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Abstract

Background

Identifying protein complexes from protein—protein interaction (PPI) networks is a crucial task,
and many related algorithms have been developed to solve this issue. These algorithms usually
consider a node’s direct neighbors and ignore resource allocation and second-order neighbors.
The effective use of such information is crucial to protein complex detection.

Results

To overcome this deficiency, this paper proposes a new protein complex identification method
based on node-local topological properties and gene expression information on a new weighted
PPI network, named NLPGE-WPN (joint node-local topological properties and gene expression
information on weighted PPI network). First, based on the resource allocation of the PPI network
and gene expression, a new weight metric is designed to describe the interaction between
proteins. Second, our method constructs a series of dense complex cores based on density and
network diameter constraints; the final complexes are recognized by expanding the second-order
neighbor nodes of core complexes. Experimental results demonstrate that this algorithm has
improved the performances of precision and f-measure, which is more valid in identifying
protein complexes.

Conclusions

This identification method is simple and can accurately identify more complexes by integrating
node-local properties and gene expression on PPI weighted networks.

Keywords: protein complex, protein-protein interaction (PPI), node local properties ,weighted

graph construction.

E-mail:yuyangsd1204@126.com



Background

Proteins are the basis of biological activities, and their functions are generally expressed by the
interactions between proteins [1]. In organisms, protein-protein interaction (PPI) networks
consist of proteins and protein interactions. PPI networks provide an elegant means for
expressing gene regulation and metabolic pathways in complex biological systems [2]. Protein
complexes are the locally dense regions of PPI networks and possess graph-like structures in
which a node represents a protein and an edge represents interaction between two proteins[3].
Complexes take part in many diverse biochemical activities that are fundamental to all kinds of
functions, such as cell homeostasis, cell cycle control, growth, and proliferation. Moreover,
specific functional modules usually are related to certain diseases.

Although great progress has been made in identifying protein complexes, laboratory-based
methods are expensive, ineffective and sometimes even infeasible, and only parts of protein
complexes are located. In addition, experiments in the laboratory are often incomplete because of
the constraints of experimental conditions. As it is necessary to overcome the lacking of
laboratory-based methods, a large number of computational algorithms have been designed as
alternative methods to identify protein clusters, such as density-based clustering [4-6],
hierarchical clustering [7,8], partition-based clustering [9,10], flow simulation-based clustering
[11-13] and other methods [14-21]. In order to combine multiple information and mine more
biological complexes, the source of additional biological information has recently been used to
locate protein complexes in PPI networks [22-24].In fact, edges or vertices often contain some
important potential information in PPI networks. Most scholars consider the definition of the
weight of the edges in the network based solely on the topology, or only consider the realistic

edge weights in the network for community discovery. How to employ and combine the
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biological edge weight with the network topology as the base of the community discovery
algorithm, thereby finding more overlapping complexes in the PPI network, is a topic worthy of
further study.

Although the mining of protein complexes based on PPI networks has achieved some results,
how to reasonably integrate PPI node data and gene expression biological information to
construct weighted graphs, and how to define effective detection methods to identify complexes
from the weighted network still need further study. In addition, only direct neighbors are applied
to PPI network clustering problems, which is not sufficient. Aiming at a solution for the above-
mentioned problems, a new graph clustering algorithm (called NLPGE-WPN) is proposed for
protein complex detection on a new weighted graph and core-attachment structure. First, based
on the resource allocation and gene expression of the PPI network, a new weight metric is
designed to accurately describe the interaction between proteins. Then our method constructs a
series of dense complex cores based on density and network diameter constraints; the final
complexes are recognized by expanding the second-order neighbors of nodes in core complexes.
This identification method is simple and can accurately identify more complexes. Experimental
results demonstrate that this algorithm has improved performance in terms of precision and the f-

measure, more effectively identifying protein complexes.

RESULTS

Datasets

CYC2008 [29] and MIPS [30] are used as benchmark complex datasets to assess the

performance of different methods, and protein complexes with sizes longer than 3 are used. The



PPI data of S.cerevisiae is from DIP [31]. GSE3431 dataset [32] is employed in our paper, which

records the data of 36 time points during three successive metabolic cycles.

