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Abstract
The analysis of gene networks and signalling pathways plays a key role in understanding
gene functions, i.e., their effects on the development of a particular disease. Yet, for many
heterogeneous diseases, the number of known disease-associated genes is limited.
Identifying disease-associated genes is still an open challenge. To understand the functions
of genes associated with a disease, we develop a Metropolis-Hastings sampling based
SIGnificant NETwork (MSIGNET) identification approach. MSIGNET integrates disease gene
expression data and human protein-protein interactions in a Bayesian network, and
identifies interactions of genes specifically expressed under the disease condition. We
applied MSIGNET to simulation and benchmark data. Results demonstrated its superior
performance over conventional network identification tools on disease-associated gene
network identification when multiple local gene modules existed. To learn genes and
functional signalling pathways associated with ovarian cancer recurrence, we identified a
gene network using TCGA ovarian cancer gene expression data and further validated results
using an independent gene expression data set. Genes in the identified network were
significantly enriched with cellular processes relevant to ovarian cancer development, and as
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features, they demonstrated predictive power on ovarian cancer recurrence. MSIGNET can
be accessed at https://sourceforge.net/projects/msignet/.
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1. Introduction
With comprehensive cancer-specific gene expression data acquired from the TCGA project [1],
for many cancer types we are able to reliably identify cancer-specific genes from patient samples.
Although some genes were previously individually studied for their functional roles in cancer
development, genes indeed exhibited emergent properties when functioning together [2], like
revealing synthetic lethality [3]. Gene signalling pathway analysis (including both genes and their
interactions) plays a key role in understanding biological signal transduction in cancer. For
example, the deficiency of DNA repair is one of the hallmarks of the high grade serous ovarian
cancer [4]. The chemotherapy drug like olaparib that targets DNA damage response taking
advantage of clinical synthetic lethality has already shown therapeutic benefit in ovarian cancer
[5]. There were many cellular processes or signalling pathways but only a few were associated
with disease development under a specific context [6]. Thus, the analysis of gene interactions and
their coherent functions for a specific cancer type can facilitate the identification of novel diseaseassociated genes and signalling pathways [7].
For disease-associated gene network identification, a number of methods were developed to
reflect significant disease-specific gene expression from the network aspect, where a gene
expression dataset (with both disease and control samples) and protein-protein interactions (PPI)
[8] were used as input [9-11]. In general, these methods proposed objective functions and
identified networks in which gene features would maximize the objectives. As limited knowledge
about disease-gene association is available [12], especially for cancers that are highly
heterogeneous, given a specific disease, the number of genes or their interactions associated with
that disease is largely unknown. In most cases, identifying an optimal disease-associated gene
network is NP-hard [13]. Another challenge of studying gene PPI networks [8] is that, among
interactions between tens of thousands of genes, there exist many local gene modules. Network
searching tools could easily stick within local modules and miss important genes associated with
disease. Therefore, computational tools that can globally and efficiently search large-scale
networks and identify interactions of genes with specific and coherent expression under a disease
condition are still needed.
In this paper, we developed a network identification tool, MSIGNET (Metropolis–Hastings
sampling based SIGnificant NETwork identification), by integrating disease-specific gene
expression data with human PPIs. MSIGNET uses Markov chain Monte Carlo (MCMC) to search,
sample and combine local gene modules into a global network. During the MCMC process,
MSIGNET samples a subset of genes and their interactions from the large-scale human PPI
network, evaluates the significance of gene differential expression between disease and control
samples and co-expression of PPI connected genes, and then determines if the sampled network
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meets the criterion of acceptance. To improve the sampling efficiency, MSIGNET uses an
informative proposal function to make the Markov Chain more likely to jump to a disease relevant
state (with more differentially expressed and co-expressed genes). In the end, all sampled
subnetworks are summed together as a weighted global network where the sampling frequency
on each gene or gene interaction denotes the probability of its association with the disease.
To demonstrate the accuracy of MSIGNET on disease-associated gene networks identification,
we applied MSIGNET to simulation data and compared its performance to competing network
identification approaches. Results revealed a superior performance of MSIGNET on identifying
disease-associated genes and their interactions, especially in networks with multiple local modules.
We further applied MSIGNET to studying Parkinson’s disease for which disease-associated gene
networks were previously identified [14]. Not only did we reproduce Parkinson’s diseaseassociated gene networks but identified additional biologically meaningful and interactive genes
associated with Parkinson’s disease.
We finally used MSIGNET to identify genes and signalling pathways associated with ovarian
cancer recurrence. Ovarian cancer is one of the most aggressive cancers in women in the United
States. Generally, 70% of advanced stage ovarian cancer relapses; and even in stage I or II patients,
the relapse rate is 20%-25% [15]. Using MSIGNET we identified a network for genes differentially
expressed between two groups (aggressive versus less aggressive) of TCGA ovarian cancer patients
with short and long survival time. Validating the results network on another independent data set
we demonstrated that the MSIGNET-learned gene network includes key ovarian cancer genes as
well as functionally relevant genes that provide prediction power on cancer recurrence.
2. Methods
Given a gene expression dataset Y = [ yn,1 ,..., yn,M , y n, M +1 ,..., yn,M
D

