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Stress induces remodelling of yeast interaction
and co-expression networks†
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Network analysis provides a powerful framework for the interpretation of genome-wide data. While

static network approaches have proved fruitful, there is increasing interest in the insights gained from

the analysis of cellular networks under different conditions. In this work, we study the effect of stress

on cellular networks in fission yeast. Stress elicits a sophisticated and large scale cellular response,

involving a shift of resources from cell growth and metabolism towards protection and maintenance.

Previous work has suggested that these changes can be appreciated at the network level. In this paper,

we study two types of cellular networks: gene co-regulation networks and weighted protein interaction

networks. We show that in response to oxidative stress, the co-regulation networks re-organize towards

a more modularised structure: while sets of genes become more tightly co-regulated, co-regulation

between these modules is decreased. This shift translates into longer average shortest path length,

increased transitivity, and decreased modular overlap in these networks. We also find a similar change

in structure in the weighted protein interaction network in response to both oxidative stress and

nitrogen starvation, confirming and extending previous findings. These changes in network structure

could represent an increase in network robustness and/or the emergence of more specialised

functional modules. Additionally, we find stress induces tighter co-regulation of non-coding RNAs,

decreased functional importance of splicing factors, as well as changes in the centrality of genes

involved in chromatin organization, cytoskeleton organization, cell division, and protein turnover.

Introduction

Biological systems are endowed with a considerable ability to
adapt to different environments, allowing them to survive
external insults by launching prompt and pervasive rearrange-
ments of their regulatory systems.1,2 In the past decades, this
phenomenon has been studied extensively based on genome-
wide expression analysis, revealing the presence of a large

subset of genes that are up- or down-regulated as part of a
sophisticated stress response.2–5 The stress response leads to a
transient arrest in growth, allowing the cell to invest energy in
multiple protective mechanisms.6

Regulation of the stress response occurs at the transcriptional
level as well as post-transcriptional and post-translational
levels.7 Generally, stress elicits the activation of a kinase
cascade which culminates in the launch of a transcriptional
response. Thus, the rapid and transient initial response is
followed by long term cellular changes involving down-regulation
of metabolism and growth in favour of defence against stress.1

This response limits the damage inflicted by the present threat
but also promotes resilience against further insults.3

Genes that are induced under stress are more rapidly
evolving and characterized by higher variability between cells
and conditions.8,9 This finding suggests that a variable environ-
ment favours higher levels of heterogeneity (‘bet hedging’),
making it more likely for at least part of the population to
survive a change in conditions.1 It is thus possible that the
rearrangements produced during the stress response lead the
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cell into a more plastic state, allowing it to explore larger
portions of phenotypic space and ultimately favouring adapta-
tion. Alternatively, one could imagine that stricter control is
necessary to ensure survival of the cell in the face of adverse
conditions.

While numerous studies have helped characterise specific
stress response pathways and mechanisms,10 the integration
of these pathways and mechanisms on a whole cell level is
less well understood. Network approaches have proved to
be a powerful tool for the analysis of genome-wide
datasets; they provide insights into cellular behaviour, for
example in explaining cellular adaptability11 and resilience to
perturbations.12 The focus has recently shifted from the char-
acterization of static networks towards understanding their
dynamics and control, as well as the topological alteration
produced by changes in the environment.13,14 For example,
Gopalacharyulu et al. compiled an integrated budding yeast
network combining physical protein interactions with curated
pathways and metabolic data.15 Their analysis showed a
dynamic modulation of the system’s connectivity in response
to oxidative stress. Similar large scale stress-induced topo-
logical changes have also been seen in budding yeast transcrip-
tional networks.16

More recently, Mihalik and Csermely generated differing
networks for stressed and non-stressed states by weighting the
budding yeast interactome by the abundance of the interacting
proteins in each condition. The authors reported a partial
disassociation of this network under heat stress,17 with lesser
communication between network modules. The authors sug-
gest that this decoupling of modules represents a cellular
survival strategy. The pruning of interactions could (i) decrease
information flow between modules, thus minimizing the
spread of damage;18 (ii) represent the emergence of more
specialized and autonomic functional units; or (iii), in networks
where links have a metabolic cost, be the result of energy saving
measures.

Mihalik and Csermely’s study used mRNA levels as a proxy
for protein abundance and focused on two specific datasets,
representing the natural and stressed state, collected in two
different laboratories. In this study, we perform a similar
analysis, but using protein, not mRNA, abundance, measured
at several time points after stress induction. We investigate the
effects of two distinct stress types and also explore alternative
methods of weighting the interactome. Additionally, the
analysis is expanded to gene co-regulation networks. This
allowed us to gain further insight into stress induced network
changes and to probe the role of non-coding RNAs in the stress
response. All datasets used were collected in the same labora-
tory under standardized conditions.

