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Abstract

Deregulation of gene expression, a hallmark of cancer, is caused by both genetic and epigenetic mechanisms. The rapid
accumulation of epigenome maps of various cancers suggests a new avenue of research, namely integrating epigenomic
data with other types of omic data for cancer diagnosis, prognosis, and biomarker discovery. We introduce the MAPIT
algorithm (Multi Analyte Pathway Inference Tool), to enable principled integration of epigenomic, transcriptomic, and
protein interactome data. As a proof-of-principle, we apply MAPIT to glioblastoma multiforme (GBM), the most common
and aggressive form of brain tumor. Few predictive markers were reported for the prognosis of GBM patients. By integrating
mRNA transcriptome, promoter DNA methylome and protein-protein physical interactome, we find ten expression- and
three methylation-based network markers, involving 118 genes. When tested on additional GBM patient samples, the
prognostic accuracy of the multi-analyte network markers (73.5%) is 9.7% and 8.6% higher than previous prognostic
signatures built on gene expression or DNA methylation alone. Our results highlight the critical role of two novel pathways
in the prognosis of GBM patients, small GTPase-mediated protein trafficking and ubiquitination-dependent protein
degradation. A better understanding of these two pathways could lead to personalized therapies for subgroups of GBM
patients. Our study demonstrates that integrating epigenomic, transcriptomic, and interactomic data can improve the

* E-mail: kai-tan@uiowa.edu

accuracy network-based prognosis markers and lead to novel mechanistic understanding of cancer.
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Introduction

Glioblastoma multiforme (GBM) is the highest grade tumor of
astrocytes (WHO grade IV [1]). It is also the most common and
lethal form of brain tumor with a median survival time of 12-15
months after initial diagnosis [2,3]. In spite of a short median
survival time, a small percentage of GBM patients can live a very
long time (3-20 years) after diagnosis. In this study, we call these
patients Long Term Survivors of GBM (LTS-GBM). Understand-
ing the molecular pathways that distinguish these rare LTS
patients from Short Term Survivors (STS) could lead to more
effective treatment and management of the deadly disease.

Few predictive gene markers for GBM patient outcome were
reported until recently. Using four independently collected sets of
gene expression profiles, Colman ez al. found a set of 38 genes that
can distinguish STS (median survival time =39 weeks) from LTS
patients (median survival time = 146 weeks) [4]. Using another
compendium of gene expression profiles generated by The Cancer
Genome Atlas (TCGA) consortium, Verhaak e al. [5] classified
GBM patients into four subtypes based on their gene expression
profiles. They found a trend towards longer survival among
patients with a proneural subtype although the trend is not
statistically significant. More recently, using a compendium of
CpG island DNA methylation profiles generated by the TCGA
consortium, Noushmehr ez al. identified a CpG island methylator
phenotype (involving 1,228 gene promoters) that are associated
with significantly improved disease outcome [6].

Diseases of complex etiology such as cancer are consequences of
combined defects of many genes. These disease genes in turn drive
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the pathogenesis through an integrated network response. Thus,
the historical approach of investigating disease by studying
individual genes and linear pathways must be complemented by
a systems biology approach that will more likely identify nodal
points affecting network dynamics, yielding targets of strong
therapeutic potential. The large-scale generation and integration
of genomic, transcriptomic, proteomic, and metabolomic data
have enabled the construction of complex gene networks that
provide a new framework for understanding the molecular
mechanism of diseases. This network-based view of disease is
profoundly different from the familiar linear causality model that
generally fails to account for the complexity of human biology and
the intricate web of interactions associated with a particular
disease phenotype.

A number of studies have shown that network-based markers
provide a more effective and accurate means for cancer gene
discovery and disease subtype stratification. Additionally, com-
pared to traditional approaches that do not explicitly consider
relationships between genes/proteins in a pathway, the network-
based approach naturally provides a mechanistic understanding of
the underlying pathways. Chuang ¢t al. [7], Taylor et al. [8], and
Lefebvre et al. [9] integrated gene expression profiles with physical
protein-protein interactome data to identify subnetwork markers
for the prognosis of breast cancer and lymphoma patients.
Torkamani and Schork [10] used gene co-expression network to
infer cancer-initiating genes in breast, colorectal cancer, and
glioblastoma. Although highly promising, none of these previous
studies incorporated epigenetic data into their integrative analyses
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in spite of the well-established critical role of epigenetics in cancer
etiology [11,12]. For the sake of discussion, we termed those
previous approaches using gene expression data only as single-
analyte network based approach.

