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Genes that are indispensable for survival are called essential genes. In recent years, the analysis of essen-
tial genes has become extremely important for understanding the way a cell functions. With the advent
of large-scale gene expression profiling technologies, it is now possible to profile transcriptional changes
in the entire genome of Saccharomyces cerevisiae. Notwithstanding the accumulation of gene expression
profiling in recent years, only a few studies have used these data to construct the network for S. cerevisiae.
In this paper, based on the transcriptional profiling of the S. cerevisiae genome in hundreds of different
gene disruptions, the perturbation sensitivity (PS) network is constructed. A scale-free topology with
node degree following a power-law distribution is shown in the PS network. Twelve topological proper-
ties are used to investigate the characteristics of essential and non-essential genes in the PS network.
Most of the properties are found to be statistically discriminative between essential and non-essential
genes. In addition, the F-score is used to estimate the essentiality of each property, and the core number
demonstrates the highest F-score among all properties.
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1. Introduction

Essential genes are genes that are indispensable to support the
survival of an organism [1]|. These genes encode foundational
functions required for a living cell under certain conditions and
constitute a minimal gene set required for a living cell [2]. The
deletion of only one of the essential genes is sufficient to result
in infertility or lethality. Essential genes are involved in most sur-
vival-related housekeeping functions and tend to encode more
hubs in the protein-protein interaction (PPI) network [3]. Some
research results suggest that essential genes are correlated with
disease genes [4], and essential genes of bacteria are attractive
drug targets for new antibiotics. Therefore, the analysis of essen-
tial genes has been a major focus in genomic research and in drug
design.

The behavior of a cell is a consequence of the complex inter-
actions among its numerous constituents that constitute a series
of complicated networks. The use of these networks to study
biological systems has attracted emphasis among biologists in
the last decade. However, most of the networks are too complex
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to be easily understood. Using graph theoretic concepts to
investigate the topological properties of the networks, this prob-
lem can be overcome. The topological analysis in the networks
has also become a useful tool for studying the social networks
in social sciences [5], the characterization of drug-targets [6-8],
the human disease genes [9,10], toxin-targets [11], and so on.
With the advent of whole-genome expression profiling technolo-
gies, such as DNA microarrays, the transcriptional activity of
thousands of genes in different biological conditions are simulta-
neously measured. Microarray experiments comparing expres-
sion levels of all genes in Saccharomyces cerevisiae for hundreds
of mutants allow us to observe not only phenotypic changes of
genes but also the up- or down-regulated genes in response to
gene disruptions [12]. However, until recently, only a few studies
have used these data to construct the network for S. cerevisiae
[13,14].

In this study, the PS network is constructed from a transcrip-
tional profiling study in response to 276 different gene disruptions
in the yeast genome [12-14]. Nodes represent genes, and links are
made between nodes if the expressions of the target genes are sig-
nificantly altered by the disruption of the source gene. Twelve
topological properties are calculated for each node in the PS
network. Significant differences are found between the topological
properties of essential genes and those properties of non-essential
genes. We also employ the F-score to study the essentiality of each
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property and provide suggestions for a novel essential index for
further study. The workflow of our study is shown in Fig. 1.

2. Materials and methods
2.1. Construction of the PS network

To construct a PS network from the genome-wide transcrip-
tional profiling study for all genes in S. cerevisiae, 300 perturbation
experiments, such as gene deletions or drug treatments, were
downloaded from the supplemental data of Hughes et al. [12].
Among 300 perturbation experiments, 276 experiments were dele-
tion mutants. Because drug treatments perturb more than one
gene and could increase heterogeneity in the experiments, thus,
drug treatments were not investigated in our study. We construct
the PS network only based on the deletion mutants. In the work of
Hughes et al., each pair of gene and deletion mutants was assigned
a P-value according to the ‘error model’, correcting for gene mea-
surement error and for biological noise [12]. A link is made
between gene i and deletion mutant j if the expression of gene i
is significantly changed (P < 0.05) in deletion mutant j. In our PS
network, these links are represented as edges, and nodes are signif-
icantly regulated genes in deletion mutants or in the deleted genes.
The S. cerevisiae PS network has 5638 genes as nodes, which are
connected by 36841 edges.