D

D + MC

] including N genes

( n Î{1,2,..., N} ) for M D disease and M C control subjects, to identify disease-associated genes and
their interactions, we define a gene vector G = [g n ] and a network matrix V = [v n ,n ] and infer the
1

2

states of each elements in them using Bayesian inference as follows:
P(V,G | Y) µ P(Y | G)P(Y | V)P(V,G)

(1)
The prior information of G and V is obtained from the input PPI data as follows:
ìïvn ,n = 1 or 0, if there is a protein-protein interaction
1 2
,
í
ïîvn1 ,n2 = 0, else

(2)

ìï g n = 1, if ( å vn,n' )>0
n'
.
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g
=
0,
else
îï n

(3)

As the number of genes and interactions that are truly associated with a particular disease is
unknown, we assume a uniform (noninformative) prior on G and V . The conditional probability
P(Y | G) represents the likelihood of genes in G that are differentially expressed between disease
subjects and control subjects in the gene expression dataset Y . The conditional probability
P(Y | V) represents the relatedness (co-expression) for genes interacting in PPI network V . For
each gene g n = 1, we calculate its differential expression p-value using t-statistics and then
transfer the p-value to a z-score zn based on the inverse cumulative distribution of Gaussian.
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P(Y | G) is calculated as a probability of the sum of zn for all g n = 1, and is assumed to follow

Gaussian distribution. For each edge vn ,n = 1, we calculate the Pearson correlation coefficient of
1

2

gene expression for genes n1 and n2 , and then Fisher-transform the coefficient to z-score en ,n .
1

2

P(Y | V) is calculated as a probability of the sum of en ,n for all vn ,n = 1, and is assumed to follow
1

2

1

2

Gaussian distribution. P(Y | G) and P(Y | V) can be approximated as follows:
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s E2 ,L are pre-estimated by randomly selecting N i genes and Li interactions and calculating the
i

mean and variance of the score sums. The specific values will change when we select different
networks. In MSIGNET, we control N i to vary from 20 to 50 so that each subnetwork captures a
local module without increasing much of the computational complexity. We also control the
number of edges Li under 100.
To initiate the Markov chain, we randomly select a small number of genes (e.g., 30) and their
PPI interactions. Between two consecutive rounds of sampling, the network jumps from one state
to the next by adding or deleting (with an equal prior) one node and one edge, controlled by a
proposal function h .
Given G i and V i , in the ( i +1 )-th round of sampling, in an adding action we first randomly
select a seed gene n in G i (the dark node in Figure 1B). Then we sample a new neighbour gene
n' (the red node in Figure 1B) among genes connected to the seed gene in the global PPI but not
included by V i . The gene differential expression score z n' of gene n' and its relatedness (coexpression) en,n' to the seed gene jointly reflect the positive contribution of this adding action to
the disease-associated network. Thus, we design the proposal function h(G ', V ' | G i , V i ) (a
conditional probability) proportional to P(z n' )P(en,n' ). For a deleting action, to avoid breaking the
network connectivity, we only delete a leaf node n' from the network V i with

åv

n,n'

