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The centrality–lethality rule, i.e., high-degree proteins or hubs tend to be more essential than low-degree
proteins in the yeast protein interaction network, reveals that a protein’s central position indicates its
important function, but whether and why hubs tend to be more essential have been heavily debated.
Here, we integrated gene expression and functional module data to classify hubs into four types: non-
co-expressed non-co-cluster hubs, non-co-expressed co-cluster hubs, co-expressed non-co-cluster hubs
and co-expressed co-cluster hubs. We found that all the four hub types are more essential than non-hubs,
but they also show different enrichments in essential proteins. Non-co-expressed non-co-cluster hubs
play key role in organizing different modules formed by the other three hub types, but they are less
important to the survival of the yeast cell. Among the four hub types, co-expressed co-cluster hubs, which
likely correspond to the core components of stable protein complexes, are the most essential. These
results demonstrated that our classification of hubs into four types could better improve the understand-
ing of gene essentiality.

� 2010 Elsevier Inc. All rights reserved.
1. Introduction

One of the most important problems in systems biology is to
find relations between a protein’s topological properties in the pro-
tein interaction network and its functional features such as essen-
tiality. The centrality–lethality rule was first observed by Jeong
et al. [1], who suggested that over-representation of essential pro-
teins among high-degree nodes can be attributed to the central
role hubs play in mediating interactions among numerous, less
connected proteins. Since then the relationship between protein
degree and essentiality has been actively debated [2–11]. Recently,
Zotenko et al. [10] confirmed the higher essentiality of hubs, and
further explained that the majority of hubs are essential due to
their involvement in Essential Complex Biological Modules, a
group of densely connected proteins with shared biological func-
tion that are enriched in essential proteins. However, Yu et al.
[11] presented clear evidence that protein degree does not corre-
late with essentiality, and argued that the centrality–lethality rule
originates from biases towards essential and well-studied proteins
in the original dataset used. Thus, the relationship between protein
degree and essentiality need to be further investigated.
ll rights reserved.
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Therefore, we re-investigated the centrality–lethality rule by
using an updated high confidence network [12,13]. This network
has a relatively large size and each interaction is validated at least
twice. By classifying hubs in the network into four types, we con-
firmed the higher essentiality of hubs and proposed an explanation
for the centrality–lethality rule.
2. Materials and methods

2.1. Protein interaction and gene essentiality datasets

The updated high confidence (‘‘Updated-HC”) network [12,13]
was built from several datasets. An interaction observed at least
twice in different datasets was kept, and the resultant network
contains 4008 proteins with 9857 interactions. A list of essential
genes was obtained from the Saccharomyces Genome Deletion Pro-
ject [14].

2.2. Gene expression datasets

Ten gene expression datasets [15–24], each with more than 50
samples (conditions), were obtained from the Yeast Functional
Genomics Database [25] and the Saccharomyces Genome Database
[26]. Genes with missing value in >30% of the samples in a dataset
were removed. Remaining missing values were imputed by the
KNN impute algorithm with K = 10 using Euclidean distance [27],
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and technical replicates (i.e., spot repeats and dye swaps) were
averaged.
2.3. Construction of gene co-expression networks

Pearson correlation coefficient (PCC) r was used as a similarity
measure between the expression profiles of two genes. The PCC r
was then converted into z-score using Fisher transformation:

zðrÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffi

n� 3
p

2
log

1þ r
1� r

which approximately follows a standard normal distribution under
the hypothesis of independence, where n is the sample size. We
only considered positive correlations since they are reported to be
more reflective of functional similarity than negative correlations
[28]. Next, P-values were obtained for the null hypothesis of no po-
sitive correlations and were corrected for multiple hypothesis test-
ing by using false discovery rate (FDR) control procedure [29], and
the adjusted P-values were set at the threshold of 0.001 per dataset.
In addition, we only considered those pairs that are among the top
10% of all possible correlations to avoid introducing too many high
correlations. Our two-stage threshold selection procedure is similar
to the procedure that controls both statistical significance and bio-
logical significance in [28,30]. For each gene expression dataset, two
genes were declared to be co-expressed if their correlation coeffi-
cient is above the thresholds of both FDR and PER.
2.4. Detection of functional modules

The overlapping k-clique modules in the ‘‘Updated-HC” net-
work were detected by the software CFinder, which is based on cli-
que percolation method [31,32]. Here, we used clique size k = 5 and
our results were not sensitive to different values of k (data not
shown). As a result, 65 functional modules were obtained.
2.5. Classification of hubs

About 21% (841/4008) of proteins in the ‘‘Updated-HC” network
were defined as hubs with degree P7. The remaining proteins
were defined as non-hubs. The hub classification procedure was
carried out in the following four steps:

First, in the ‘‘Updated-HC” network, let PPIg denote the set of
interaction partners of a given hub protein g and PPIDg denote
the number of proteins in PPIg. Let ePPIg(i) denote the set of inter-
action partners that are found to be significantly co-expressed with
the hub g in gene expression dataset i (i = 1, 2, . . ., 10) and ePPIDg(i)
denote the number of proteins in ePPIg(i). The co-expressed pro-
tein-protein interaction degree (ePPID) of the hub g is then defined
as ePPIDg = max(ePPIDg(i); i = 1, 2, . . ., 10). A hub was defined as a
co-expressed hub if the ratio of ePPID to PPID (ePPID/PPID) is
P0.5; otherwise, it was defined as a non-co-expressed hub.

Second, let cPPIg(j) denote the set of interaction partners that
are in the same functional module j (j = 1, 2, . . ., 65) with the hub
g and cPPIDg(j) denote the number of proteins in cPPIg(j). The co-
cluster protein–protein interaction degree (cPPID) of the hub g is
then defined as cPPIDg = max(cPPIDg(j); j = 1, 2, . . ., 65). A hub
was defined as a co-cluster hub if the ratio of cPPID to PPID
(cPPID/PPID) is P0.5; otherwise, it was defined as a non-co-cluster
hub.

Third, for each set ePPIg(i) of the hub g whose ePPIDg(i)/PPIDg is
P0.5, take intersection of it with each set cPPIg(j) of the hub g whose
cPPIDg(j)/PPIDg is P0.5. The resultant set is denoted as ecPPIg(i,j),
which represents the set of co-expressed co-cluster interaction
partners of the hub g in gene expression dataset i and functional
module j. Let ecPPIDg(i,j) denote the number of proteins in ecPPIg(i,j).
The co-expressed co-cluster protein–protein interaction degree
(ecPPID) of the hub g is then defined as ecPPIDg = max(ecPPIDg(i,j);
i = 1, 2, . . ., 10; j = 1, 2, . . ., 65). A hub was defined as a co-expressed
co-cluster hub if the ratio of ecPPID to PPID (ecPPID/PPID) is P0.5.

Fourth, define the difference between co-expressed hubs and co-
expressed co-cluster hubs as co-expressed non-co-cluster hubs, and
the difference between co-cluster hubs and co-expressed co-cluster
hubs as non-co-expressed co-cluster hubs. Then, define the intersec-
tion of non-co-expressed hubs and non-co-cluster hubs as non-
co-expressed non-co-cluster hubs. We noted that co-expressed
non-co-cluster hubs and non-co-expressed co-cluster hubs may
have common hubs, which are in both co-expressed non-
co-cluster hubs and non-co-expressed co-cluster hubs but not in
co-expressed co-cluster hubs. As a result, we obtained 290 non-co-
expressed non-co-cluster (NE–NC) hubs, 233 non-co-expressed
co-cluster (NE–C) hubs, 173 co-expressed non-co-cluster (E–NC)
hubs and 185 co-expressed co-cluster (E–C) hubs. NE–C and
E–NC hubs have 40 common hubs.

2.6. Betweenness and clustering coefficient

Betweenness is measured by the total number of shortest paths
going through a protein in a protein interaction network [33,34].
Clustering coefficient is defined as Ci = 2ni/ki(ki � 1), where ni de-
notes the number of direct links connecting the ki nearest neigh-
bors of node i [35].

2.7. Definition of functional consistence score (FC-score)

For each of GO biological process, cellular component and
molecular function categories [36], we obtained the P-value of
the most significant GO annotation term for each hub with its
interaction partners by using the GO Term Finder software [37].
For each category, the functional consistence score (FC-score) of
each hub is defined as

FC-score ¼ �log10ðP-valueÞ:

3. Results and discussion

3.1. Topological properties of the four hub types

By integrating gene expression and functional module data, we
classified hubs in the ‘‘Updated-HC” network into four types: non-
co-expressed non-co-cluster (NE–NC) hubs, non-co-expressed co-
cluster (NE–C) hubs, co-expressed non-co-cluster (E–NC) hubs
and co-expressed co-cluster (E–C) hubs (see Section 2). The four
hub types played different roles in organizing the network, which
were revealed by their differences in some known centrality mea-
sures, such as betweenness [33,34] and clustering coefficient [35]
(see Section 2 for details). As shown in Table S1, among the four
hub types, NE–NC hubs have the highest betweenness, E–NC hubs
have the medium betweenness, and NE–C and E–C hubs have the
lowest betweenness. In contrast to the betweenness differences
among the four hub types, NE–NC hubs have the lowest clustering
coefficient, E–NC hubs have the medium clustering coefficient, and
NE–C and E–C hubs have the highest clustering coefficient. How-
ever, the four hub types have no much degree differences. These
results implied that NE–NC hubs tend to be global connectors,
NE–C and E–C hubs tend to form local and dense modules, and
E–NC hubs tend to form local and slightly less dense modules.
Thus, in this paper, we also called NE–NC hubs intermodular hubs,
and NE–C, E–NC and E–C hubs intramodular hubs. We noted that
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the software CFinder [31,32] tends to detect densely connected
functional modules. E–NC hubs are not in such functional modules
with the majority of their interaction partners, but they tend to
show significant co-expression and similar functions (see next sec-
tion) with their interaction partners. Thus, they might form slightly
less dense modules.