2.2. Datasets of essential and non-essential genes

The lists of essential and non-essential genes of S. cerevisiae
were obtained from the MIPS database [15] on February 20,
2014. The open reading frame (ORF) of an essential gene was
regarded as an essential gene. In total, 949 essential genes and
4505 non-essential genes with unique ORF symbols were collected
from the MIPS database. Among these genes, 849 essential genes

Transcriptional profiling

Vorcore

were mapped into the PS network, and 4059 non-essential genes
were mapped into the PS network. In total, 849 non-essential
genes were randomly selected from 4059 non-essential genes. This
dataset was defined as the control dataset.

Random sampling was also performed. In total, 849 non-essential
genes were randomly selected from the 4059 non-essential genes.
This procedure was repeated 1000 times to generate 1000 different
balanced datasets containing different sets of non-essential genes.

2.3. Topological properties

In this study, the NetworkAnalyzer software [16] is used to cal-
culate the degree, clustering coefficient [17], topological coefficient
[18], average shortest path (ASP) and closeness centrality in the
constructed network. The core number [19,20] is calculated using
the MatlabBGL package, which is implemented in Matlab R2008a
software. The Java plug-in cytoHubba [21] is used to explore
important nodes or hubs in the network. This plug-in calculates
four topological properties: betweenness, edge percolation compo-
nent (EPC), maximum neighborhood component (MNC) and maxi-
mal clique centrality (MCC). The average distance to essential
genes (ADEG) is defined as the average shortest distance between
a gene and all essential genes in the PS network.

In this study, the common function index (CFI) [22] is defined to
measure the amount of common Gene Ontology annotations of
adjacent nodes in the PS network. The Gene Ontology annotations
for S. cerevisiae were retrieved from the Saccharomyces Genome
Database [23] on February 20, 2014. The CFI is defined as follows:

CFI(i) = dj + dj + djf
j

where j represents any node adjacent to node i. dg, d; and dg-d are the

deepest ontology depth of common Gene Ontology annotations

Power law
distribution?

Fig. 1. The workflow of our study.
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shared by i and j in the categories of biological process (B), cellular
component (C) and molecular function (M), respectively.

2.4. Excess retention

The excess retention (ER) [20,24] of genes with property A (A
indicates essential or non-essential) is defined as follows:

ER} = (Ni/Ny)/(N*/N)

where Ny is the total number of genes with the core number > k; N{
is the number of genes with a certain property, A, with the core
number >k; N is the number of whole genes in the PS network;
and N* is the number of genes with a certain property, A, within
the whole genes.

2.5. Statistical test

The Shapiro-Wilk (SW) test was used for testing the normality
of the distributions. Because these variables did not follow a nor-
mal distribution in any of the categories, the Wilcoxon rank-sum
test was used for assessing the statistical significance of the mea-
sures between different datasets in this study. All of the statistical
analyses used in this work were performed using the freely avail-
able R package, version 3.0.2.

2.6. F-score

The F-score is a simple, intuitive method to measure the dis-
crimination of two sets [25]. In this study, given training vectors
X, k=1, ..., m, the numbers of positive and negative instances
are defined as n. and n_, respectively, and then the F-score of the
ith feature is defined as:

F-score(i) = F1(i)/F2(i)

where X;, X", % are the averages of the ith feature of the whole,

positive, and negative data sets, respectively; X,((ﬁ) is the ith feature
of the kth positive instance; and 7‘;&) is the ith feature of the kth neg-
ative instance.