Both histone tail post-translational modification and DNA
methylation have been shown to play a critical role in
tumorigenesis and progression [13,14]. For instance, hypermethy-
lation of the genes encoding NSD1, the death-associated protein
kinase DAPK, epithelial membrane protein-3, and CDKN2A has
been linked to poor outcomes in neuroblastoma, lung, brain and
colorectal cancers, respectively [13]. For GBM, promoter
hypermethylation of the MGMT gene (O6-methylguanine meth-
yltransferase) has been linked to poor disease outcome [15,16].
While promising, it is likely additional methylation-based bio-
markers could complement MGMT status as an outcome
predictor. The advent of next-generation sequencing and high
throughput tandem mass spectrometry has enabled epigenomic
profiles to be generated at unprecedented rate for various types of
cancers. Clustering analysis of epigenomic data has revealed
prognostic signatures that are complementary to gene expression
patterns [6]. Recently, Wen et al. [17] has reported an integrative
analysis of transcriptomic, epigenomic, and protein interactome
data to discover driver genes in colorectal cancer. They used DNA
methylation data as prior information for candidate driver genes.
However, a similar integrative analysis has not been conducted to
identify prognostic markers for cancers.

We hypothesize that multi-analyte network markers can be
discovered by integrating gene expression profile, epigenomic
profile, and protein-protein interactome. These markers can be
used to iImprove cancer prognosis accuracy compared to previous
approaches in which only transcriptome and interactome data are
integrated. To this end, we develop a novel computational
framework that enables principled integration of multi-dimension-
al genomic and interactome data for molecular pathway inference.
We implement the framework in the MAPIT (Multi Analyte
Pathway Inference Tool) algorithm. We apply the MAPIT
algorithm to identify prognostic network markers to predict
GBM patient survival time. Our integrated analysis reveals that
genes involved in protein trafficking, apoptosis, and protein
catabolism play a critical role in predicting GBM patient outcome.

Materials and Methods

Classification of GBM patients based on their survival
time

There is no a clear-cut and universal definition of LTS-GBM.
In this study, we used the definition by Colman e al. [4], i.c. a
patient is classified as a L'T'S if s/he survives at least two years after
the initial diagnosis. Using this criterion, we have identified a total
of 42 LTS and 237 ST patients from the TCGA data set. Patient
clinical information is provided in Figure S1 and Table S1.

GBM Patient Gene Expression and CpG island DNA
Methylation Data

We downloaded gene expression and promoter DNA methyl-
ation data for 279 GBM patient samples from the TCGA data
portal. Matching clinical data such as survival time after diagnosis
were also obtained from TCGA. Gene expression profiling was
done using the Agilent G4502A platform covering 17,814 genes.
Promoter CpG island methylation profiling was done using the
Ilumina Infintum HumanMethylation27 platform, covering
13,372 genes. There are additional methylation data generated
by the TCGA using two other Illumina platforms. We only used
data generated by the 27k platform because only this set has
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triplicate data for every patient sample. The other two sets are
smaller and only have duplicate data. Some genes can have
multiple promoters and a representative promoter with the most
significantly differential methylation between LTS and STS
patients was used. The number of genes shared by the two
platforms was 12,872.

Human Protein-Protein Interaction Data

We obtained experimentally derived, non-redundant protein-
protein interaction data from the iRefIndex database (version 4.0)
[18], which consolidates a number of primary protein interaction
databases including BIND, BioGRID, CORUM, DIP, HPRD,
IntAct, MINT, MPact, MPPI and OPHID. We also included the
human MAP kinase interactome recently mapped by Bandyo-
padhyay et al. [19]. The final combined network contains 10,691
proteins and 47,162 interactions. A Venn diagram for the
expression, methylation, and PPI datasets are shown in Figure S2.

Selection of training set for prognostic network module

discovery

In order to obtain the most characteristic samples from LTS
and STS patients, we selected extreme samples from each
subgroup to form the training set. Such an approach has been
shown to improve the prognostic accuracy of gene signatures for
several cancers [20-22]. The resulting set contains the top 21
longest surviving individuals (greater than 2.5 years survival time)
and the bottom 21 shortest surviving individuals (less than 0.5
years). We used the same set of patients for both expression- and
methylation-based network module discoveries.

Construction of input networks

Using unique HUGO Gene Nomenclature Committee
(HGNC) gene IDs, we mapped gene IDs from expression, DNA
methylation, and PPI data and found 8,461 genes that are
common among three datasets. The giant connected component
of PPI network involves 8,171 proteins and 47,162 interactions
(Figure S2), which used for all analyses described in this paper.

