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Abstract. Essential proteins are indispensable in maintaining the cel-
lular life. Identification of essential proteins can provide basis for drug
target design, disease treatment as well as synthetic biology minimal
genome. However, it is still time-consuming and expensive to identify
essential protein based on experimental approaches. With the develop-
ment of high-throughput experimental techniques in the post-genome
era, a large number of PPI data and gene expression data can be ob-
tained, which provide an unprecedented opportunity to study essential
proteins at the network level. So far, many network topological meth-
ods have been proposed to identify the essential proteins. In this paper,
we propose a new method, United complex Centrality(UC), to identify
essential proteins by integrating protein complexes information and topo-
logical features of PPI network. By analysis of the relationship between
protein complexes and essential proteins, we find that proteins appeared
in multiple complexes are more inclined to be essential compared to these
only appeared in a single complex. The experiment results show that pro-
tein complex information can help identify the essential proteins more
accurate. Our method UC is obviously better than traditional centrality
methods(DC, IC, EC, SC, BC, CC, NC) for identifying essential pro-
teins. In addition, even compared with Harmonic Centricity which also
used protein complexes information, it still has a great advantage.

Keywords: essential proteins, PPI network, protein complexes, tradi-
tional centrality methods.

1 Introduction

Essential proteins are the proteins that play an irreplaceable role in the cellular
life, they are closely related to survival and reproduction of the organism[1-3].
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Removal of any one of essential proteins leads to a fatal defect on an organ-
ism[4,5].Compared with non-essential proteins, essential proteins tend to be more
conservative in biological evolution[6-8], so that they are not easy to change.
Meanwhile, it is proved that essential proteins are often disease genes in the
human body cell[9,10]. Thus, the identification of essential proteins in lower or-
ganisms is of great importance to finding disease genes and drug targets. At the
same time, it has important applications in disease diagnosis and drug design,
etc.

Recent years, many researchers concerned more about the connections between
topological properties in PPI networks and essential proteins[11-18]. Highly con-
nected center nodes(hubs) in PPI networks are often the essential proteins, that
is so-called centrality-lethality rule. After that, researchers successively proposed
a series of centrality methods. For examples:Degree Centrality (DC)[19-21], Be-
tweenness Centrality (BC)[22,23], Closeness Centrality (CC)[24], Subgraph Cen-
trality (SC)[25], Eigenvector Centrality(EC)[26], Information Centrality (IC)[27],
Neighborhood Centrality (NC)[28], Local Average Connectivity-based Method
(LAC)[29].These centralitymethods are used to predict essential proteins based on
topological features of PPI networks. Experimental analyses had shown that these
centrality methods are much more effective than choosing essential proteins ran-
domly. Specially, NC and LAC are better than six traditional centrality methods
(DC, BC, CC, SC, EC, IC).

However, merely using PPI to predict essential protein is far less, the PPI
data produced by current high throughput technology exists some false interac-
tions(false positive)[33], these will effect the accuracy of essential protein pre-
dicting. Thus, researches hope to integrate multi-information to help identify the
essential proteins more accurate[30-32,45]. Meanwhile, a large number of studies
have shown that there exists close relationship between protein complex and
essential proteins. Hart, etc.[34] pointed out that the essentiality is one of prop-
erties of protein complex. The essentiality of proteins are not merely decided
by a single protein, often by functional protein complex. Zotenko, etc[14] pro-
posed the concept of Essential Complex Biological Modules, a group of highly
connected function modules which have the same or similar biological functions.
They also consider that the reason why hub nodes are inclined to be essential
proteins is there exists a lot in essential complex modules, so they joined in more
biological functions.On this basis, Ren, etal.[45] introduced the information of
protein complex and proposed a new centrality measuring method of proteins
named Harmonic Centricity(HC).

In this paper, we propose a new method to identify essential proteins based
on information of protein complexes and topology features of PPI networks. We
first verify that proteins in complexes are more inclined to be essential proteins
and sort the proteins of PPI network into two parts: proteins in complexes and
proteins not in complexes. Secondly, after the classification, we analyze the pro-
teins in complexes and find that proteins appeared in multiple complexes are
more likely to be essential. So we classify the proteins of complexes into two
parts: proteins appeared in a single complex and proteins appeared in multiple
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complexes. Finally, we combine the classified proteins and the topology charac-
teristics of PPI network to identify the essential proteins. The results show that
this method can improve the prediction precision of essential proteins compared
with other centrality measures. Even compared to Harmonic Centricity which
also used protein complexes information, it still has a great advantage.

2 Materials and Methods

Materials

PPI Network: PPI network data of S.cerevisiae are downloaded from DIP
dataset[37], we call it as YDIP. It contains 4950 proteins and 21788 interactions.

Protein Complex: Protein complex datasets are obtained from MIPS 216[36],
MIPS 408[36], krogan[38], Gavin[39], Ho[40], the map of integrated dataset in
YDIP is named YC union. YC union contains 1208 complexes and 2572 proteins.
We only wiped out the same complexes when integrate YC union.

