threshold value is 
typically set as 0.8 (Nepusz et al., 2012), where the 
overlap score of two complexes A and B is defined as 
follows (Li et al., 2007): 

 

2| |
NA( , ) .

| || |

A B
A B

A B


                      (1) 

 
 

3  Results and discussion 
 

We compared the performance of our method 
with those of another five state-of-the-art algorithms, 
MCODE (Bader and Hogue, 2003), MCL (Enright et 
al., 2002), CMC (Liu et al., 2009), ClusterONE 
(Nepusz et al., 2012), and COACH (Wu et al., 2009). 
We have applied WN-PC and the competitive algo-
rithms to two yeast PPI networks, including DIP (the 
Database of Interacting Proteins) data (Xenarios et al., 
2002) updated on 18 Aug. 2012 and BioGRID (Bio-
logical General Repository for Interaction Datasets) 
data (Stark et al., 2006) version 3.19. The DIP data 
consisted of 4895 proteins and 21 776 interactions 
among the proteins. To make a comprehensive com-
parison, we used both the core set (5445 proteins, 
49 954 interactions) and the full set (6055 proteins, 
201 229 interactions) of BioGRID. To evaluate the 
protein complexes predicted by WN-PC, we derived 
408 typical complexes including two or more proteins 
from CYC2008 (Pu et al., 2009) as the benchmark 
complex set. 

We will first analyze in detail the results from 
DIP data using three extensively studied evaluation 
criteria: the F-measure, the coverage rate, and the 
functional enrichment of GO terms (P-value). Finally, 
the results from BioGRID data will also be briefly 
presented to demonstrate the effectiveness of WN-PC 
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for large-scale PPI networks. For all those competi-
tive algorithms, the optimal parameters were set 
based on recommendations by the authors. 

3.1  F-measure and coverage rate 

One evaluation method we used was to match 
the predicted complexes with the benchmark complex 
set and calculate the F-measure and coverage rate. 

Given a predicted complex pcPC and a 
benchmark complex bcBC, if NA(pc, bc)≥t, then pc 
and bc are considered to be matching, where t is a 
predefined threshold. In general, t is set as 0.2 (Bader 
and Hogue, 2003; Wu et al., 2009). TP is defined as 
the number of complexes matched by the benchmark 
complex set, while TN is the number of predicted 
benchmark complexes. The F-measure is used to 
evaluate the overall performance of the clustering 
methods. 

 

2 Precision Recall
-measure ,

Precision Recall
F

 



         (2) 

 
where Precision=TP/|PC|, Recall=TN/|BC|. 

The coverage rate shows how many proteins in 
the benchmark complex set can be covered by the 
predicted complexes (Brohée and van Helden, 2006; 
Friedel et al., 2008). Given a benchmark complex set 
BC and a predicted complex set PC, Tij is the number 
of proteins in common between the ith benchmark 
complex and the jth predicted complex. The coverage 
rate is then defined as 

 
|BC| |BC|

1 |PC|
1 1

CR= max ,ij i
j

i i

T N
 

 
                   (3) 

 
where Ni is the number of proteins in the ith bench-
mark complex. 

The basic information on predicted complexes 
produced by various algorithms using DIP data is 
presented in Table 1. 

WN-PC matched 328 complexes of predicted 
complexes, which is the highest number compared 
with competing algorithms, and contained the  
second-highest number of matched benchmark com-
plexes after COACH, while the number of complexes 
identified by WN-PC was far lower than that identi-
fied by COACH. The Precision of WN-PC, MCODE, 
MCL, CMC, COACH, and ClusterONE was 59%, 

51%, 19%, 47%, 35%, and 41%, respectively, and the 
Recall was 53%, 7%, 49%, 31%, 54%, and 32%, 
respectively. WN-PC achieved the highest precision 
and comparable recall. 

 
 
 
 
 
 
 
 
 
 
 
 
 

 

Fig. 2 shows a comprehensive comparison 
among the selected methods in terms of the 
F-measure and the coverage rate. Using DIP data, the 
F-measure of WN-PC was 56%, which was 330.77%, 
107.41%, 51.35%, 30.23%, and 55.56% higher than 
those of MCODE, MCL, CMC, COACH, and Clus-
terONE, respectively; WN-PC produced the highest 
coverage rate of 60%, which was 106.9%, 13.21%, 
87.5%, 5.26%, and 66.67% higher than those of 
MCODE, MCL, CMC, COACH, and ClusterONE, 
respectively. 