The different roles of the four hub types in organizing the net-
work were better reflected by their different effects upon removal
on the overall topology of the network [38,39]. Here, we used two
metrics to measure the effects upon hub removal on the network:
characteristic path length (CPL) and main component size (MCS).
The CPL, defined as the average distance (shortest path length) be-
tween node pairs, reflects the overall network connectivity [38].
Large changes of the CPL and MCS upon removal of a hub indicate
that the hub plays key role in the overall network connectivity.
When removed from the network serially in a descending order
of degree, intermodular and intramodular hubs had distinct effects
on the overall topology of the network. Removing intermodular
hubs dramatically disrupted the CPL of the network, whereas
removing intramodular hubs had negligible effects (Fig. 1A). After
removal of intramodular hubs, the MCS had almost no changes,
revealing that the network is tolerant to intramodular hub re-
moval. After removal of intermodular hubs, the MCS was still large,
but intermodular hub removal had more effect than intramodular
hub removal (Fig. 1B). Thus, the network was more sensitive to
intermodular hub removal than intramodular hub removal, further
revealing the global role of intermodular hubs and the local role of
intramodular hubs.

3.2. Functional consistence of the four hub types

The different topological roles of the four hub types were then
validated by their different functional consistence with their inter-
action partners. For each of biological process, cellular component
and molecular function categories, we computed the functional
consistence scores (FC-scores, see Section 2) of the four hub types.
Fig. 1. Intermodular (NE–NC) hubs tend to be global connectors, while intramod-
ular (NE–C, E–NC and E–C) hubs tend to form local modules. The effects on the
characteristic path length (A) and main component size (B) of the ‘‘Updated-HC”
network upon hub (node) removal. Hubs are removed from the network serially in
a descending order of degree. Attacks against all hubs (black curve), NE–NC hubs
(gray curve), NE–C hubs (green curve), E–NC hubs (red curve), E–C hubs (blue
curve) and random nodes (brown curve). (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this
article.)
We then found that among the four hub types, NE–NC hubs have
the lowest FC-scores, E–NC hubs have the medium FC-scores, and
NE–C and E–C hubs have the highest FC-scores (Fig. 2 and
Table S2). In other words, this result explained that NE–NC hubs
have more diverse functions with their interaction partners, E–NC
hubs have similar functions with their interaction partners, and
NE–C and E–C hubs have more similar functions with their interac-
tion partners.

3.3. Essentiality of the four hub types

The topological differences among the four hub types also indi-
cated their different enrichments in essential proteins. We com-
puted the percentage of essential proteins [14] among non-hubs
and the four hub types, and found that all the four hub types are
significantly more essential than non-hubs (Fig. 3A and Table S3).
Subsequently, among the four hub types, NE–NC hubs have the
lowest essentiality, E–NC and NE–C hubs have the medium essen-
tiality, and E–C hubs have the highest essentiality (Fig. 3A and
Table S3). Since NE–C, E–NC and E–C hubs (especially NE–C and
E–C hubs) tend to show more similar functions with their interac-
tion partners, they likely correspond to the core components of
functional modules or complexes. It is known that stable com-
plexes tend to show significant co-expression [40], so E–C hubs
likely correspond to the core components of stable complexes.
These might explain why NE–C, E–NC and E–C hubs are more
essential and why E–C hubs are the most essential. The above re-
sults were also consistent with the observed higher essentiality
of multi-interface hubs [7], which most likely correspond to the
core components of large and stable multi-protein complexes. In
addition, we noticed that on average, NE–NC hubs have the highest
degree (though insignificant) and betweenness (Table S1) but the
lowest essentiality, which reveals the possible biases of using de-
gree [1] and betweenness [3,8,41] to predict essential genes.