3. Results and discussion
3.1. Analysis of the PS network

The biological networks follow a power law distribution that
corresponds to scale-free topology [26]. The scale-free topology
is important for a reliable characterization of essentiality when
the features of degree and betweenness are used [27]. To deter-
mine whether the PS network is consistent with scale free topol-
ogy, the fitting of the node degree distribution to a power law is
performed using the least squares method (Fig. 2A). As shown in
Fig. 2A, the probability that a given yeast gene interacts with k
other yeast genes follows a power law with an approximate R?
coefficient of 0.721 and with the exponent of —1.059, a topology
that is also shared by the PPI networks. This result indicates that
the PS network forms a scale-free network and enables us to claim
with more confidence for calculating topological properties in the
network. A comprehensive set of topological properties of our PS

network is calculated using the NetworkAnalyzer software to fur-
ther address the properties of our network (Table 1). The network
diameter is the largest distance between two nodes, and the PS
network has the network diameter of 5. The network density and
network centralization are also calculated. As shown in Table 1,
the network density and centralization are 0.002 and 0.405,
respectively.

3.2. Topological properties of essential genes in the PS network

To understand the topological properties of each essential gene
in the PS network, 12 topological properties are calculated for each
node. All of the results are shown in Table 2, Fig. S1 and in Fig. S2.
Some previous works have shown that essential genes were more
likely to be hubs in the PPI networks and that the most highly con-
nected proteins in the cell were the most important proteins for its
survival [22,28-30]. However, in our PS network, the results dem-
onstrate that the degree of essential genes is significantly lower
than that of non-essential genes (P < 3.09E—15) and that the aver-
age degree of non-essential genes is approximately quadruple as
large as that in essential genes. Furthermore, to explore the impor-
tant nodes in the PS network, the Hubba plug-in is used to analyze
the network (Fig. 3, Figs. S3-S5). Using degree as an example, of the
top 100 genes in the highest degree, 97 are non-essential genes
(Fig. 3). These findings further suggest that high-degree nodes or
hubs tend to be non-essential genes in the yeast PS network. In
the PS network, if a gene is significantly up-or down regulated by
more experiments of gene deletions or affected more genes in
experiments of gene deletions, then this gene would have higher
degree. In the work of Hughes et al. [12], only one essential gene
was deleted in their experiments; thus, the degrees of essential
genes primarily came from significant regulation in the gene dele-
tion experiments. Because essential genes participate in more bio-
logical processes and have a longer evolutionary history, these
genes might be more likely to be up-or down-regulated in the gene
deletion experiments [ 14]. However, in our study, the lower degree
of essential genes suggests that essential genes are robust to ran-
dom perturbations and tolerant to outside transcriptional changes
in numerous random perturbations, whereas non-essential genes
are more liable to show transcriptional changes in a variety of
environmental challenges. Based on the above results, we expect
that essential genes are highly resistant to external perturbations,
such as gene disruptions, through some types of buffering systems
for maintaining the life of the organism.

The difference in the core number of the essential and non-
essential genes is also investigated. The analysis of the core num-
ber can distinguish the topological role of highly connected nodes
based on their locality, and a higher number represents the central
placement of the subset in the original graph. In the PS network,
there is significant difference in the core number between essential
and non-essential genes (P < 1.17E—14). The violin plots indicate
that each group shows an appreciable spread of core numbers
(Fig. S2). The cumulative fraction distribution of the core number
for non-essential genes stands out from that of essential genes
(Fig. S1) because non-essential genes have a higher average core
number than essential genes, which indicates that non-essential
genes are more likely to be located at the backbone of the PS net-
work. Furthermore, the excess retention of essential and non-
essential genes is plotted (Fig. 2B). The excess retention of essential
genes displays a marked decrease with the core number, whereas
the excess retention of non-essential genes displays a marked
increase with the core number. The analysis results presented in
this study are similar to the results of Han et al. [13] and Ohn
et al. [14]. This plot clearly demonstrates that essential genes are
more likely to encode peripheral nodes in the PS network, whereas
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Fig. 2. (A) Degree distribution of the PS network. (B) Excess retention with the core number.