Our results show a clear change in the co-expression net-
works towards a more modularised structure: genes within
network modules become more tightly co-regulated, while
co-regulation between modules is decreased. This change in
network structure appears to be translated onto the protein–
protein interaction network and to take place in response to
both oxidative stress and nitrogen starvation.

Methods
Gene co-expression networks

Gene co-expression networks were constructed using gene expres-
sion data from genetic variants exposed to oxidative stress (0.5 mM
hydrogen peroxide, H2O2). Spearman correlation coefficients were
computed across the genetic variants for each gene pair, under
both stressed and non-stressed conditions. To generate the net-
works, a specific number of gene pairs with the highest significant
(p o 0.05) correlation coefficients were considered connected,
yielding an unweighted network (see ESI† for further details). This
ensured that networks compared under stressed and non-stressed
conditions were of similar size. We verified our results using
different numbers of edges and specific correlation coefficient
cut-offs. The effect of stress was found to be the same across the
networks generated using these different parameters (see ESI,†
Tables S1 and S2). Two distinct sets of gene expression data
(microarray and RNAseq) were used to generate networks, yielding
a total of four co-expression networks (microarray non-stressed,
microarray stressed, RNA-seq non-stressed, RNA-seq stressed).
Details of the datasets are outline below:

Microarray. The networks referred to as microarray
co-expression were built from gene expression levels in
knock-out mutants (i.e. genetic variants) at 0 and 60 minutes
after exposure to 0.5 mM hydrogen peroxide stress. The
mutants used in the correlation calculation were atf31, ppr1,
pap1, aft1/pap1, atf1, sty1 and pmk1. The choice of mutants was
constrained by the availability of expression data under both
stressed and non-stressed conditions, collected in the same lab.
For more details about the expression data collection, see ref. 9.

RNA-seq. The networks referred to as RNA-seq co-expression
were constructed from gene expression levels measured by RNA
sequencing in the Bähler laboratory from 117 genetic segre-
gants, at 0 and 60 minutes post exposure to 0.5 mM hydrogen
peroxide stress (manuscript in preparation).

Protein interaction networks

The physical protein interaction network for S. pombe was
downloaded from iRefIndex,19 a database consolidating inter-
actions from a number of repositories (BIND, BioGRID,
CORUM, DIP, HPRD, IntAct, MINT, MPact, MPPI and OPHID).
To capture stress induced changes in the network, we sought to
weight the interactions according to an approximation of the
probability of their occurrence under specific conditions. We
used two distinct approaches.

The first method was to take the product of the abundances
of the proteins involved in the interaction. This approximates
the probability of the physical interaction occurring in the
cell and is similar to the strategy adopted by Mihalik and
Csermely.17 To adjust for the bias against lowly expressed
proteins inherent in this method, the approximated prob-
ability of interaction (i.e. the product of the abundances) was
normalised by the approximated probability under non-
stressed conditions. This normalised product was used to
weight the interactions. The weights in the non-stressed net-
work thus all become one, whereas the edge weights in the
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stressed network reflect the ratio of the probabilities of the
interaction occurring pre- and post- stress.

The second way of weighting the interactions was to use the
correlation coefficient (from the RNA-seq dataset, as this repre-
sents correlation across a larger number of genetic variants,
thus giving a better estimate of gene co-expression) as weights
for the links. Negatively correlated protein pairs were assigned
a weight of zero. This too is an approximation of the probability
of the interaction occurring in the cell, as proteins both need to
be present for the interaction to occur and the presence of the
corresponding RNA can be a useful proxy.

Protein abundances. The protein abundance data used in
the first method of edge weighting was collected by mass-
spectrometry quantification of proteins from wild type fission
yeast cells at 0, 5, 10, 15, 30, 50, 60, 90, 120, 180, 240 minutes
post exposure to 0.5 mM hydrogen peroxide (Papadakis et al.,
manuscript in preparation).

To investigate the network effects of a different form of
stress, we also built weighted abundance networks from pro-
tein abundance data from proliferating and quiescent cells.
Quiescent cells had undergone 24 hours of nitrogen starvation
prior to protein quantification. Protein levels were measured as
described in ref. 20.

Modularisation

Though methods of finding overlapping modules in networks are
increasingly popular, no consensus over the best method exists.
We therefore used two distinct module finding algorithms: Link
Communities21 and ModuLand.22

Link Communities. Link Communities21 is based on clus-
tering edges into non-overlapping modules and allowing nodes
to inherit all module assignments of their edges, resulting in
overlapping module assignment. Similarity, S, between edges
eik and ejk was computed as:

S(eik, ejk) = (n+(i) - n+(j))/(n+(i) , n+(j))

where n+(i) is the node i and its neighbours. Edges are assigned
into modules by single-linkage hierarchical clustering. For this
work, a distance cut-off of 0.4 was used during the hierarchical
clustering (see ESI† for details on the effect of cut-off). For
unweighted networks, the algorithm was implemented using a
python script provided by the authors.21 For weighted net-
works, the weighted version of the algorithm was implemented
with custom written code in MATLAB. For unconnected net-
works, only the largest connected component was considered.