Essential Proteins: The essential proteins of S.cerevisiae are obtained from
the following databases:MIPS(Mammalian Protein-Protein Interaction Database)
[36], SGD(Saccharomyces Genome Database)[41], DEG(Database of Essential
Genes)[42] and SGDP(Saccharomyces Genome Deletion Project)[43]. A protein
in the yeast PPI network is considered as an essential protein if it can be matched
at least in one yeast essential database. Out of all the 4950 proteins in YDIP,
1151 proteins are essential, 3799 are non-essential if it can’t be marked in our
essential datasets.

Methods

Protein complex is the basis of executing biological procedure, which generates
all kinds of molecular mechanisms to executing a large number of biological func-
tions. Complexes consist of specific proteins which usually have constant struc-
tures and functions[35]. In order to investigate the connections between protein
complexes and essential proteins, we download the PPI network and complex in-
formation of S.cerevisiae, and list the number of proteins and essential proteins
in yeast PPI network and several complex datasets in Table 1. Among these,
PPI network is named YDIP. Different from usually that only concern the rela-
tionship between the single known complex and essential proteins, we integrate
five known complex datasets (MIPS 216, MIPS 408, krogan, Gavin, Ho) named
YC union. As shown in Table 1, only 23.3% of the 4950 proteins in YDIP are es-
sential proteins. While in the single protein complex datasets, the proportion of
essential proteins are 42.6%, 38.4%, 66.00%, 43.40%, 34.80%, respectively. And
out of the 2572 proteins in YC union, 35.2% proteins are essential proteins.

In order to investigate that whether there exists the relationship between
protein complexes and essential proteins or not, we divide all the proteins in
YDIP into two part: proteins in YC union and proteins not in YC union. We also
count the number and the proportion of their essential proteins. The results are
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Table 1. Numbers of proteins and essential proteins in PPI network and protein com-
plexes

dataset
Name

Number of
proteins

Number of
essential proteins

Ratio of essential
proteins

PPI network YDIP 4950 1151 23.30%

Protein complex

MIPS 216 1184 504 42.60%

MIPS 408 1835 711 38.70%

Krogan 247 163 66.00%

Gavin 1287 558 43.40%

Ho 1228 427 34.80%

Union complex YC union 2572 906 35.20%

YC union is a protein complex dataset which mapped in YDIP by integrating five
known protein complex datasets: MIPS 216, MIPS 408, krogan, Gavin, Ho.

Table 2. The proportion of essential proteins in YC union and not in YC union

proteins in YC union proteins not in YC union

Number of proteins 2572 2378

Number of essential proteins 906 245

Ratio of essential protein 35.2% 10.3%

shown as Table 2. From Table 2 we can see that among the 4950 proteins in YDIP,
the proportion of essential proteins in YC union is 35.2% and the proportion of
essential proteins not in YC union is only 10.3%. Obviously, proteins in protein
complexes are more likely to be essential.

It has been shown that many complexes exist a lot of overlapping part in
PPI networks. That is to say, some proteins may belong to multiple protein
complexes[36]. Obviously, if we wiped out these overlapping proteins, the pro-
tein complex will lost its function of this part. Thus, we divide the proteins in
YC union into two parts: proteins only appeared in one complex (overlap=1)
and proteins appeared in multiple complexes(overlap>1). Here, given a protein
u, its overlap denotes the number of complexes which protein u appeared in.
We also count the number and the proportion of their essential proteins. As
shown in Table 3, the proportion of essential proteins that appeared in multiple
complexes is 43.0%, and the proportion of essential proteins that only appeared
in one complex is 21.0%. Thus, essential proteins are more likely to appear in
overlapping part of complexes.

A PPI network is described as an undirected graph G = (V,E), which the
nodes represent proteins, the edge represents an interaction between proteins.
For an edge E(i, j) connecting node i and node j, we pay attention to how many



Identification of Essential Proteins 259

Table 3. The proportion of essential proteins that only appeared in one complex and
appeared in multiple complexes

Proteins only appeared
in one complex

Proteins appeared in
multiple complexes

Number of proteins 910 1662

Number of essential proteins 191 715

Ratio of essential protein 21.0% 43.0%

other nodes that adjoin both i and j[28]. The edge clustering coefficient of E(i, j)
can be defined by the following formula:

ECCij =
zi,j

min(ki − 1, kj − 1)
(1)

where, zi,j is the number of triangles that include the edge actually in the
network, ki and kj denotes the degree of node i and j, respectively, min(ki −
1, kj − 1) is the number of triangles in which the edge E(i, j) may possibly
participate at most.

Then we combine the complex overlapping information and ECC, propose a
new method to predict essential proteins, named UC(United complex Central-
ity). United complex centrality of protein i, UC(i), is defined as:

UC(i) =

n∑

j=1

(
o(j) + 1

O + 1
× ECCij

)
(2)

where o(j) is the overlap number of protein j which interacts with protein i
in YC union, O is the biggest number of complexes which protein appeared in,
ECCij is the edge clustering coefficient between protein i and protein j.