Table 1

Topological properties of the PS network.
Parameters Parameters
Number of nodes 5638 Betweenness 4902.527
Number of edges 36,841 Core number 6.649
ASP 2.739 EPC 56.060
Network diameter 5 Closeness centrality 0.371
Degree 12.871 Topological coefficient 0.264
Network density 0.002 Clustering coefficient 0.183
Network heterogeneity 4.784 MNC 9.611
Network centralization 0.405 MCC 114.062
ADEG 2.789 CFI 55.420

In this table, degree, ASP, ADEG, betweenness, core number, EPC, closeness cen-
trality, topological coefficient, clustering coefficient, MNC, MCC and CFI are average
values of all nodes in the network.

non-essential genes are more likely to encode hub nodes in the PS
network.

The modularity of a node in the networks can be measured by
the clustering coefficient. Inter-modular nodes tend to have a
lower clustering coefficient, whereas close-connected module
nodes tend to have higher clustering coefficient. In the PS network,
the average clustering coefficient of an essential gene is higher

than that of a non-essential gene; however, the difference between
these genes is not significant (P < 6.66E—1). The difference in the
topological coefficients of the two gene groups is also investigated.
In contrast to the results of the clustering coefficient, there is a sig-
nificant group difference between the topological coefficients
(P<3.42E-10). The average topological coefficients of essential
and non-essential genes are 0.2988 and 0.2489, respectively, which
indicates that essential genes have on average 1.2 times more
topological coefficients than non-essential genes in the network.
Compared with the control dataset, the average closeness cen-
trality is significantly lower in the essential gene dataset
(P < 8.30E-9), indicating that non-essential genes have fast infor-
mation spreads from a given node to all other reachable nodes in
the PS network. Betweenness can be regarded as a measure of
the influence a node has over the spread of information through
the network. The nodes with larger betweenness represent the bot-
tlenecks in the network or pathways in which these nodes partic-
ipate. The average betweenness of essential genes is significantly
lower than that of non-essential genes (P < 1.51E—11). The ASP of
essential genes is significantly longer than that of non-essential
genes, indicating that essential genes communicate slowly in the
PS network. In the PS network, ADEG is also statistically discernible
between essential and non-essential genes (P< 1.47E-5). The

Table 2

The topological properties between essential and non-essential genes.
Property Essential gene Non-essential gene P-value

Mean SD Mean SD

Degree 4.6313 3.8359 17.1270 73.7330 3.08E-15
Core number 4.5960 3.7392 7.4323 6.9187 1.16E-14
Clustering coefficient 0.2000 0.2557 0.1733 0.2099 6.65E-01
Topological coefficient 0.2988 0.1838 0.2489 0.1780 3.41E-10
Closeness centrality 0.3630 0.0397 0.3755 0.0464 8.29E-09
Betweenness 255.25 407.98 7678.2 69237 1.50E-11
ASP 2.7898 0.3232 2.7063 0.3547 8.29E-09
ADEG 2.8214 0.3376 2.7560 0.3624 1.46E-05
CFI 33.5241 39.8920 66.1991 281.6982 6.20E—-04
EPC 38.6110 29.2250 63.9940 71.1140 4.94E-14
MCC 10.9390 30.5520 230.0700 22929 4.26E-10
MNC 3.1861 3.3703 13.0920 58.9080 9.22E-13

In this table, SD indicates standard deviation.
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Fig. 3. The subnetwork that is based on the top 100 nodes in the highest degree. All the non-essential genes are used in this case.

higher ADEG indicates that essential genes have longer average
distances to other essential genes in the PS network. CFI is used
to measure the amount of common functions of adjacent nodes
in the PS network, and there is a significant difference in CFI
between essential and non-essential genes.