ModuLand. The ModuLand22 family of algorithms assigns
nodes into modules by computing the community centrality of
nodes or edges. Community centrality is a measure capturing the
influence of nodes or edges on the rest of the network based on a
perturbation-flow type calculation. Nodes or edges with higher
community centrality than their neighbours are taken as module
cores and the other nodes or edges are assigned to modules based
on the community centrality values of their neighbours. ModuLand
analysis was implemented using the ModuLand Cytoscape plug-in,
which uses the LinkLand influence zone determination method
and the ProportionalHill module assignment method.23

Betweenness centrality (BC) calculations. We measured BC
in the abundance weighted PPI networks (see ESI†). To estab-
lish the local importance of the nodes, we also measured BCs
for specific GO-category sub-networks (BCsub): we constructed
42 sub-networks from the genes belonging to the 42 fission
yeast GO Slim terms and measured BC within these sub-networks.
Finally, we performed an analysis of linkerity, defined as the ratio
of rank of BCsub and rank of BC.24

Results and discussion
Overview of networks

In order to study stress induced changes on a whole cell level, we
constructed two types of network, as illustrated in Fig. 1 and Table 1:

Fig. 1 A general schematic illustrating how the networks used in this paper were
generated. (A) Co-expression networks were generated from gene expression data in
various genetic variants under non-stressed and stressed (60 minutes after exposure to
0.5 mM hydrogen peroxide) conditions. Correlations in expression between all gene
pairs were calculated and the correlation matrix thresholded to give the adjacency
matrix of the co-expression network. (B) Weighted protein–protein interaction (PPI)
networks were generated by condition specific weighting of the physical interaction in
fission yeast. The weight of the edge approximates the probability of the interaction
occurring in the non-stressed or stressed cell. Two methods of edge weighting were
used. (1) Abundance weighting, where the interaction between two proteins was
weighted by the product of the proteins’ abundances. To avoid bias against lowly
expressed proteins, these products were normalized by the product in the non-
stressed condition. (2) Co-expression weighting, where the interaction between two
proteins was weighted by how correlated their expression is.
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1. Gene co-expression networks: these capture the correlation
in gene expression across genetic variants, thus representing
patterns of co-regulation across the genome. We performed our
analyses on two distinct networks constructed from different
datasets: a microarray dataset of gene expression levels across
different mutants and an RNA sequencing datasets across
different genetic segregants.

2. Weighted protein–protein interaction (PPI) networks:
these networks approximate the condition specific probability
of physical interactions occurring between proteins. We esti-
mate this probability in two different ways, yielding two distinct
networks: firstly using the abundance of the interacting pro-
teins, as measured by mass spectrometry quantification; and
secondly using the correlation in gene expression of the inter-
acting proteins.

Stress induced changes in co-expression networks

Basic network properties: networks become more modu-
larised in response to stress. We started by constructing gene
co-expression networks. The nodes in these networks are genes
and the links between them (edges) represent co-regulation.
Correlation in gene expression is often one of the main
components of functional interaction scores provided by func-
tional network servers, such as String.25 Given the low coverage
and known biases of physical interaction networks, they repre-
sent a complementary and distinct perspective. Prior to net-
work generation, we calculated the average of all significant
positive correlations under non-stressed and stressed condi-
tions. For both the microarray and RNA-seq datasets, this value
was slightly increased (from 0.8698 to 0.8747 and from 0.3216
to 0.3889 respectively), indicating tighter gene co-regulation in
response to stress.

The stress induced changes in the co-expression networks
can be visually appreciated (Fig. 2). However, to meaningfully
quantify the stress induced changes in network structure, we
computed various network statistics.

We started by calculating the average shortest path length.
This is the average minimum number of steps from one node to
another in the network, which captures information about the
network’s connectivity structure. If the network is not fully
connected (i.e. paths do not exist between all nodes), only the
largest connected component is considered. In both microarray
and RNA-seq datasets, stress was found to increase this
measure (from 4.58 to 6.10 and from 4.85 to 6.33, respectively).

This increase was conserved using different correlation cut-offs
for network generation (see ESI,† Table S1).