Next, we combined either expression or methylation profiles
with the PPI network to construct two edge-weighted networks.
First, for each gene ¢ in the network, a g-value of differential
expression/methylation between LTS and STS samples was
computed using the SAM method [23]. The following equation
is used to assign edge weight:

Wi = log(% * qj)/log(qfnin)

Where g; and ¢; are SAM g-values for gene ¢ and j, respectively
and ¢ 1s the smallest g-value among all 8,171 genes in the
network.

Network module search using the miPALM algorithm

We recently developed a network module finding algorithm,
miPALM, using un-weighted PPI networks [24]. The algorithm
introduced a novel parameterised local modularity measure as its
scoring function. Here, we extended miPALM to handle weighted
networks. The algorithm starts by generating a ranked list of
triangle seeds based on average edge weights. Starting from the
top-ranked seed, $= {s,,u}, the algorithm uses a greedy search
strategy to expand it to a larger sub-network 8" = {s,tu,0}. The
greedy search always merges the nearest neighbour v of § that
leads to the largest increase in the local modularity measure,
defined as
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where w is the total edge weight of all nodes in the network, wys is
the sum of edge weights between node » and all nodes in S, w, is
the sum of edge weights attached to node v, wg is the sum of edge
weights attached to any node in §, and o is the parameter
controlling the size of the neighbourhood of S. The seed expansion
step repeats until no additional neighbour exists that can lead to an
increase in the local modularity. Once a candidate subnetwork S is
found, its final score is calculated as Dg=2 % Zi,/es wii/(ns—1),
where wy; is edge weight and ng is the number of genes in
subnetwork S. Note the score is normalized by the size of the
subnetwork.

Merging of overlapped subnetworks

Overlap score between two subnetworks was defined as
c*/ax b, where a and b are the number of genes in the two
subnetworks and ¢ is the number of shared genes. We merged pairs
of subnetworks if their overlap score is greater than 0.5.

Significance assessment of network modules selected as
classifier features

We generated 100 sets of random networks by permuting node
weights of the the input network while maintaining the degree of
each node. This permutation uncorrelates expression/methylation
level with protein interactions. The miPALM algorithm was then
run on the random networks. An empirical p-value of a candidate
subnetwork was computed as the fraction of subnetworks found in
the random networks with a score at least as large as that of the
candidate subnetwork. A p-value cutoff of 0.05 was used to select
significant subnetworks.

GBM patient classification using Support Vector Machine
(SVM)

Following the approach by Chuang ez al. [7], we first normalized
the expression or methylation level of a gene i across patient
samples to obtain a gene-wise z-score, z;. Given a patient sample j,
the activity score of a network module s was calculated as
ag=y.:5,zj/\/ns , where ns is the number of genes in the
module. A
v=[a1ja2j...ax_1jan] where M is the number of modules.

feature vector was constructed as

Next, a SVM classifier with a quadratic kernel function was
trained on the feature vectors derived from the LTS- and STS-
GBM patient data in the training set.

Classification accuracy assessment by leave-one-out
cross validation (LOOCV)

Classification accuracy of the trained SVM classifier was tested
on a test set of GBM patients not used in deriving the modules and
training the classifier. Since there were only 21 LTS and 216 STS
patients not used in the training step, our choice of LTS data for
cross validation was limited. As a result, we generated a testing set
by selecting 21 different ST'S patients and combining them with
the same 21 LTS patients. Next, at each LOOCYV iteration, data
of 20 LTS and 20 ST'S patients were used to train the classifier and
data of the remaining two patients were used for testing. The
classification accuracy was defined as the ratio of the number of
correctly classified patients to the total number of patients in the
test set. We repeated the entire LOOCYV procedure 100 times by
using 100 test sets, each of which consisted of 21 randomly selected
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STS patients and the same 21 LTS patients from the set of GBM
patients not used in training the classifier. The final classification
accuracy reported is the average accuracy of the LOOCV runs.

Feature selection by Recursive Feature Elimination

To identify a subset of highly discriminative modules, we
devised a recursive module selection procedure based on the
Recursive Feature Elimination (RFE) algorithm proposed by [25].
Briefly, the algorithm starts with the full set of significant modules
and each module is regarded as a feature. At each iteration, a
SVM classifier was trained using currently available features and
the classification accuracy was estimated using cross validation. At
the end of each iteration, each feature is assigned a weight by the
SVM. The weight is a measure of the feature’s contribution to the
classification performance and can be used to rank them. The
feature with the smallest ranking was removed at the end of each
iteration. The algorithm terminates when there is no feature left in
the training set. The subset of modules that gives the highest
classification accuracy was selected as the final set. We examined a
range of the alpha parameter values of the miPALM algorithm to
identify the optimal alpha value that when combined with SVM
classifier gave the largest classification accuracy. Figure S3 shows
the results of parameter selection process.

