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gene expression data, sequenced genomes data and biomedical
literature. Firstly, we used these biomedical resources data to
construct attributed PPI networks, in which node attributes
represented the GO annotations of the protein node and edge
attributes represented the type of associations between two
protein nodes. The attributed PPI networks integrated from
multiple biomedical resources offer two unique advantages: (i)
various types of evidence are mapped onto a single, stable set
of proteins, thereby facilitating comparative analysis; (ii)
different types of associations can partially complement each
other, leading to increased coverage. We then proposed IMBP
algorithm for protein complex prediction based on attributed
PPI networks. IMBP can predict protein complexes based on
both the dense topological structure and GO annotation
similarity of attributed PPI networks. Particularly, IMBP can
distinguish the degree of contributions between the different
types of biomedical resources for complex prediction task.
Finally, we showed that IMBP was competitive or superior in
performance, compared with the state-of-the-art methods.
The rest of paper is organized as follows: In Section II, we
describe the IMBP approach in details. We investigate the
performance of the IMBP approach on different yeast PPI
datasets in Section III. Finally, we conclude and present our
future plan in Section IV.

Abstract—Prediction of protein complexes from proteinprotein interaction (PPI) networks is crucial to unraveling the
principles of cellular organization. Most existing approaches only
exploit high-throughput experimental PPI data to predict protein
complexes. In this paper, we integrate the multiple biomedical
resources for protein complex prediction by constructing
attributed PPI networks, which include high-throughput data,
co-expression data, genomic data, text mining data and gene
ontology data. Multiple biomedical resources are complementary
in attributed PPI networks. We propose a novel approach called
IMBP based on attributed PPI networks. IMBP can effectively
learn the degree of contributions of different biomedical resource
for complex prediction. The experimental results show that
IMBP can make good use of multiple biomedical data and
achieve state-of-the-art performance.
Keywords—protein complex prediction; multiple biomedical
resources; attributed networks; gene ontolgy

Introduction

I.
In the post-genome era, a key task of systems biology is to
cluster proteins, and their interactions into protein complexes
which can help us understand certain biological processes and
predict the proteins functions [1]. Most proteins seem to be
functional only after they are assembled into a protein
complex and interact with other proteins in this complex.
High-throughput experimental technologies such as yeasttwo-hybrid and mass spectrometry, along with computational
predictions, have detected huge amount of protein-protein
interaction (PPI) data for numerous organisms [2]. These data
can be represented as undirected graphs, in which nodes
represent proteins and edges represent interactions between
pairs of proteins. There have emerged a series of
computational methods to detect protein complexes in PPI
networks, including MCODE [3], CMC [4], COACH[5] and
ClusterONE [6].
To enhance the quality of predicted complex, additional
biomedical resources, such as gene expression data and gene
ontology (GO), have been applied to protein complex
prediction. For example, Feng et al. [7] used microarray data
to weight PPI networks, which could better represent the
actual interaction networks than the initial binary PPI
networks. Besides, sequenced genomes data and a large
amount of biomedical literature also contain valuable
information for protein complex prediction. However, few
studies have exploited such biomedical resources in detecting
protein complex.
In this paper, we seek to integrate multiple biomedical
resources to improve protein complex prediction. These
resources include high-throughput experimental PPI data, GO,
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II.
A. Biomedical Resources
Most of studies only make use of PPI data from highthroughput experiments to detect protein complexes. However,
these PPI data often have a high false positive rate and an even
higher false negative rate. Further improvements for complex
prediction can be obtained by integrating other biological
evidences with high-throughput PPI data.
GO is currently one of the most comprehensive and wellcurated ontology databases in the bioinformatics community.
GO provides GO terms and GO slims to describe gene product
characteristics. Due to the similar biological properties of
protein complex, GO are valuable biological evidences to
high-throughput PPI data for protein complex prediction.
Since proteins which interact with each other are likely to
exhibit similar gene-expression profiles, gene expression data
have been widely exploited to annotate protein functions and
predict novel PPI. Similarly, sequenced genomes data can be
used to predict novel interactions between proteins based on
systematic genome comparisons. In addition, published
biomedical literature are another important source of PPI data.
In this study, we concentrate on protein complex prediction
task. Therefore, we import the PPI data of co-expression type,
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genomic type and text mining type from STRING which is
one of the largest databases of known and predicted protein
interactions [8].

type).