To check whether this stress induced increase was not
simply due to a change in the number of nodes in the network
(or in the largest component), we calculated an expected path
length for each component size. Twenty control networks were
generated for each co-expression network, keeping the
same degree structure as the original network but randomly
reshuffling the edges (for more details see ESI†). Calculating
the average shortest path for these control networks gave an
expected average shortest path length for each network. In both
microarray and RNA-seq networks, stress was found to increase
the actual average shortest path length significantly more than
the expected average shortest path length (p o 10�9, two-tailed
t-test). Therefore, stress causes a restructuring of the network,
leading to a longer average shortest path length.

The increase in average shortest path length is particularly
noteworthy, given that the density of the largest connected
component is increased (from 0.0067 to 0.0068 for the micro-
array and from 0.012 to 0.026 for the RNA-seq networks).
Network density is the number of existing connections divided
by the maximum possible number of connections for a fully
connected network: a higher network density would thus be
expected to yield a shorter path length, as more connections
exist in the network. The increase in both path length and
density suggests that stress leads to a restructuring of the
network where links between ‘‘local’’ genes (i.e. gene pairs that
already have short paths between them) are increased, but
connections to more ‘‘distant’’ genes become fewer. In other
words, the network becomes more modularised.

We tested this idea by looking at the change in transitivity,
the likelihood with which two neighbours of a gene are also
connected in the network. Consistent with the hypothesis
above, stress was found to increase transitivity in both micro-
array and RNA-seq networks (from 0.38 to 0.42 and 0.52 to 0.60,
respectively).

Thus, the increase in path length, transitivity and density
all suggest that stress creates a network structure with more
tightly co-regulated modules, but fewer inter-modular con-
nections. We further investigated these changes in network
structure by directly examining the modular structure of the
network.

Modular structure: stress causes a decrease in module overlap in
correlation networks. In biological networks, genes and proteins
often participate in more than one function. Because of this feature,

Table 1 Summary of different networks used in this paper

Network Method Analyses

Microarray co-expression Thresholded correlation coefficients across stress
related mutants.

Basic network properties, module overlap,
GO category analysis.

RNA-seq co-expression Thresholded correlation coefficients across
117 genetic segregants.

Basic network properties, module overlap,
GO category analysis, role of non-coding genes.

Abundance-weighted PPI Link weight is the product of the abundance of the connected
proteins, normalized by this product in the non-stressed state.

Module overlap, betweenness centrality.

Co-expression weighted PPI Correlation coefficients from RNA-seq data assigned as
weights for connected proteins.

Module overlap, GO category analysis.
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the study of overlapping modules (that is, allowing a node to
belong to multiple network modules) is becoming increasingly
popular. However, there is no consensus on the best method to
define overlapping modules. Therefore, we decomposed networks
into modules using two distinct module finding algorithms:

1. Link Communities (LC): this algorithm divides the links
in a network into non-overlapping subsets, which define the
link modules. The nodes are then associated with all the
modules to which their links belong.

2. ModuLand (ML): this algorithm assigns nodes into modules
based on a measure of a node’s ‘‘influence’’ on others (see
Methods for details).

To understand the stress induced change in the network
structure, we looked at changes in module overlap. Module
overlap reflects the extent to which a single protein belongs to
more than one set of tightly co-regulated proteins. For Link
Communities, the overlap is simply the average number of
module assignments per node, whereas for ModuLand, the
overlap measure takes into account the strength of each
module assignment (see Methods).

As seen in Fig. 3, overlap decreases significantly in response
to stress in both microarray and RNA-seq networks (Wilcoxon
ranked sum test, p o 10�6). This finding is robust when using
different thresholds for edge inclusion (ESI†, Table S2). These
results confirm the breakdown of the network into modules
that have fewer interconnections between them.

This type of structural re-organization is consistent with
increased network robustness: decreased communication between

functional modules could ensure that perturbations in one
module are not spread across the entire network. This increase
in robustness could contribute to resilience against further
insults.

Differences between Microarray and RNA-seq networks. The
two co-expression networks were both generated by analysing
correlations in gene expression across different genetic vari-
ants. The genetic variants in the RNA-seq data are not biased
towards stress-related functions and include multiple varia-
tions in each strain (derived from crosses of genetically differ-
ent wild isolates). In the microarray data, on the other hand, all
mutants were knock-outs of single genes with known regulatory
functions in the stress response.

To test whether the mutant microarray and genetic variant
RNA-seq networks capture the same information, we tested the
correlation between a gene’s co-expression pattern as com-
puted from the two datasets. The average correlation was
0.093 (range: �0.31 to 0.43 Spearman rank correlation).