 
 
 
 
 
 
 
 
 
 
 

 
 

 

From Table 1 and Fig. 2, we can draw the con-
clusion that WN-PC achieves the best performance in 
terms of the F-measure and the coverage rate using 
DIP data. In other words, WN-PC achieves higher 
accuracy in predicting complexes than competitive 
algorithms. 

Table 1  Results of various algorithms using DIP data

Algorithm #PC MBC MPC 

WN-PC 557 215 328 

ClusterONE 345 131 142 

MCODE   55   30   28 

MCL 934 198 179 

COACH 896 221 318 

CMC 339 126 159 

#PC is the number of complexes identified by each algorithm, 
MBC represents the number of benchmark complexes that match at 
least a predicted complex, and MPC is the number of predicted 
complexes which match at least a benchmark complex 

0
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Fig. 2  Performance comparison for various algorithms 
using DIP data 

WN-PC
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Fig. 3 illustrates the example of the real SAGA 
complex, where our predicted complex can cover 
more proteins than competitive algorithms. 

The real SAGA complex in the benchmark con-
sists of 20 proteins, of which 3 have been isolated.  
Fig. 3a is the benchmark SAGA complex, and Figs. 
3b–3f are the complexes predicted by WN-PC, 
COACH, ClusterONE, CMC, and MCL, respectively. 
MCODE cannot generate the matched SAGA com-
plex. The complex predicted by WN-PC had 20 pro-
teins and covered 16 proteins (circled). According to 
Eq. (1), the NA was 61%. However, COACH, Clus-
terONE, CMC, and MCL covered only 11, 8, 6, and 3 
proteins of the real SAGA complex, respectively. The 
NA was 46.5%, 35.6%, 30%, and 11.3%, respectively. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

3.2  GO analysis 

To test the biological significance of the com-
plexes predicted by WN-PC, we adopted the func-
tional enrichment of GO terms (P-value). The P-value 
is considered as a measure of the possibility that a 
predicted complex is a real protein complex. A low 
P-value of a predicted protein complex achieves high 
statistical significance. A cut-off parameter is used to 
differentiate significant groups from insignificant 
ones. In this work, we used the recommended cut-off 
of 0.01 (Hu et al., 2005). Table 2 compares P-values 
obtained by various algorithms using DIP data. In 
general, a higher proportion and P-score indicate that 
proteins in the same protein complexes tend to share  
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(a) 

Fig. 3  SAGA complexes predicted by various algorithms 
(a) Benchmark; (b) WN-PC; (c) COACH; (d) ClusterONE; (e) CMC; (f) MCL 

(b) 

(c) (d) 

(e) (f) 
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higher functional similarity, so they can be used to 
evaluate the overall quality of predicted protein 
complexes. 

Table 2 shows that the vast majority of our pre-
dicted complexes (93.36%) were significant. WN-PC 
also obtained a higher P-score of significant com-
plexes than the other five algorithms. In other words, 
the complexes predicted by WN-PC had the most 
biological significance. 

For further comparison between WN-PC and 
competitive methods, we employed piecewise statis-
tics of the significant complexes according to their 
P-value. Fig. 4 shows the percentage of the predicted 
complexes whose P-values fell within (0, 10−15), 
[10−15, 10−10), and [10−10, 0.01). Higher proportions of 
significant complexes were generated by WN-PC 
than by the other algorithms with P-values falling 
within (0, 10−15) and [10−15, 10−10). In particular, the 
advantages are more obvious with P-value less than 
10−15. Comparison of all the results in Table 2 and  
Fig. 4 shows that WN-PC outperformed the other 
methods, in terms of the number of significant com-
plexes and the high statistical significance. 

3.3  Effect of parameter ACT 

WN-PC employs a user-defined parameter ACT 
in Algorithm 2 to filter low aggregation coefficient 
neighbors of seeds. In this subsection, we study the 
effect of the threshold ACT on the performance of 
WN-PC. Fig. 5 shows how the F-measure and the 
coverage rate of WN-PC fluctuated under various 
values of ACT based on the DIP data. The coverage 
rate and the value of ACT had an inverse relationship 
and the F-measure reached the top value when ACT 

was assigned 0.2. The predicted complexes were 
1154, 825, and 535 when ACT was set as 0, 0.1, and 
0.2, respectively. The predicted complexes then de-
creased with the increase of ACT. To obtain a good 
balance of both the F-measure and the coverage rate, 
we set ACT as 0.19 in our experiment. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

3.4  Results using BioGRID data 

To test the robustness of WN-PC for large-scale 
PPI networks, we also performed WN-PC on Bio- 
GRID data, including a core set and a full set. Bio- 
GRID is a public database generated by various ex-
perimental technologies, e.g., affinity purification, 
two-hybrid, dosage, and synthetic. As affinity puri-
fication methods (Gavin et al., 2006) are well suited 
for studying complexes under near-physiological 
conditions (Edwards et al., 2002; Kemmeren et al., 
2002), we chose protein–protein interactions gener-
ated by affinity purification from the full set to form a 
core set.  