Given the set of ontology slim attributes Av , we define an
attribute set S as a subset of Av ( S ⊆ Av ) . Moreover, we
denote by V ( S ) ⊆ V the vertex set induced by S (i.e.,

B. Construction of Attributed PPI Networks
We define an attributed PPI network as a 6-tuple
G = (V , E , Av, Ae, Fv , Fe) where V is the set of protein vertices,
E is the set of PPIs. Av = {GS1 , GS 2 , ...GS n } is the set of GO
slim attributes for protein vertices, and Fv is a function that
returns the set of GO slim attributes of a protein vertex. Each
protein vertex pi in V has a set of GO slim
attributes Fv ( pi ) = {GSi1, GSi 2,..., GSim} , where m = Fv( pi ) and
Fv ( pi ) ⊆ Av . Likewise, Ae = {T1 , T2 , ...Ts } is the set of type
attributes for PPIs, and Fe is a function that returns the set of type
attributes of a PPI. Each PPI ei in E has set of type
attributes Fe ( ei ) = {Ti1, Ti 2,..., Tir} , where
r = Fe(ei) ,
Fe(ei) ≠ ∅ and Fe(ei ) ⊆ Ae . In this study, the type attributes of
PPIs include high-throughput type, co-expression type, genomic
type and text mining type, namely, Ae = {T1 , T2 , T3 , T4 } .
(a)

Protein
p1
p2
p3
p4
p5
p6
p7
p8
p9
p10

(b)

PPI
e1
e2
e3
e4
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GS1
GS1,GS2
GS1,GS2
GS1,GS2
GS1,GS2,GS3
GS1,GS3
GS1
GS1,GS3
GS2,GS3
GS2,GS4

induced by S (i.e., E(S ) = {( pi , p j ) ∈ E pi , p j ∈V (S )} ). The
subgraph G ( S ) , induced by S , is the pair (V ( S ), E ( S )) . Fig.
1c is the subgraph induced by the attribute set {GS1 , GS 2 } .
C. Ontology Correlated Cliques
Definition 1 (Ontology correlated clique) Given a protein
vertex set C and an edge set Ec in the induced subgraph
an
G ( S )(C ⊆ V ( S ), Ec = {( pi , p j ) ∈ E ( S ) pi , p j ∈ C}) ,
ontology correlated clique is a pair ((C , Ec ), S ) , such that for
each protein vertex pi in C , the degree of pi is C − 1 . S is the
common ontology attribute set of C .
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T1,T3,T4
T1,T2
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e6

p4
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Fig. 2. Illustration examples of ontology correlated cliques.

Given an attributed PPI network, we can mine many
Ontology correlated cliques with different common ontology
attribute sets. Figure 2 shows three ontology correlated cliques
of the attributed PPI networks in Fig. 1.
Definition 2 (Structural correlated function η ) Given an
ontology slim attribute set S , the structural correlation of S ,
η ( S ) , is given as:
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V ( S ) = { pi ∈ V S ⊆ Fv ( pi )} ) and by E ( S ) ⊆ E the edge set

η (S ) =

e6

KS
V (S )

(1)

where KS is the set of vertices in ontology correlated cliques
in G( S ) . We only considered the cliques whose size is no less
than 3.
Structural correlation function was proposed in the recent
study [9]. We can use this function to measure the dependence
between ontology attribute set S and the density of the
associated vertices. In other words, it indicates how likely S
is to be part of cliques. Therefore, the larger structural
correlation function η ( S ) gets, the more valuable ontology
attribute
set
is.
Given
an
attributed
S
graph G = (V , E , Av , Ae, Fv , Fe ) , the density of G , density (G ) ,
is given as:

p4

Fig.1. Illustration example of attributed PPI networks: (a) GO
slim attributes of protein vertices and type attributes of PPIs.
T1: high-throughput type; T2: co-expression type; T3: genomic
type; T4: text mining type. (b) An attributed PPI networks. (c)
The subgraphs induced by {GS1,GS2}.
Figure 1 shows an example of an attributed PPI network
where the GO slim attributes of protein vertices and type
attributes of PPIs are given in Fig. 1a. It can be seen that each
protein vertex has a GO slim attribute set and each edge has a
type attribute set. For instance, p1 has one GO slim attribute
“GS1”, and e3 has three type attributes including “T1” (highthroughput type),”T2”(co-expression type) and “T4”(text mining
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density ( G ) =