The low correlation between the two datasets suggests that
there is a difference in the information captured by the net-
works. One explanation for this discrepancy could be that seven
genetic conditions are not sufficient to accurately capture gene
co-expression. To check whether this was the case, we calcu-
lated co-expression using a wider pool of mutants including
24 additional mutants (which could not be used for network
construction, because they lacked expression data post expo-
sure to stress). The co-expression, as calculated from these
7 mutants correlated (0.68 Spearman coefficient) with the

Fig. 2 Visualization of co-expression networks before and after exposure to peroxide stress (0.5 mM), showing the re-structuring of the network into more distinct
modules. Nodes represent genes while the links between them represent a high level of co-regulation (that is, a high correlation in gene expression across genetic
variants). The visualizations were generated using force directed layout in cytoscape and nodes are colour coded according to GO category. Yellow nodes in the RNA-
seq unstressed network are either non-coding RNAs or neighbours of a non-coding RNA.
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co-expression as calculated from the 31 mutants. Thus, the
7 mutants are sufficient to produce a fairly representative
approximation of co-expression (see ESI† for further discussion
of the robustness of the microarray dataset).

A second possible explanation is a bias introduced because
all mutants in the microarray dataset are stress related. This
could affect the co-expression network in two ways: first, the
variability between the genetic conditions is low, explaining the
higher average correlation in the microarray dataset. This gives
us less power to probe co-expression – some patterns of
co-regulation may therefore be missed. Second, the related
perturbations could mean that we may not be fully capturing
co-regulation for stress related genes: the expression of these
genes may be dominated by the direct effects of the perturba-
tion, masking effects of co-regulation.

Despite these points, the stress-induced changes are remark-
ably consistent in the two networks, suggesting that the effect
of stress on the co-expression network is robust.

Importance of non-coding genes in stress. We noticed an
increase in the presence of non-coding RNAs under stress in
the RNA-seq network. The RNA-seq data allowed us to focus the

analysis on non-coding RNAs, for which few probes were
present in the microarray dataset. Interestingly, non-coding
RNAs represent 23% of the set of genes present only in stress,
compared to only 13% of genes present only in the non-stressed
network and 16% in the genes present in both networks. This
finding raises the possibility that the expression of non-coding
RNAs becomes more coordinated under stress treatment.

An analysis of the non-coding RNAs that appear to be
strongly co-regulated only during stress reveals that the majority
are annotated antisense RNAs, overlapping protein coding
transcripts on the opposite strand. The corresponding protein-
coding transcripts (mRNAs) represent a mixture of cell-cycle
factors, chromatin remodellers and metabolism related proteins
(data not shown). This suggests these strongly co-regulated
non-coding RNAs might play a role in the regulation of these
functions during stress. More specifically, we classified links
into three classes: links between two non-coding RNAs, links
between two coding RNAs and links connecting one coding
transcript to a non-coding one. Fig. 4 shows the proportion of
existing links compared to the total number of possible links
within each of these categories, in other words, capturing the

Fig. 3 Changes to modular overlap in co-expression networks in response to oxidative stress (0.5 mM hydrogen peroxide). Two distinct module finding algorithms
were used: ModuLand (ML) and Link Communities (LC, using clustering cut-off of 0.4, see Methods). For ModuLand modules, overlap was measured as ML overlap (see
Methods), while for LC modules, overlap was measured as the number of modules a protein belonged to. Average LC overlap decreased from 8.88 to 3.43 for the
microarray network and from 9.98 to 3.31 for the RNAseq network. Average ML overlap decreased from 7.15 to 3.63 for the microarray network and from 1.58 to 1.18
for the RNAseq network. All changes were significant (Wilcoxon ranked sum test, p o 10�6).
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density within each of these categories. Stress produces an
increase in links connecting the same type of gene (both coding or
non-coding) whereas there is no increase in the density of mixed
(coding to non-coding) links. This result confirms findings that
non-coding antisense RNAs can be regulated independently from
their corresponding coding partners.26 In addition to the antisense
RNAs discussed above, some of the non-coding RNAs appearing
only in the stressed network are paired with other non-coding
RNAs on the opposite strand, while others are intergenic RNAs.

Protein interaction networks

PPI networks show decreased module overlap in response to
oxidative stress and nitrogen starvation. As a complementary
approach to the effect of stress on cellular networks, we
examined changes in the weighted physical protein interaction
(PPI) networks. In these networks, nodes represent proteins
while edges are documented physical interactions between
them. The same interactome is used for both stress and non-
stress, as condition-specific interaction data is not available. To
generate condition-specific networks, each edge is assigned a
value (weight) representing the probability of this interaction
occurring under the specific condition. We used two methods
to estimate this probability:

1. Abundance weighting: we approximate the probability of
interaction based on the abundance of the interacting proteins.
To remove bias against interactions involving lowly expressed
proteins, the edge weights were normalised by the edge weight
in the non-stressed condition. Because abundance data was
available for a limited number of proteins, this network was
relatively small (563 proteins).

2. Co-expression weighting: edges in the interactome are
weighted according to co-expression; this is also an estimate of
the probability of the interaction occurring, as both proteins
need to be present at the same time.