= 1 (the

n

cyan node in Figure 1B). Specifically, in the network V i , we delete a node that is less differentially
expressed and less intensely related to its connected node. Therefore, the proposal function
h(G ', V ' | G i , V i ) is proportional to (1- P(z n' ))(1- P(en,n' )) .
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Figure 1 Workflow of the MSIGNET approach. For a specific disease, given a gene
expression dataset, (A) MSIGNET calculated gene differential expression between
disease samples and control samples for each gene and also calculated gene coexpression for pairs of genes connected by PPIs. (B) Under a Bayesian framework,
MSIGNET used Metropolis-Hastings sampling to sample genes and their interactions,
evaluated gene differential expression and co-expression in each sampled subnetwork
and accepted or rejected samples. (C) In the end, summing all sampled subnetworks
together, MSIGNET returned a global network with weighted nodes (genes) and edges.
After the above adding/deleting action, we proposed a new gene vector G' and a new network
matrix V ' to reflect the changed gene and edge states. Then, the network jumps to a new
proposed state. According to the Metropolis-Hastings rule (defined in Eq. (6)), we evaluate the
posterior probability improvement of the proposed state over the previous state and decide if we
accept or reject it. If we accept the proposed state, we assign the network state for the ( i +1 )-th
round of sampling as G i+1 = G' and V i+1 = V ' ; otherwise we hold the network state as G i+1 = G i and
V i+1 = V i .
æ

a = min ç 1,
è

P(G',V ')h(Gi ,V i | G',V ') ö
(6)
P(Gi ,V i )h(G',V ' | G i ,V i ) ÷ø

We monitor the sampling convergence by running multiple MCMC sequences initiating from
different network states [16]. Once the sampler appears to converge to the stationary distribution,
we start to record G and V . In real data analysis, especially when the highly heterogeneous
cancer data is used, the number of patient samples is usually small and the data noise is high,
which significantly impacts the disease-associated gene network identification. To obtain robust
network results, we bootstrap samples of the gene expression dataset 100 times and run
MSIGNET with each, to combat the effects of any outlier samples and data noise. We sum all
sampled network states together and obtain the final estimation as G and V , where the
sampling frequency of each unit in gene vector G or in matrix V represents the posterior
probability of disease association for each gene or edge.
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3. Results
3.1 MSIGNET Performance on Simulated Networks
To evaluate the accuracy of MSIGNET on network identification, especially when there exit
multiple local modules in a large gene network, we used real human PPIs from the HPRD database
[8] (http://www.hprd.org/download, release 9) for network simulation and also simulate gene
expression data with both disease-associated genes (differentially expressed (DE)) and background
genes (equally expressed (EE)).
Using human PPIs, we constructed three networks with different levels of connectivity
complexity between DE and EE genes (Supplementary Material, S1; Table S1; Figures S1-S3).
Network 1 had two DE modules with dense interactions in between, including 127 DE genes and
927 DE-DE interactions, with 133 EE genes and 736 DE-EE or EE-EE interactions as background
(Supplementary Figure S1). Network 2 also had two DE modules including 125 DE genes and 360
DE-DE interactions. Between the two DE modules there were very few direction interactions but
62 EE genes and 650 DE-EE or EE-EE edges (Supplementary Figure S2). In Network 3, there were
multiple DE modules (220 DE genes and 1,513 DE-DE edges) in a large network (totally 2518 genes
and 15,266 edges) (Supplementary Figure S3). The number of EE genes is ten times higher than
that of DE genes and those EE genes were densely around DE modules.
Given each constructed network and gene states (DE or EE), we further used a two-step model
to simulate gene expression data under two conditions (i.e., disease versus control). In the first
step, we modelled the probabilities of the DE or EE state for each network gene using a Markov
random field (MRF) model [17], where the network connectivity and neighbor gene states jointly
determined how likely a DE gene can be ‘true’. Second, we simulated gene expression data using a
Gamma-Gamma (GG) model [18] with the MRF probabilities as input, and generated 50 samples
under each condition, with Gaussian noise added. More details about gene expression data
simulation were introduced in Supplementary Material, S2.
We compared MSIGNET with several network identification approaches including RegMOD [9],
COSINE [11], MATISSE [19], Heinz [20], jActive [13], GiGA [21] and DeGAS [14] on network gene
and edge identification. Most tools (other than RegMOD) reported the finally identified network
as binary. Therefore, for performance compare, in Figure 2 we presented receiver operating
characteristic (ROC) curves for MSIGNET and RedMOD using their weighted network outputs and
in Table 1 we presented F-measures (2*precision*recall/(precision + recall)) of the other methods.
Both results demonstrated that MISGNET exhibits a superior performance over existing
approaches, especially when the network consists of multiple local modules. For Network 1 that
had simple network connectivity, MSIGNET was comparable and better than the other methods.
While for Network 3 where most methods were stuck in partial local modules, only able to capture
partial DE genes, MSIGNET achieved a much better performance on capturing a high proportion of
DE genes (F-measure = 0.88), with 0.2 F-measure improvement over the other methods. To
connect those DE genes, each method had to frequently pass through EE genes and their
interactions so that many ‘bridges’ between DE and EE genes were frequently selected, leading to
a relatively low accuracy on edge identification. As MSIGNET was designed to reject samples of
such ‘bridge’ edges as much as possible without breaking the network connectivity, its
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performance on Network 3 DE-DE edge identification (F-measure of 0.55) was two times higher
than that of any other method.