2 • ¦ e i∈E ¦ T j∈F e ( e i ) w j
V

•

E. The IMBP Algorithm
(2)

V −1

where wj is the weight of the Tj type attribute and
wj is the weight of the edge ei .

¦T ∈F (e )
j

e

i

In general, different type attribute evidences have different
importance for protein complex prediction task. To model the
degree of contributions of type attribute evidences, we assign
a weight to each type attribute. In the equation (2), wj denotes
the weight of contribution of Tj type attribute evidences.
Moreover, the edges of attributed networks may have different
weights due to their different type attributes.
Then we define the clique score for ontology correlated
clique ((C , Ec ), S ) as follows:

C _ Score((C, Ec), S) =η(S) • C • S • density(C, Ec)

score of

P_ Score((Pi , Si ),((Cj , Ecj), Sj )) =

D. Weight Mechanism
We design an automatically method to learn the different
weight for each type attribute of PPIs.
Firstly, we construct attributed PPI networks with GO
slims annotations and each type PPI data in turn. The
attributed PPI networks only have one type PPIs, and we set
w1 = w2 = w3 = w4 =0.25. Secondly, we use the cliques
mining algorithm [10] to enumerate all maximal cliques with
size no less than 3 from initial attributed PPI networks
constructed with one type PPI data such as high-throughput
type, and calculate the ontology attribute set for each maximal
clique. All maximal ontology correlated cliques make up the
candidate clique set Candidate . The maximal ontology
correlated cliques generally overlap with each other. Thirdly,
we use the same method as CMC [4] to generate the seed
clique set Seed where the seed cliques are non-overlapping.
We define the contribution degree of Ti type attribute,
C _ Degree(Ti ) , as follows:
i

ci

i

i

Ti

ETi

ci

i •

Eci

C _ Degree(Ti )

¦ i=1 C _ Degree(Ti)
s

((C j , Ecj ), S j ) is defined as

Si ∩Sj
Sj +1

•

¦e E ¦T∈F (e )w
l∈ p

k

e l

k

(6)

Cj

where E p is the set of the edges between Pi and ((C j , Ecj ), S j ) .
If the P _ Score(( Pi , Si ),(C j , S j )) ≥ extend _ thres , then Pi is
added to the seed clique ((C j , Ecj ), S j ) . Thus the final
predicted complexes will be generated by adding the close
neighbor proteins to the seed cliques. After preliminary
experiments, we set extend _ thres = 0.2 .
III.

Experimental results

A. Datasets and Evaluation Metrics
The high-throughput PPI dataset used in our experiment is
Gavin dataset [11]. The PPI data of co-expression type,
genomic type and text mining type are imported from
STRING database [8]. Besides, the GO slim data are
downloaded
from
http://www.yeastgenome.org.
The
benchmark complex dataset is CYC2008 [12].
To keep our evaluation metrics as the same as the most
studies, we chose the precision, recall and F-score as the major
evaluate measures. In addition, we also reported accuracy
(Acc) in our experiments.
In our experiments, we constructed the attributed PPI
networks with Gavin high-throughput dataset, STRING data
and GO slim data.

(4)

where SeedTi denotes the seed clique set generated from the
attributed PPI networks constructed with Ti type PPIs and
ETi is edge set of Ti type PPIs. The weight of Ti type
attribute, wi , in the whole attributed PPI networks is

wi =

Pi with respect to

follows:

(3)

¦((C , E ), S )∈Seed C_ Score((C , E ), S )

Pi ∉ C j . The closeness

seed clique ((C j , Ecj ), S j ) , where

where S is the common ontology attribute set of C .