Evaluation Criteria

In this section, the measure of matching rule is presented to assess how well a located cluster
matches a real complex. Given a set of real protein complexes R={R,R,,...,R } and a set of
identified clusters P={B,P,,...,P,}, a identified protein cluster P, is supposed to match a real
protein complex R;if @ value is not less than 0.2. In order to evaluate the performance among
the different methods, recall, precision and f-measure [33] are utilized as follows.
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Here, |C | is the number of common proteins in the interaction set between a located cluster P,

and a real complex R;. |E| and ‘R j‘ are the numbers of proteins in £, and R, , respectively.
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Comparison With Other Methods

To assess the performance of our proposed algorithm,we compare our algorithm with MCODE

[6], CFinder [34], ClusterONE [17], MCL [35], L [7] and PEWCC [36] in terms of precision,

recall and f-measure in the DIP PPI network.



From Fig.1, it is observed that both the precision value and the f-measure value are higher than
other methods when the a parameter value is set to 0.3 on data set CYC2008. The recall values
of L and PEWCC algorithms are superior to our method, which are 0.615 and 0.696,
respectively. From Fig 2, our method can achieve the best f-measure value among seven methods
and the recall value is higher than CFinder, MCODE,MCL,L,ClusterONE except L and PEWCC.
Through comparison and analysis, we found that MCODE, CFinder, ClusterONE and L only
employ the topological features of a single network for protein complex identification, so
relatively few indicators can be selected and employed in complex detection and influence the
performance of protein complexes identification. The NLPGE-WPN algorithm proposed in this
paper combines PPI network local nodes characteristics and gene expression data to solve
overlapping protein complex discovery problems. Furthermore, experimental results show the f-
measure value of our method is higher than other typical algorithms’ f-measure value. It

indicates that the performance of NLPGE-WPN algorithm is optimal.
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Assessment of the Importance for Key Parameter o on Clustering Performance

By evaluating the importance of key parameters, we can more intuitively observe the influence
of a certain parameter on the experimental results, and it is helpful to understand the advantages
and disadvantages of the algorithm and enhance it.

The critical parameter « in our method is mainly employed to show the effectiveness of
information fusion from local neighbors and gene expression information and to affect the
detection results of protein complexes. The value range of the parameter a is [0,0.9]. This
experiment investigates the effects of different values from 0.1 to 0.9 at intervals of 0.1 on
complex detection performance. Using f-measure as our experimental evaluation criterion, the
performances of the key parameter are evaluated as shown in the Fig.3. It can be seen that when
the critical parameter « is greater than or equal to 0.3, the f-measure tends to stable. In this

article, we take a =0.3.

T
—=—(CYC2008
MIPS

0.5 4

044 1

the percentage of f-measure

0.3 T T T T T T T
0.1 02 03 04 05 06 07 08 09

different a

o

Fig .3 The influence of key parameters “ on experimental results of f-measure

Robustness to the Different Thresholds (t)

In order to illustrate the comprehensive performance of NLPGE-WPN, we demonstrate f-

measure performances with nine thresholds t={0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9} among
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different methods in Fig.4. Fig.4(a) shows the f-measure performances on the CYC2008
benchmark dataset with other six methods.It can be inferred that NLPGE-WPN performs better
than CFinder, MCODE,MCL,L, ClusterONE and PEWCC. Similar results can also be inferred on
the MIPS benchmark in Fig.4(b). By reaching an average level of recall and precision, our
method can get better performance from the PPI network to detect protein complexes on both
complex data sets. This further demonstrates the effectiveness of the fusion information from

local node and gene expression data.
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Functional Analysis

For the protein complexes identified by the NLPGE-WPN algorithm, we must measure not only
the effectiveness of the algorithm in terms of quantity, but also qualitatively. We analyze the
biological significance of the identified protein complexes. Real protein complexes often present
high functional homogeneity, so the function enrichment test is employed to demonstrate in our
paper the biological significances of detected protein complexes. P-value is the statistical
significance of the occurrence of a complex if the p-value is less than 0.01. The functional

homogeneity of a located cluster is usually the smallest p-value over all the possible functional



clusters. We present some examples of predicted complexes from CYC2008 dataset in Table 1
with their p-values. Moreover, the function of unknown proteins from the located clusters can be
predicted because of proteins in the same complex with the same function. Based on this
observation, it is useful to infer the type of protein function. As shown in Fig. 5, the complex
with size 7 1s predicted in our experiment and 6 proteins are treated as tRNA wobble uridine
modification. It can be inferred that an uncharacterized protein YOR151C can have the same
function as tRNA wobble uridine modification. It also proves that node YOR151C and node
YLR384C have no common neighbors, but YORI51C still can transmit information to
YGR200C, YPL101W, YPLO86C, YHR187W and YMR312W via node YLR384C. It further

shows the importance of the use of RA.