Figure 2 MSIGNET receiver operating characteristic curves for network identification.
Performances of MSIGNET, its simpler versions modelling on either node (using
differential expression) or edge (using co-expression) and a competing method
RegMOD on identifying DE genes (A, B and C) and DE-DE edges (D, E, F) in Networks 1 3.
Table 1 F-measure performances of competing methods on node and edge identification.
Networks
Network 1
Network 2
Network 3

MSIGNET COSINE MATISSE Heinz

jActive

GiGA

DeGAS

Gene

0.96

0.49

0.92

0.92

0.94

0.94

0.70

Edge
Gene

0.90
0.95

0.31
0.52

0.54
0.92

0.90
0.91

0.89
0.97

0.89
0.84

0.51
0.87

Edge
Gene

0.82
0.88

0.34
0.15

0.54
0.67

0.72
0.67

0.81
0.49

0.66
0.42

0.72
0.56

Edge

0.55

0.17

0.23

0.26

0.27

0.16

0.21

3.2 Parkinson’s Disease associated Gene Networks
To benchmark the performance of MSIGNET on disease-associated network identification, we
applied it to Parkinson’s disease gene expression data [22] and compared the results with existing
Parkinson’s disease-associated gene networks [14]: one up-regulated network including 73 genes
over-expressed in Parkinson’s disease patient samples and one down-regulated network including
67 down-regulated genes. In the PPI database, most up-regulated genes were within two-jumpPage 7/14
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neighbour genes around gene YWHAB and most down-regulated genes were within two-jumpneighbour genes around gene HD. Therefore, MSIGNET integrated the Parkinson’s disease gene
expression data [22] with PPI inputs of 693 neighbour genes around gene YWHAB and identified
an up-regulated gene network. Meanwhile, MSIGNET identified a down-regulated network using
gene expression and PPI inputs of 347 genes around gene HD. Among the top 100 genes mostly
sampled in each network, MSIGNET has successfully captured 80% up-regulated genes (red genes
in Figure 3A; hypergeometric p-value = 5.6e-34) and 77% down-regulated genes (green genes in
Figure 3B; hypergeometric p-value = 4.9e-37).
Further, focusing on the top 100 up-regulated network genes identified by MSIGNET, gene
functional enrichment analysis using DAVID [23] returned significantly enriched cellular processes
like regulation of apoptosis, cellular response to stress and regulation of cellular protein metabolic
process (Supplementary Material, S3; Supplementary Table S2), consistent to the earlier study [14].
While among the top ranked 100 down-regulated genes, enrichment analysis revealed 11
Parkinson’s disease-associated genes (adjusted p-value 3.7e-5), with 5 more genes identified if
compared to the earlier approach (6 out of 11 genes were reported) [14]. In addition, we found
that many genes could be associated with neurological diseases like Alzheimer’s disease,
Huntington's disease, neurological system process, regulation of neurogenesis and learning,
memory and behavior (Supplementary Table S3), all of which were highly relevant to the
development of Parkinson’s disease.