Other gene sets used in the study

The 38-gene set was obtained from [4]. The G-CIMP+ gene set
was obtained from [6]. The COSMIC database [26] is a manually
curated database containing human genes with somatic mutations
that are observed in tumor samples and reported in scientific
literature. From COSMIC, We obtained a list of 1,175 mutated
genes observed in grade IV astrocytoma (GBM) samples.

Results and Discussion

Gene-expression-based network markers improve
prognosis accuracy compared to markers without
network information

GBM is the most aggressive form of tumor with less than 15%
patients surviving more than 2 years after initial prognosis. Using a
commonly used cutoff of two years [4], we have identified a total
of 42 LTS and 237 STS patients from the TCGA data set. To
characterize the effectiveness of the single-analyte (i.e. gene
expression only) network approach on GBM patient prognosis,
we integrated the gene expression data generated by the TCGA
consortium with a set of non-redundant, experimentally derived
human protein-protein interactions to construct a gene expression-
informed network. For simplicity, we termed this network the
eNetwork. Node weights in the eNetwork indicate the significance of
differential gene expression between LTS- and STS- GBM
samples. Under this scoring scheme, a deregulated pathway will
manifest itself as a set of connected nodes (i.e. subnetworks) that
collectively have a significantly large sum of node weights. To
search for such high-scoring subnetworks, we extended our
recently developed miPLAM algorithm for gene module finding
[24] to handle weighted networks. Using the extended algorithm
and a p-value cutoff of 0.05 (see Methods for p-value calculation of
network markers), we found 65 network markers that are
differentially expressed between LTS- and STS- GBM patients.
For brevity, we termed these expression-based subnetwork
markers eModules. Next, we used this set of eModules to train a
statistical classifier for discriminating between LTS- and STS-
GBM patients. Each GBM patient in the training set was
represented by a profile of 65 eModule activity scores, one score
from each eModule. Network activity profiles of 42 GBM patients
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(see Methods for the preparation of the training set) were used to classification accuracy of the eModule-based classifier is not due to
train a Support Vector Machine (SVM) classifier. Since not all biases in our experimental design.

eModules are equally discriminative, we used an iterative feature In summary, by using both cross validation and external data
selection procedure during SVM training to identify a subset of sets, we found that eModule-based classifier provides improved
eModules that is most discriminative between LTS and STS prognosis accuracy of GBM patients compared to classifiers built
patients (see Methods for details). By doing so, we identified a without explicit consideration of relationships among genes.

subset of 25 eModules (156 genes) that were most discriminative
(i.c. achieving highest classification accuracy) (Table S2). Our final Low overall correlation between transcriptome and DNA
classifier was built using these 25 eModules. In the rest of this methylome profiles in GBM samples

section, we will focus on these 25 eModules. Accumulating evidence suggest that the relationship between

Next, we tested the classification accuracy of the trained romoter DNA methvlation and gene expression is far more

ext, we na p y gene exp

clas.51ﬁer using leave-one-out cross vahda}tlon (LOOQW and GBM complicated than the classical view of anti-correlation between the
patient samples lhal. were not used in  the ‘derlvauon of the two processes [31]. To better understand the relationship between
eModules (sce I\/I.aterl.als and Methods for details). We compared gene expression and DNA methylation in the context of GBM, we
the average classification accuracy by eModule-based predictor to conducted a global correlation analysis between the two types of
predictors built using two alternative sets of prognostic markers: data across the full set of GBM samples (N =279). The median
the 38-gene set recently reported by Colman e a/ [4] and the setof  Pearson correlations between the expression and methylation

top 156 (the same number of genes in the eModule set) most profiles of 2,009 differentially expressed and 1,877 differentially
significantly differentially expressed genes between LTS and STS methylated genes between LTS and STS groups (SAM test
patients. As shown in Figure 1A, the average prognosis accuracy of q<0.05) were —0.05 and —0.06, respectively. The average

the eModule-based classifier was 3.8% and 7.8% higher than the correlation between expression and methylation for the 156 genes
two alternative classifiers, respectively (t-test p<<0.01). in the set of eModules was —0.09. In comparison, the average