In the equation(2), if the number of complexes which protein appeared in is
higher, this edge is more like to be important. Considering that protein j which
interacts with protein i is not in YC union, O and o(j) should add 1 when we
count the UC value of protein i.

3 Experiments and Results

The Analysis of Essential Proteins in Complexes

In the method section, we count and analyze the proportion of essential pro-
teins in PPI network and known protein complexes, as well as the proportion
of essential proteins in YC union which is a union complex mapped from YDIP.
In order to further analyze the essentiality of proteins in complexes, we divide
the proteins in YC union which mapped from YDIP into 10 groups (overlap=1,
overlap=2...overlap=9 and overlap≥10). Then we calculate the proportion of
proteins and essential proteins in YC union for each group. From Fig 1, we can
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see the proportion of proteins in YC union is decreased, but the proportion of
essential proteins is increased. Especially, the proportion of essential proteins is
69.9% when overlap=8.When overlap=1, the proportion of proteins in YC union
reach the highest, but the proportion of essential proteins reach the lowest, only
21.0%. Apart from that, when overlap ≥10, the number of proteins is too low,
so we put them into one group. But the proportion of essential proteins are still
58.9%. In conclusion, the proteins in the complexes tend to be essential proteins,
especially the proteins whose overlapping times are higher.

Fig. 1. Analysis about the proportion of proteins and essential proteins in YC union
for each overlap

For complex YC union, we know it contains 2572 proteins and 906 essen-
tial proteins. In order to examine the relationship between YC union and the
essentiality of proteins is not random. We retain the size of every complex in
YC union and randomly choose proteins of YDIP to format new complex in 10
times. Then we calculate the proportion of essential proteins when proteins only
appeared in one complex and proteins appeared in multiple complexes. From
Fig 2, we can see that when proteins only appeared in one complex and proteins
appeared in multiple complexes, the proportion of essential proteins in random
complexes are all about 0.23. While the proportion is 0.43 in YC union when
proteins appeared in multiple complexes. This is higher than the case when pro-
teins only appeared in one complex, also higher than randomly tests. Thus, there
exists no random relationship between YC union and the essentiality of proteins.
Proteins are more likely to be essential proteins when they appeared in multiple
complexes.
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Fig. 2. The proportion of essential proteins when proteins only appeared in one com-
plex and proteins appeared in multiple complexes. MAX means the maximum pro-
portion of essential proteins in 10 times random complexes, AVG means the average
proportion of essential proteins in 10 times random complexes, MIN means the mini-
mum proportion of essential proteins in 10 times random complexes.

UC Compared with other Methods

In order to compare UC’s performance with other methods in the prediction of
essential proteins, we calculate the essentiality of every protein based on DC, IC,
EC, SC, BC, CC, NC, HC and UC. As similar with previous experimental pro-
cedures[40], We do descending order to all the proteins according to the value
and choose top 1%, 5%, 10%, 15%, 20%, 25% proteins as candidate essential
proteins for each method. Then we calculate how many essential candidates are
true essential proteins based on the above top percentage. As Fig 3 showed, UC
performs better than other methods from top 1% to 25%. In top 1%(the number
of proteins is 49), the true essential proteins number of every traditional central-
ity method is lower than 30, HC is also only 31. While the true essential proteins
number of UC is 40, the identify ratio is reaching 81.6%. Especially, when we
choose top 1% and 5% proteins as candidate essential proteins, the identifying
performance of UC all increased 85% compared with EC and SC. With the in-
crease of the number of the selected essential candidates, less improvement is
obtained by UC compared with EC and SC. But even choose top 25% proteins
as candidate essential proteins, the number of true essential proteins produced
by UC still increased over 30% compared with EC and SC. Besides, comparing
with the best result in above identifying measures from top 1% to top 25%, the
result of UC still has great advantage in any top percentage.
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Fig. 3. The number of true essential proteins by UC, HC, DC, IC, EC, SC, BC, CC
and NC when selecting the top 1%, top 5%, top 10%, top 15%, top 20%, top 25%
proteins

4 Conclusion and Discussion

The identification of essential proteins based on PPI network is always a heat
point in post-genome era, but the method usually concentrated on several prop-
erties of topology level, not that deeply in digging biological meaning and bio-
logical function. However, essential proteins are of great importance in biology
functions. It is necessary to combine biology information in the procedure of
essential proteins identifying. Previous research has shown that there are close
relationship between protein complexes and essential proteins[4,14]. In this pa-
per, we propose a new method to identify essential proteins based on information
of protein complexes and topology features of PPI networks. The results show
that proteins in overlapping part of complexes are more inclined to be essen-
tial proteins. Apart from that, this method improved a lot in performance of
predicting essential proteins compared with traditional centrality methods(DC,
BC, CC, SC, EC, IC, and NC).

In this paper, we only combine information of protein complexes and network
topology characteristics to identify essential proteins. However, there are still
some biological characteristics such as protein function information, domain in-
formation, gene expression information, etc closely related to essential proteins.
In future, we will further analyze the essentiality of proteins by using these
biological information.
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