(A)

(B)

Figure 3 MSIGNET identified Parkinson’s disease-associated gene networks. (A) A
network with up-regulated genes, where genes previously reported as associating with
Parkinson’s disease in an independent network study [14] are labelled in red. (B) A
network with down-regulated genes, where genes previously reported as associating
with Parkinson’s disease [14] are labelled in green.
3.3 Ovarian Cancer-associated Gene Network
Ovarian cancer is one of the most aggressive women cancer types. Generally, 70% of advanced
stage ovarian cancer relapses; and even in stage I or II patients, the relapse rate can be as high as
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25% [15]. Ovarian cancer recurrence can occur as soon as six months with a median interval of 18
to 24 months. But it is also noted that there are still long-term survivors of recurrent ovarian
cancer with survival time longer than five years. Clinical features at the time of primary therapy
like optimal surgical cytoreduction and platinum-sensitivity [24], and genomic features like a lower
proportion of somatic copy number alterations and a lower average ploidy [25] have been
associated with long survival. Yet, there is still much unknown about the biomarkers associated
with short/long survival in women with ovarian cancer. Therefore, identifying predictive and
interpretable features for ovarian cancer patient survival is important in understanding the
mechanism of ovarian cancer development and helpful for drug selection or new drug
development.
We investigated gene networks to be associated with ovarian cancer recurrence. Here, we
specifically focused on the genes that were differentially expressed between samples of patients
with different survival time distributions (Figure 4A and 4B). We downloaded gene expression data
of ovarian cancer
patients (with chemotherapy) from
the
TCGA project
(https://portal.gdc.cancer.gov/) and another similar ovarian cancer gene expression data set from
the GEO database (http://www.ncbi.nlm.nih.gov/geo/, GSE3149). As mentioned above, for
aggressive ovarian cancer, the recurrence can occur as soon as six months with a median interval
of 1.5 to 2 years while there are still long-term survivors with survival >5 years [26]. As shown in
Fig.4, based on the overall survival time distribution of patients in TCGA or in GSE3149, three
groups of patients can be found: survival <2 years, 2-4 years and > 4 years. Therefore, to identify
genes networks associated with ovarian cancer recurrence, for a group of patients that had very
aggressive ovarian cancer (the cancer comes back within a short period after treatment), we
selected samples with survival time < 2 years as the ‘early’ recurrent group. We then selected
samples with survival time > 4 years as the ‘late’ recurrent group, for patients that were more
sensitive to the chemotherapy and had a longer survival time, with a relatively lower risk of cancer
recurrence. The TCGA dataset included 72 ‘early’ samples and 131 ‘late’ samples (Figure 4A). Gene
TP53, a well-known cancer gene, was selected as a seed gene to extract 2,240 proteins (within
two-jump neighbors) and 11,798 PPIs from the HPRD database. Using MSIGNET to integrate TCGA
gene expression data and TP53 centered PPIs, we identified a network including the top ranked
250 genes (top 10%) and top 25% edges. To improve the accuracy of network prediction, we also
applied MSIGNET to the GSE3149 dataset including 33 ‘early’ samples and 56 ‘late’ samples (Figure
4B) and identified a gene network with 83 genes and 201 edges in common in both datasets
(Figure 4C; p-value 4.6e-24).
There were several known ovarian cancer genes interacting with each other in MISGNET
identified network (Figure 4C). NCOR2, whose expression is associated with several cancer types
including ovarian cancer, serves as a hub gene in the network. Its neighbor gene, NFKB1, is also a
known gene associated with ovarian cancer, frequently overexpressed in ‘early’ recurrent patients.
Both genes interact with RXRA, a highly active gene in ovarian cancer. SPTBN1 is significantly
overexpressed among patient samples in the ‘early’ group and interacts with CSNK2A1; the latter
has an increased protein activity and enzyme activity in a majority of cancers. In the MSIGNETidentified network, CSNK2A1 directly interacts with BRCA1, a marker gene of ovarian cancer.
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Figure 4 Ovarian cancer-recurrence associated gene network analysis. (A) The survival
time distribution of TCGA ovarian cancer patients with chemotherapy. (B) The survival
time distribution of GSE3149 ovarian cancer patients. (C) A common gene network
with 83 genes and 201 edges. ‘Red’ genes are upregulated in the ‘early’ group while
‘green’ genes are downregulated. The size of each node represents the sampling
frequency of MSIGNET. (D) Sample recurrence ROC curve (5-fold cross-validation) for
the classifier between ‘early’ and ‘late’ samples, built upon genes in (C) using MSIGNET