C _ Degree(Ti) =

The IMBP algorithm broadly consists of two phases. In the
first phase, IMBP constructs attributed PPI networks with GO
slims annotations and each type PPI data alone, and learns the
weight of contribution for each type PPIs in turn. In the
second phase, IMBP uses the whole attributed PPI networks
and the weights of the PPI attributes to predict the protein
complexes. Firstly, IMBP generates the seed clique set
Seed from the whole attributed PPI networks using the same
method as in the first phase. Then IMBP augments the seed
cliques by including the close neighbor protein vertex one by
one. IMBP uses the closeness score to measure how closely a
protein vertex Pi with ontology attribute set Si is connected to a

B. The Contributions of Different Biomedical Data
In this experiment, we evaluated the contributions of
different biomedical data including high-throughput type data,
co-expression type data, genomic type data and text mining
type data. IMBP can automatically learn the weights for each
type attribute of PPI data in order to distinguish the different
contributions of each biomedical data for protein complex
prediction task. The statistics of the contributions of different
biomedical data was listed in Table 1. The text mining type

(5)
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attribute contributed the largest weight 0.43 and the coexpression type attribute contributed the smallest weight 0.09.
Furthermore, we performed IMBP on the attributed PPI
networks constructed with each type biomedical data and GO
slim data. The experimental results were listed in Table 2. It
could be seen that even if the high-throughput data and text
mining data were used independently, they achieved high Fscore on the attributed PPI networks. We also noticed that the
weight mechanism significantly improved the performance of
IMBP on the attributed PPI networks. Moreover, the
experimental results indicated that IMBP made good use of
multiple biomedical resources, and achieve better performance
than only used separate biomedical resource.

IV. Conclusion
We constructed attributed PPI networks with multiple
biomedical resources, in which multiple biomedical data were
complementary. Then, we developed a clustering algorithm,
IMBP, to predict protein complexes on the attributed PPI
networks, which was capable of taking into account the local
density of networks, as well as the similarity of GO annotations.
It was encouraging to see that IMBP achieved the state-of-theart performance.
We had to point out the state-of-the-art performance of
IMBP was based on high quality GO annotation. As a future
study, we will study how to exploit other biomedical resource
to improve protein prediction, when no high quality GO
annotation is available.

TABLE 1

The contributions of different biomedical data for protein
complex prediction. Extend_thres is set 0.2.
Attributed
PPI
Networks

Highthroughput

Coexpression

PPIs

6351

Weight

0.22

Genom

Text
Mining

12490

103

2086

0.09

0.26

0.43
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The performance comparison on different biomedical data.
“Weight” denotes that the IMBP performs on the whole
attributed PPI networks using weight mechanism.
Biomedical
data
Highthroughput
Attributed
PPI Networks

P

R

F

Acc

0.615

0.262

0.368

0.463

Co-expression

0.324

0.022

0.041

0.205

Genom

0.571

0.017

0.033

0.11

Text Mining

0.702

0.248

0.366

0.4

Weight

0.687

0.343

0.457

0.525

C. Comparison of IMBP with Other Methods
In this experiment, we compared IMBP with the state-ofthe-art methods: Cluster ONE [6], COACH [5], CMC [4], and
MCODE [3]. The results were listed in Table 3.
As shown in Table 3, IMBP achieved an F-score of 0.457,
which was significantly superior to the other methods. Cluster
ONE achieved the highest Acc of 0.534. MCODE achieved the
highest precision of 0.739 and the lowest recall of 0.154.
Overall, IMBP integrated multiple biomedical resources by
constructing attributed PPI networks, and achieved state-of-theart performance.
TABLE 3

Performance comparison with other approaches. The highest
value in each row is in bold. Extend_thres is set 0.2 for IMBP.
PPI Networks
Attributed PPI
Networks

Gavin PPI Networks

Methods

P

R

F

Acc

IMBP

0.687

0.343

0.457

0.525

Cluster
ONE

0.568

0.331

0.418

0.534

COACH

0.525

0.333

0.406

0.49

CMC

0.608

0.218

0.321

0.474

MCODE

0.739

0.154

0.255

0.384
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