Table 1 Located protein complexes and their p-values

Gene name p-values Main functional group

YGL112C  YBRI198C  YGR274C
YER148W YDR448W YDRI167TW histone acetylation
YMR236W YDR176W 2.05e-12

YOL021C  YORO076C  YDLI111C

YGR095C YNLI189W  YNL232W | 4.96e-25 nuclear-transcribed mRNAcatabolic process,
YGR195W  YGRI58C YHRO069C exonucleolytic, 3 '-5'
YDR280W YCRO035C

YDR473C  YMR213W  YLR147C
YLR117C  YHR165C  YKL173W | 1.30e-20
YER172C  YJR022W  YGRO9IW
YBRO55C YLR438C-A YPR178W

mRNA splicing, via spliceosome

YFLOO9W  YJR033C  YDR328C | 6.13e-08 SCF-dependent proteasomal ubiquitin-
YDL132W YOL133W YDR202C dependent protein catabolic process

YHRO52W  YPL043W  YNLO61W
YORO061W  YGRO9OW  YILO35C

YGR103W  YORO39W  YPRO16C | 1.36e-08 rRNA processing

YGLO19W  YHRO66W  YNL132W

YMRO049C YJL069C

YGL127C  YOL135C  YERO022W

YBL093C  YGR104C  YHRO058C 6.09-14 positive regulation of transcription by RNA
YDL0O0OSC  YBRI193C  YPLO42C | ™ polymerase 11

YHR041C  YBR253W  YOLOS1W

YPL248C
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YPRO72W  YCRO93W  YDL165W
YNRO52C  YERO68W  YALO2IC
YNL288W YIL038C YDR443C

3.69e-15 regulation of transcription elongation from RNA
polymerase II promoter

Fig.5 One example of predicted complex

Conclusions

The identification of protein complexes is important for discovering and understanding the
cellular organizations and biological processes in PPI networks. In this paper a new approach
named NLPGE-WPN is proposed for identifying protein complexes in protein-protein interaction
networks. Based on the resource allocation and gene expression of the PPI network, we first
design a new weight metric to accurately describe the interaction between proteins. Our method
then constructs a series of dense complex cores based on density and network diameter
constraints, and the final complexes are recognized by expanding the second-order neighbors of
nodes in core complexes. This identification method is simple and can accurately identify more
complexes. Experimental results demonstrate that this algorithm has improved performance as to

precision and f-measure, making it valuable in identifying protein complexes. We hope our

work may help the bioinformatics researcher to find more undiscovered protein complexes.


http://amigo.geneontology.org/amigo/term/GO:0034243
http://amigo.geneontology.org/amigo/term/GO:0034243

Methods

Protein complex detection with a computational approach from PPI data is useful as a
supplement to the limited experimental methods. Besides the enhancement in graph clustering
techniques, successful and accurate protein complex prediction also depends on the construction
of weighted graphs. The noise of the protein interaction data is still an important factor to
influence the performance of computational methods. Therefore, evaluating the reliability of
protein interactions is essential. In this section, we introduce a novel method based on resource
allocation and gene expression in weighted PPI networks (called NLPGE-WPN) which has two
main steps. First, a new method is proposed to evaluate the reliability of the protein interaction
data considering the common neighbor information and gene expression profiles and a new
weighted graph is constructed. Second, protein complexes are detected based on core-attachment
method in this new weighted graph. The workflow of our method is shown in Fig.6.

/ Protein /

/ .
/ Interactions /

o

PPI Network / Expression /
data

v v

Weighted Graph Pearson’s
Construction Based Correlation
on Resource Coefficients of
Allocation Expression levels

v v

‘ Protein Interaction Graph Construction ‘

v

‘ NLPGE-WPN For Complex Detection ‘

Fig.6. The workflow of our method
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Assessing the Reliability of Protein Interaction

In this section, we design a new method to measure the reliability of protein pairs. To represent a

PPI network, a 3-element tuple G = (V, E,W) is employed, where V =(V,)(1<i< N) is a set of
N proteins, and E={e;} is the set of PPI edges whose value is M. For each pair of nodes,
i, j€V and the edge ¢, is assigned a score as w, . Prompted by the reference [25], we introduce

a resource allocation index, RA, to measure the similarity of interaction proteins. The concept of
community structure shows that if two nodes have more than one common neighbor, then the
relationship between them is close, and naturally they are more likely to belong to the same
community. Similarity quantity can be used to evaluate the similarity between two nodes in a
network. Therefore, a weighted graph based on resource allocation (WRA) is used in this paper

to evaluate the weighted edge between them.