network and TCGA gene expression data as input. (E) Sample recurrence ROC curve (5fold cross-validation) for the classifier built upon genes in (C) using MSIGNET learned
network and GSE3149 gene expression data as input.
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Gene functional enrichment analysis using DAVID reported the enrichment of several key
pathways functioning in ovarian cancer (Supplementary Material, S4; Supplementary Table S4).
For example, TGF-beta signaling pathway (p-value = 1.6e-11) plays a key role in ovarian cancer cell
proliferation [27]. MAPK signaling pathway, a known pathway for cancer cell survival and usually
resistant to drug therapy [28], is also enriched (p-value 3.6e-3). Moreover, several hallmark
pathways associated with ovarian cancer are enriched, like DNA damage response and DNA repair
(p-values = 6.3e-3 and 1.5e-2, respectively). Many genes in these processes are also involved in
the regulation of cell proliferation and cell growth. DNA damage response plays a key role in
maintaining genome stability, directly associated with cell survival and also coordinates a series of
cellular processes including DNA replication, DNA repair and cell-cycle progression. Drugs like
olaparib that targets DNA damage response taking advantage of clinical synthetic lethality have
already shown therapeutic benefit to ovarian cancer patients [5].
The MSIGNET-identified network reflected gene differential expression between ovarian cancer
‘early’ and ‘late’ recurrent patients from the network aspect. We further checked the network
genes performance in predicting patient survival time. Using the network in Figure 4C together
with the gene expression data as features, for each patient we predict its sample label (‘early’ or
‘late’) using NetSVM [29], respectively for samples in TCGA and GSE3149 data sets (Figure 4D and
4E). We performed three-fold cross validation for each data set and finally obtained AUC (area
under ROC curve) = 0.78 for TCGA samples and 0.86 for GSE3149 samples. While using gene
expression data only, the AUC was 0.73 for TCGA and 0.78 for GSE3149 samples. Studying protein
interactions of genes together with their mRNA expression contributes to the discovery of key
molecules that have prediction power on ovarian cancer recurrence.
4. Discussion
We developed a Metropolis sampling-based approach for identifying a disease-associated gene
network with input of disease-specific gene expression and human general PPIs. MSIGNET was
specifically designed to efficiently identify a disease-associated network out of thousands of genes
and their interactions. MSIGNET had a superior performance when the underlying network
contained multiple local modules. Using two studies of Parkinson’s disease and ovarian cancer, we
demonstrated that MSIGNET can capture known disease-associated genes and additional relevant
genes functioning in the disease. We were focused on identifying predictive and interpretable
biomarkers associated with ovarian cancer survival. We used TCGA samples on purpose because a
vast majority of them are primary tumors, with early or late local recurrence. The good
performance of MSIGNET-identified features on predicting ovarian cancer recurrence revealed
that a network-centric view of gene differential expression can contribute to the interpretation of
short survival of ovarian cancer due to early recurrence (local recurrence).
For ovarian cancer recurrence analysis, overall survival (OS) was used in this paper for sample
selection, however progression-free survival (PFS) can be another option. As most patients
received multiple post-progression treatments, which can significantly confound the effects of the
investigational therapy on the overall survival time endpoint. PFS is unaffected by postprogression therapies and may provide earlier evidence of efficacy of new treatments, which can
expedite regulatory approval. However, correlations in the relative treatment effect between PFS
and OS in first-, second- and third-line platinum-based chemotherapy trials [30, 31] for epithelial
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ovarian cancer are all moderate. It is challenging yet interesting to investigate the difference of
identified genomic markers when a different endpoint is used.
For cancer studies, not limited to ovarian cancer but other aggressive cancer types like breast
and prostate cancer, another potential future application of MSIGNET could be studying networks
of genes with differential expression between metastatic samples and local recurrent samples.
Less significance of differential expression can be anticipated due to the diversity in metastatic
samples. MSIGNET provides a new means of integrating those weakly differentially expressed
genes with their PPIs and identifying gene modules or signalling pathways which can be potentially
associated with distant metastases.
Code Availability
MSIGNET was implemented in MATLAB (2016a). Demo data and code were made publicly
accessible at https://sourceforge.net/projects/msignet/.
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