The average edge weight using both methods of network
construction was increased by stress (from 1 to 2.41 for abun-
dance weighting and from 0.27 to 0.33 for co-expression
weighting) indicating that, according to our approximation,
the probability of protein–protein interaction is higher after
exposure to stress.

We also examined changes in overlap for the PPI networks.
Calculating ModuLand overlap confirms a decrease in overlap
in response to stress for both methods of networks weighting
(Fig. 5), though this finding is only significant for the abun-
dance weighting (Wilcoxon signed rank test, p o 0.001 for
abundance weighting, p = 0.6 for co-expression weighting). The
Link Communities algorithm assigns the vast majority of nodes
to a single module (Fig. 5) – making analysis of overlap difficult
using this algorithm. These effects on the PPI network are less
pronounced than in the co-expression network. Although this
result may be a genuine difference between the networks,
it could also be due to the relatively small coverage of the PPI
network, which gives us less statistical power to detect stress
induced changes.

To test whether a similar change in network structure is also
seen in response to other cellular stresses, we also constructed
weighted abundance networks from protein abundance data in
response to 24 hours of nitrogen starvation (quiescence). As
shown in Fig. 6, the ModuLand overlap is also significantly
decreased in response to nitrogen starvation (Wilcoxon signed
rank test, p o 10�10). Average Link Communities overlap,
however, is increased in response to nitrogen starvation
(Wilcoxon signed rank test, p o 10�3). As with stress, the Link
Communities algorithm assigns the majority of the nodes to a
single module, again, complicating the interpretation of the
results. It is therefore possible that the increase in Link Com-
munities overlap represents a difference in the response to
oxidative stress and nitrogen starvation. However, we cannot
exclude the possibility that the Link Communities overlap is
not adequately capturing the overlap for these networks.
It is interesting that, although these two stresses produced
different cellular responses, the network effect, as measured by
ModuLand overlap, is similar. The potential reasons for the
network restructuring – increased robustness, energy saving
and development of more distinct functional modules – are
plausible responses to both oxidative stress and nitrogen
starvation.

Further changes in network structure. To further probe
stress induced changes in the network structure, we examined
whether there was a change in the extent to which hubs were
co-expressed with their neighbours. Fig. 7 shows the average
co-expression (as calculated from the RNAseq data) between a
hub (top 2% and 5% most connected nodes in the PPI network,
32 and 81 proteins respectively) and its neighbours, under both
stressed and non-stressed conditions. It appears that the dis-
tribution becomes more bimodal with stress: a group of hubs

Fig. 4 The density (existing links over possible links) of coding and non-coding
RNA sub-networks in the RNAseq co-expression network. The three categories of
links shown are: non-coding to non-coding; coding to coding; and non-coding to
coding (mixed). Dark bars shows measures for the non-stressed network, lighter
bars shows measures for the stressed network. Stress increases the density of
coding to coding and non-coding to non-coding links, without greatly affecting
the mixed links.
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becomes more tightly co-expressed with their neighbours (see
ESI,† Tables S3 and S4). Given that hubs with little co-expression
with their neighbours are thought to function as points of
cross-talk between functional modules, the observed change
could represent decreased inter-modular communication and
the emergence of more tightly co-regulated functional modules.
However, given the small size of the PPI network, these con-
clusions are rather tentative. In particular, we cannot exclude
that the change we perceive might represent an extension of the
distribution tail instead of bimodality.

Analysis of node centrality. Multiple measures can be
used to establish the importance of a node. The betweenness
centrality (BC) of a node is the proportion of shortest paths
in the network which pass through that node. A node with a
high BC occupies a central position in the network and a
network where most nodes have high BC is likely to be highly
interconnected.27

We analysed the weighted PPIs (abundance weighted and
co-expression weighted) finding that overall neither average BC
calculated on the whole network, nor average BC calculated
within specific GO-category sub-networks (BCsub) changed
significantly after stress treatment. However, when looking at

the following sub-networks in the abundance weighted PPIs,
we found BCsub to be increased in response to stress: DNA
dependent transcription, cytokinesis, nucleocytoplasmic trans-
port and chromatin modification. These functional sub-networks
are therefore likely to become more densely interconnected.

Interestingly, BCsub in the chromatin modification sub-
network continues to increase at the late stress time point
(240 minutes), compared to the 60 minutes point, a behaviour
not observed in other GO categories. This is consistent with
changes at the chromatin level being part of a more permanent
stress induced rearrangement of cellular regulation.28,29 A more
thorough analysis of genes that change BC upon stress treatment
is presented in the following section and in ESI,† Tables S5–S7
and Fig. S4 and S5.