Fig.7. Sample network

Taking Fig.7 as an example, there is an edge between node 1 and node 2 and no common
neighbors between them, but ¢,, is an important bridge for information transmission between
node group{6, 7} and node group{3, 4, 5}. Simply, it is assumed that each transmitter carries a
unit of resource, and will equally deliver it among all its neighbors. Based on this, we introduce

the similarity [26] of two nodes in Equation (5). We can consider i and j, which are not directly
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connected, but the node i still can transmit the information to node j with their common
neighbors. WRA measures require only the information of the nearest neighbors which therefore

have very low computational complexity. N (i) is the neighbors of node i and N(j) is the

neighbors of node j.

1
WRA, = 5
RA ueN(z;N(j)N(u) ©®)
W, ={WRA,} (©6)

Pearson’s Correlation of Expression Levels

It is found that co-expression genes tend to encode interacting proteins [27]. For interacting
protein pair p and g, Pearson’s correlation coefficient of expression levels(PCC) is calculated. A
higher correlation suggests a higher confidence in their interaction. PCC is generally used to
measure the strength of the linear relationship between two variables and is also commonly used

to measure the linear relationship between two sets of gene expression values. Suppose there are

two columns of gene expression profiles X=(x,,.., x,) and Y=(y,,...,y,). The PCC calculation

formula is defined in Equation (7)

pCC 2 D (=X -Y) )

B TR S s

w,={pcc, ®)

where X denotes the average value of the expression value of gene X at 36 different times and y

denotes the average value of the expression value of gene Y at 36 different times. In our study,
we will calculate the value between each pair of interacting proteins as part of the weighted

value.

12



Weighted Graph Construction

In this part, we will first describe how to compute the weighted value by combining gene
expression information (GEI) based on PCC and RA information between two interaction
proteins. A new weighted construction formula is proposed in Equation (9).

W =aW, +(1-a)W, 9)

PCC represents pearson correlation coefficient and WRA for weighted graph construction,
respectively. The value range of constanta is [0,1]. When « =1, the weighted method only
considers RA information. When a =0, the weighted method only considers gene expression
information. According to GBA principle (i.e. genes with similar expression spectrums have
similar biological functions) [28] and the definition of RA, the weighting method of Equation (9)
can better measure the differential importance of interaction in protein networks so as to improve
the reliability of protein network as a whole. Next, we use Equation (9) to construct a new

protein weighted network.

Detecting Protein Complexes in Weighted Graphs

The proposed algorithm, NLPGE-WPN, consists of two phases: weighted graph construction and
core-attachment protein complex detection based on second-order neighbors. In the weighted
graph construction phase, gene expression information and common neighbor information are

integrated. A detailed description of the algorithm is outlined in Algorithm 1. Line 1 is for

constructing the weighted network W,, with the given PPI dataset. Line 2 is for constructing the

weighted network W, with the gene expression data. Line 3 is for constructing the new weighted

graph W based on W, and W_, and the protein interaction confidence is the sum of the weights
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of variable W, and variableW, . Lines 4-5 are for identifying core clusters. Line 6 is for enlarging

core clusters via second-order neighbors.

Algorithm 1. Prediction of Protein Complexes

Input: The PPI network G=(V,E)

PPI: protein-protein interaction network
GE: gene expression data; parameter: «
Output: Detected protein complexes(DP)

Description:

1. Construct weighted graph WN based on RA using Equation (5).
2. Construct weighted graph VVp based on PCC using Equation (7).

3. Construct final weighted graph W' using Equation (9).
4. Forming nodes set Q according to the descending degree of node in G.

5. Take every node in Q as an initial cluster forming core complex set C:{Cl, C,.u.. s, C } by

density and diameter.

6. Enlarge the core complexes based on second order neighbors and form final complex set

P ={IB, IPy..... IP.).

(1) Density: The degree of a node V is the sum of the weights for each edge connecting to this

node. Density in the weighted subgraph G=(V, E) is defined in (6). |N| is the number of nodes

in G and w(e) is the weight of the edge e in G.

m= Z w(e)

e= (i, j)eE

2*m

density(G) = —————
ensity(G) (|N|*(|N|—1))

(10)

(2) Network Diameter: Diameter is the shortest path in a cluster.
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Availability of data and materials

The datasets analyzed during the current study are available from the corresponding author on

reasonable request.
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The workflow of our method
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