In this work, EPC, MCC and MNC, which are calculated by cyto-
Hubba, are used for exploring important nodes or hubs in our net-
work. There are significant differences in EPC, MCC and MNC
between essential and non-essential genes (P < 4.95E—14 for EPC,
P<4.27E-10 for MCC and P < 9.23E—-13 for MNC), and non-essen-
tial genes have higher average values than essential genes. These
results further suggest that non-essential genes are more likely
to be hubs in the PS network. These results are expected because
the degree of non-essential genes is higher than that of essential
genes in our PS network.

3.3. Random sampling

To avoid statistical bias, random sampling is also performed to
characterize the properties of essential and non-essential genes.
The distributions of the mean property levels of 1000 samples
and P-value levels of 1000 samples are shown in Fig. S6 and in
Fig. S7. There are significant differences in the degree, core number,

topological coefficient, ASP, betweenness, closeness centrality, EPC,
MCC and MNC between essential and non-essential genes, which
are consistent with the above results. However, there are no signif-
icant differences in the clustering coefficients between essential
and non-essential genes. For ADEG and CFI, in most cases, the dif-
ferences between essential and non-essential genes are significant.

3.4. Features for gene essentiality

The discrimination of two different features can be roughly
evaluated by the F-score. The larger the F-score is, the more likely
discriminative this feature is. Thus, the F-score can be used to eval-
uate the essentiality of the features (Fig. 4).

The core number has the most discriminative feature, whereas
the clustering coefficient has the least discriminative feature. The
lowest F-score of the clustering coefficient is expected because
there is no significant difference in the clustering coefficients
between essential and non-essential genes. In contrast, the highest
F-score of the core number is more surprising. One of the reasons
why such feature is more discriminative might be due to the
consequence of the structure of the PS network. As shown in the
previous section, non-essential genes are more likely to be located
at the backbone of the network compared with other locations in
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Fig. 4. The F-scores of 12 topological properties.

the PS network. Previous studies have discussed the relation
between the degree and essentiality of genes in the PPI networks
[7,18,30]. These studies found that proteins with a high degree
are more likely to be essential proteins in the PPI networks,
although the relation between a gene’s essentiality and degree is
not deterministic or simple. Although the PS network is different
from the commonly used PPI networks in other studies, we would
expect that the F-score of degree should be higher in the PS
network. As expected, the F-score of the degree is 0.01432, which
is ranked sixth in all features. However, the core number, EPC,
closeness centrality, topological coefficient and ASP tend to have
higher F-scores than the degree, indicating that these features
may be more effective for reflecting the essentiality of genes than
the degree in the PS network.

Random sampling is also performed to reduce the statistical
bias of our study. All of the results are shown in Fig. S8 and in Data-
set S1. In 1000 random samplings, the F-scores of the core number
and EPC are always higher than that of the degree, indicating that
these topological properties may be more effective for reflecting
the essentiality of genes than the degree. However, we should also
keep in mind that the essentiality index of each property is roughly
estimated by the F-score in this study and that the reliability and
usefulness of the F-score for reflecting the essentiality index of
each property must be proven in future work.

4. Conclusions

In this study, we have built the PS network of S. cerevisiae using
the mRNA expression profiles of 276 gene deletion experiments.
The PS network follows a power law distribution that corresponds
to scale-free topology. Twelve topological properties are used to
assess the differences in topological properties between essential
and non-essential genes. Except for the clustering coefficient,
ADEG and CFI, all topological properties are significantly different
between essential and non-essential genes. Essential genes tend
to encode peripheral nodes, whereas non-essential genes tend to
encode hub nodes in the PS network. Furthermore, the properties

for the essentiality of genes are also evaluated by the F-score,
and the core number is found to be the most discriminative index
in all properties. We hope that these findings will contribute to
elucidating the function of essential genes and provide useful help
for the ever growing field of related areas. However, some limita-
tions exist in our study that suggest avenues for future work. We
only examined S. cerevisite mRNA profiles. We suspect that the
same trends will be detectable in other species. We anticipate that
the same work will become important future topics in genomics.
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