Table 2  Statistical significance of complexes predicted 
by various algorithms 

Algorithm #PC #SC Proportion P-score

WN-PC 557 520 93.36% 12.70 

ClusterONE 345 242 70.14%   8.01 

MCODE   55   49 89.09%   8.26 

MCL 934 407 43.58%   5.68 

COACH 896 715 79.80%   8.07 

CMC 339 279 82.30%   6.96 

#PC is the number of predicted complexes, #SC is the number of 
significant complexes, and P-score is the average −lg(P-value) of 
all the significance complexes 
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Fig. 5  Effect of parameter ACT on the coverage rate and 
F-measure 

Fig. 4  Comparison of the proportions of significant com-
plexes within P-value intervals using various algorithms 
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Fig. 6 shows the F-measure of each method us-
ing BioGRID data. WN-PC achieved the best per-
formance on the F-measure for both BioGRID data 
sets. In detail, on the core set, the F-measure of 
WN-PC was 59%, which was 20.41%, 247.06%, 
321.43%, 40.48%, and 63.89% higher than those of 
ClusterONE, MCODE, MCL, COACH, and CMC, 
respectively; on the full set, the F-measure of WN-PC 
was 36%, which was 33.33%, 3500%, 1100%, 300%, 
and 414.29% higher than those of ClusterONE, 
MCODE, MCL, COACH, and CMC, respectively. 
Note that the F-measure of WN-PC on the full set was 
higher than those of MCODE and MCL on the core 
set, even though the core set is more reliable than the 
full set. 

  
 
 
 
 
 
 
 
 
 
 
 
 
Table 3 shows the coverage rate and maximum 

number of complexes predicted by various algorithms 
using BioGRID data. Using the BioGRID data, the 
coverage rate of WN-PC was higher than those of 
ClusterONE and MCODE, and lower than those of 
COACH and MCL. On the full set of BioGRID data, 
almost all the proteins in the benchmark complex set 
were covered by the complexes predicted by MCL 
and CMC, due to their super complex, whose MS 
values were over 4000. For the benchmark complex 
set, the total number of proteins was 1920, and the 
number of proteins in the maximal complex was 81. 
From this point of view, we think that the coverage 
rate cannot be used as an effective criterion to assess 
the quality of the complexes predicted by various 
algorithms, because of the influence of the predicted 
maximal complex.  

In conclusion, WN-PC outperformed other 
competitive algorithms and had better robustness than 
others in large-scale PPI networks. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

4  Conclusions 
 

Protein complexes play important roles in many 
molecular processes and functions. High-throughput 
methods have led to the emergence of a large amount 
of protein–protein interaction (PPI) data, which has 
enabled us to detect protein complexes. Current 
computational methods regard the PPI network as a 
reliable network and ignore the negative effects of 
noise. However, research shows that only 30%–50% 
of the high-throughput interactions are biologically 
relevant. Assessing the quality of protein–protein 
interactions and designing a more effective and fault- 
tolerant approach are highly desirable. 

In this paper, we propose a weighted network- 
based method to predict protein complexes from PPI 
networks. We first reconstructed a weighted PPI 
network, where edges are assigned existence prob-
abilities and unreliable edges and vertices are re-
moved. In WN-PC, the aggregation coefficient, not 
density, is the key criterion to measure whether a 
subgraph can be represented as a candidate complex. 
The sample degree is used to decide whether an  
attachment protein can be bound to a candidate  
complex. 

Experiments showed that WN-PC has higher 
accuracy, more significant biological relevance, and 
stronger robustness than other algorithms for large- 
scale PPI networks with noise. The experimental 
results also demonstrated that taking into account the 
reliability of interactions can effectively reduce the 
negative effects of false-positive interactions for 
complex prediction. 

Table 3  MS and CR values of various methods using 
BioGRID data 

MS CR 
Algorithm 

Core set Full set Core set Full set

WN-PC 138 175 0.77 0.77 

ClusterONE 86 108 0.71 0.59 

MCODE 137 266 0.46 0.42 

MCL 3454 5424 0.88 0.99 

COACH 504 552 0.84 0.88 

CMC 10 4293 0.32 0.98 

MS is the number of proteins in the maximal complex predicted by 
each algorithm and CR is the coverage rate 

Fig. 6  F-measures of various methods using BioGRID data
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