The concept of linkerity expresses the sub-network centrality
of a node relative to its global centrality. Nodes with high
linkerity values are thus at the edges of sub-networks, but
central in the full network. High linkerity proteins are therefore
thought to represent linkers between separate functional sub-
networks. Although different genes display high linkerity
before and after stress treatment, no general change in average
linkerity values is observed (see ESI†). However, specific functional

Fig. 5 Changes to modular overlap in response to oxidative stress (0.5 mM hydrogen peroxide). The distinct module finding algorithms were used: ModuLand (ML)
and Link Communities (LC, using clustering cut-off of 0.4, see ESI†). For ModuLand modules, overlap was measured as ML overlap (see Methods), while for LC modules,
overlap was measured as the number of modules a protein belonged to. Average ML overlap decreases from 1.90 to 1.75 for the co-expression weighted networks
and from 1.53 to 1.50 (at t = 60 min) and 1.33 (at t = 240 min) for the abundance weighted networks. Average LC overlap decreases from 1.12 to 1.04 for
co-expression weighting and from 1.0043 to 1.0022 (at t = 60 and 240 min) for abundance weighting. Changes in the ML overlap are significant for the abundance
weighted network (Wilcoxon signed rank test, p o 0.001), though not co-expression weighting (p = 0.59).
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categories of genes are seen to change their linkerity values due
to stress.

Biological correlates of network change

Mapping network changes onto GO annotations reveals
stress induced changes in specific GO categories. Since we
observe changes in network structure in response to stress,
we sought to identify which genes and proteins undergo the
largest stress-induced change in connectivity. First, we investi-
gated which genes appear in or disappear from the network
in response to stress. In the co-expression network, presence of
a gene in only the stressed or non-stressed network suggests
that it is more tightly co-regulated with other genes in one of

the conditions. The RNA-seq co-expression network showed no
enrichment for genes present in the stressed network only,
while those in the unstressed network only were enriched for
ion transmembrane transport and related functions (corrected
p o 10�4) and regulation of nitrogen compound metabolic
processes (corrected p = 0.005). Both analyses used the set of
genes present in the networks as background to avoid biases
towards categories over-represented in the whole network. No
enrichment was found in either set of nodes in the microarray,
which is not surprising. As discussed previously, there is lesser
variability between the genetic variants in this dataset. This
leads to a less accurate estimate of gene co-expression, poten-
tially masking some of the stress induced effects on the network.

We performed a similar analysis for PPI networks (only the
co-expression weighted, as all genes were present in both
networks for abundance weighted networks). Here, the absence
of a protein under only one of the conditions is due to all its
edges having a weight of zero, indicating that the protein is not
important either pre- or post- stress. Neither set of proteins,
however, was enriched for any particular GO category when
using the PPI network as background.

To investigate changes in connectivity of genes and proteins
present in both stressed and unstressed networks, we looked at
genes undergoing the largest change in degree following expo-
sure to stress. In the co-expression networks, this indicates
which genes’ co-expression relations are most affected in response
to stress. We sorted the genes according to the magnitude of the

Fig. 6 Changes to modular overlap in proliferating and quiescent cells. Quiescent cells have been exposed to 24 hours of nitrogen starvation. For ModuLand
modules, overlap was measured as ML overlap (see Methods), while for LC modules, overlap was measured as the number of modules a protein belonged to. Average
ML overlap decreases from 2.23 to 1.53 while LC overlap increases from 1.08 to 1.13. The decrease in ML overlap is significant, Wilcoxon signed rank test, p o 10�10).
Note that these boxplots do not capture the size difference in the networks: therefore, although the proliferation network has nodes with higher LC overlap, its
average overlap is lower because of a larger number of nodes with LC overlap of 1.

Fig. 7 The effect of stress on the extent to which hubs are co-expressed with
their neighbours. Co-expression values represent the average correlation coefficient
(calculated from the RNA-seq data) between a hub (top 2% (left) and top 5%
(right) most connected nodes) and its neighbours.
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change in degree between non-stressed and stressed networks.
In the RNA-seq networks, the top 10% of genes with the biggest
stress-induced decrease in degree (reaching 173 vs. 1) are
weakly enriched for monosaccharide catabolic processes
(corrected p = 0.0038). As for the genes with the greatest
increase in degree after exposure to stress, the top 10% are
enriched for cytoplasmic translation (corrected p = 0.00084).
Again, the genes present in the network were used as the
background set for the analysis. In the microarray co-expression
network, no enrichment was found in either set of genes,
although when using the whole genome as background, the
enrichment for cytoplasmic translation in the genes with
increasing degree was recovered (corrected p o 10�17).