The non-hub nearest neighbors of the four hub types also
showed different essentiality, with the lowest for those of NE–NC
hubs, the medium for those of E–NC and NE–C hubs, and the high-
est for those of E–C hubs (Fig. 3B and Table S3). This result
indicated that the essential non-hubs are more likely to be con-
nected by intramodular hubs than by intermodular hubs. The
non-hub nearest neighbors of NE–C, E–NC and E–C hubs (especially
NE–C and E–C hubs) likely correspond to the peripheral compo-
nents of functional modules or complexes and those of E–C hubs
likely correspond to the peripheral components of stable com-
plexes, which might explain why the non-hub nearest neighbors
of NE–C, E–NC and E–C hubs are more essential and why those
of E–C hubs are the most essential. Furthermore, we found that
the non-hub nearest neighbors of the essential intramodular hubs
are more essential than those of the non-essential intramodular
hubs (Fisher’s exact test, P = 3.13e–10). The above results implied
that the essential intramodular hubs tend to form essential func-
tional modules or complexes, consistent with the modular nature
of gene essentiality [9]. These results also supported the explana-
tion that the majority of hubs are essential due to their involve-
ment in Essential Complex Biological Modules [10].

Putting our findings together with earlier studies [7,9,10] could
better explain the underlying mechanism of gene essentiality. As
we have shown, intramodular hubs tend to form functional mod-
ules or complexes. Thus, if a functional module or complex, in
which an intramodular hub participates, is vital for the survival
of the yeast cell, and the deletion of the intramodular hub gene
leads it impossible for the formation of the functional module or
complex, the deleted intramodular hub gene will be an essential
one. The intramodular hubs and their non-hub nearest neighbors
tend to correspond to the core and peripheral components of
functional modules or complexes, respectively. The formation of



Fig. 2. Intermodular (NE–NC) hubs show more diverse functions with their interaction partners, while intramodular (NE–C, E–NC and E–C) hubs show more similar functions
with their interaction partners. The functional consistence scores (FC-scores) of the four hub types in the ‘‘Updated-HC” network for (A) biological process (BP), (B) cellular
component (CC) and (C) molecular function (MF) categories. Bars show the mean and standard deviation of FC-scores for the four hub types: NE–NC hubs (gray), NE–C hubs
(green), E–NC hubs (red) and E–C hubs (blue). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 3. Essentiality of the four hub types and their non-hub nearest neighbors. (A) Essentiality of the four hub types. Bars show the percentage of essential proteins among
different groups of proteins: NH (non-hubs, white), NE–NC hubs (gray), NE–C hubs (green), E–NC hubs (red) and E–C hubs (blue). (B) Essentiality of the non-hub nearest
neighbors of the four hub types. NE–NC0N, NE–C0N, E–NC0N and E–C0N represent the non-hub nearest neighbors of the four hub types. Bars show the percentage of essential
proteins among different groups of proteins: NH (non-hubs, white), NE–NC0N (gray), NE–C0N (green), E–NC0N (red) and E–C0N (blue). (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)
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functional modules or complexes often needs their core compo-
nents rather than their peripheral components. Thus, if a functional
module or complex is essential, most of its core components will
tend to be essential and will be more essential than its peripheral
components. Conversely, if a functional module or complex is non-
essential, most of its core and peripheral components will tend to
be non-essential. In contrast, intermodular hubs tend to play major
role in organizing different functional modules or complexes.
When deleting an intermodular hub gene, the communication be-
tween different functional modules or complexes may be rewired
through other paths by other proteins, and thus the yeast cell
can still survive and the deleted intermodular hub gene will be
non-essential. To sum up, the yeast protein network tends to be
tolerant to intramodular hub attack, but the yeast cell tends to
die upon the deletion of intramodular hub genes. This could help
better understand gene essentiality and help biologists select can-
didates for gene deletion experiments.

4. Conclusion

In this paper, we confirmed the centrality–lethality rule by using
a high confidence network. Furthermore, we found that the majority
of hubs are essential due to their local role as core components of
functional modules or complexes, but not due to their global role
in organizing the whole network. Consequently, the non-hub near-
est neighbors of the local intramodular hubs tend to be more essen-
tial than those of the global intermodular hubs, with the non-hub
nearest neighbors of co-expressed co-cluster hubs even more essen-
tial than the global intermodular hubs (though insignificant, Fisher’s
exact test, P = 0.326). However, protein networks only constructed
from yeast two-hybrid data are depleted for co-complex associa-
tions, which might explain why there are weak or insignificant cor-
relations between protein degree and essentiality in such networks
[6,10,11]. Therefore, our study demonstrated that integrating gene
expression and functional module data to finely characterize hubs
in the yeast protein interaction network could better improve our
understanding of gene essentiality.

Appendix A. Supplementary data

Supplementary data associated with this article can be found, in
the online version, at doi:10.1016/j.bbrc.2010.09.021.
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