We then tested which proteins undergo the largest change in
weighted degree in the PPI networks in response to stress.
Weighted degree is the sum of the weights of a protein’s
interaction; thus, in these PPI networks, it represents its prob-
ability of participating in an interaction. We examined the 10%
of proteins with the greatest stress induced decrease in degree.
In the co-expression weighted network, these are enriched
(using the rest of the network as background) for mRNA
processing and particularly RNA splicing (corrected p o 0.00628).
In the abundance weighted networks, there is no enrichment
using the abundance weighted network as background. How-
ever, using either the larger PPI network (that is, not excluding
proteins for which no proteomics data was available) or the
whole genome as background, the mRNA processing and RNA
splicing enrichment is recovered (corrected p o 0.00275). The
10% of proteins undergoing the largest degree increase were
not enriched for any GO-terms in either of the networks using
the network as background.

In summary, these results suggest a stricter control of
proteins involved in translation in the stressed condition.
Furthermore, stress appears to decrease the involvement of
genes related to RNA splicing in interactions. This finding
could reflect that rapidly regulated stress-response genes are
under-enriched for introns,30 thus leading to a decreased
importance of splicing-related proteins during the stress
response. This hypothesis is supported by the finding that
the enrichment for splicing related categories is no longer
present at 4 hours post exposure to stress.

We repeated the enrichment analysis for sets of proteins
undergoing a change in centrality in response to stress.
Proteins that decrease their overall BC upon stress treatment
are enriched for cytokinesis (corrected p o 10�14), while the
proteins that increase BC are enriched in proteasome subunits
(corrected p o 10�19).

An interesting group of proteins increase their overall BC at
the 240 min time-point, and they are enriched in cytoskeleton
re-organization (corrected p o 10�6).

Although the numbers of genes in these lists are small, the
enrichments suggest a fundamental role for the proteasome
after stress treatment, probably involved in the elimination of
the oxidatively damaged protein. Both the enrichment for
cytokinesis and cytoskeleton re-organization are likely to be
explained by the growth arrest which is initiated during stress

response. These findings also suggest an important rearrange-
ment of the cellular structure as a long-term consequence of
stress, in line with recent reports of cross-talk between cell cycle
and cell shape regulation.24

Finally, confirming our previous findings, genes that have
changes in linkerity upon stress treatment are enriched for splicing.

Conclusions
Gene correlation networks become fragmented in response to
stress

Gene correlation networks show higher positive correlation
coefficients, longer average shortest path lengths, higher tran-
sitivity, and less overlap between modules after exposure to
stress. These findings are indicative of a tighter co-regulation
between genes within a module, but lesser communication
between modules. This type of re-organization might represent
the emergence of more specialized functional units in response
to stress. It is also consistent with increased network robust-
ness, potentially ensuring resilience to further challenges.
Though changes in the weighted PPI networks are more diffi-
cult to assess, it appears that the re-organization seen at a gene
expression level is indeed translated to the protein level.

Under stress, the co-expression between a group of hubs and
their neighbours increases. These findings are reminiscent of a
long standing debate about the existence of bimodality in the
hub-neighbour co-expression distribution and the distinction
between party-hubs (co-expressed with neighbours and binding
many partners at once) and date-hubs (not co-expressed with
neighbours and binding partners in different places or at
different times).31–33 We do not believe that our dataset is of
a sufficient size to justify any claims in this regard. However, we
do observe bimodality in hub-partner co-expression in stressed
networks, consistent with the strengthening of inter-module
connections parallel to a weakening of intra-module links.

Specific gene functional categories are seen to be affected by
the stress

Our analysis also suggests a decreased importance for splicing
factors under stress. This effect is observed in two distinct types
of protein interaction network: those weighted according to
protein abundance as well as those weighted according to
protein co-expression. These genes also present changes in
their linkerity upon treatment. The lesser functional impor-
tance of this regulatory mechanism after stress exposure could
arise from the need for rapid control of genes in response to
stress. Importantly, the phenomenon is no longer seen four
hours after exposure to stress, highlighting its association with
the transient stage of the transcriptional response.

The decreased network centrality of proteins involved in cell
division is consistent with the stress-induced growth arrest,
while increased centrality of proteasome subunits could indi-
cate a higher turnover of proteins needed to eliminate the
oxidatively damaged proteins.

The local betweenness centrality analysis within specific
functional subnetworks also suggests the importance of chromatin

Paper Molecular BioSystems

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

8 
Fe

br
ua

ry
 2

01
3.

 D
ow

nl
oa

de
d 

on
 2

/1
1/

20
26

 2
:5

1:
27

 A
M

. 
View Article Online

https://doi.org/10.1039/c3mb25548d


This journal is c The Royal Society of Chemistry 2013 Mol. BioSyst., 2013, 9, 1697--1707 1707

modification in the long term following stress exposure, accom-
panied by a rearrangement of the cytoskeleton.

Finally, increased co-expression between non-coding RNAs
in the stressed conditions suggests that they might play an
important role in cellular stress response.
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