While cross validation 1s a commonly used internal validation correlation of a set of 1,877 randomly selected genes was —0.04
strategy, we further tested the performance of the eModule-based (Figure S4). Although on average the differentially changed genes
classifier using a more stringent approach, i.e. use of external data showed higher negative correlation than random genes, the
sets [27]. To this end, we used three additional independent gene difference is rather moderate. This overall low correlation is
expression data sets from which the 38-gene signature was derived unlikely due to poor data quality since both gene expression and
[28-30]. The number of GBM patients ranges from 28 to 59 DNA methylation data were generated using the same biological
across the three data sets. For the classification, we used exactly the samples. Recently, Fan et al. conducted a meta-analysis of CpG

same classifiers trained on either the TCGA data (this study) or by island methylation data of twelve human tissues generated by the
other studies. As shown in Figure 1B, the eModule-based classifier Human Epigenome Project using bisulfite sequencing [32]. They

significantly outperformed the 38-gene signature in all three also observed a low correlation between promoter DNA methyl-
external data sets (t-test p<<0.01), suggesting that the improved ation level and gene expression across tissues. Recently, CpG
08 A 08 ' ' ' B eModule marker set
’ B B Top-gene marker set
0.7 o o 08 0.7+ 5 5 - 02411 38-gene marker set
> I )
g 06 p 06
et =
£ 3 [
Q O 05" 1
<L() 0.5 < I
- s :
o = 041 1
= 04 ©
5 °
£ 03 5 0.3} |
[72] [72]
@ ©
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Figure 1. Performance comparison of gene-expression-based classifiers for GBM patient prognosis. A) Prognostic accuracy of various
marker sets. Classification accuracy is defined as the ratio of the number of correctly classified patients to the total number of patients tested.
Expression data of 42 GBM patients was used to derive the eModule set. Top-gene set is top 156 (size-matched to the number of genes in the
eModule set) most significantly differentially expressed genes between LTS and STS patients. 38-gene set, a set of 38 discriminative genes reported in
[4]. Two hundred thirty seven additional GBM patients from TCGA were used for testing classification accuracy. Error bar is the standard deviation
based on 100 leave-one-out cross validations. B) Performance of eModule set and 38-gene set using three external microarray data [28-30] from
which the 38-gene signature was derived. Numbers in parenthesis indicate number of LTS and STS in each data set, respectively. P-values are based
on t-tests comparing the average classification accuracy of the eModule-based classifier and those of other classifiers.
doi:10.1371/journal.pone.0052973.g001
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shore (sequence up to 2K bp distant from CpG island) rather than
CpG island methylation has been shown to be more negatively
correlated with gene expression in human cancers [33]. Unfortu-
nately, the Illumina 27k platform used by the GBM DNA
methylation study does not include probes for CpG shores. Future
investigation using higher coverage data may provide additional
insight into the low correlation between promoter DNA methyl-
ation and gene expression.

DNA methylation-based network markers provide
complementary pathway information for GBM patient
prognosis

The overall low correlation between gene expression and DNA
methylation profiles prompted us to examine if subnetwork
markers based on DNA methylation profiles alone can provide
complementary information for dissecting deregulated pathways in
GBM. It has been well established that members of cancer
pathways tend to have correlated expression and possess
characteristic topological properties in the protein network, such
as higher number of interacting partners and tendency of being
centrally located in the network [34,35]. A recent study shows that
cancer-related genes tend to have correlated methylation profiles
[36]. Further, in our own data, we observed that genes encoding
connected protein pairs in the PPI network have significantly
higher methylation profile correlation than genes encoding
random pairs of proteins in the network (p=2.2x10"'°, Figure
S5). Together, these observations provide additional rationale that
methylation-based network markers could also be used for cancer
prognosis.

Using the same strategy as with gene expression data, we
constructed an alternative network by combining the PPI
interactome with promoter DNA methylation profiles. We termed
this network the mMNework for brevity. Node values in the
mNetwork indicate the significance of differential promoter
methylation between LTS- and STS- GBM samples. We then
applied the miPALM algorithm combined with the RFE feature
selection strategy described above to identify discriminative
subnetworks that are significantly differentially methylated be-
tween LTS and ST'S GBM patients. Using a p-value cutoft of 0.03,
we found 7 such subnetworks involving 38 genes (Table S3). To
contrast with the expression-based eModules, we termed these
subnetworks mModules.

Next, using leave-one-out cross validation, we compared the
performance of our mModule-based predictor to predictors built
with two alternative sets of prognostic markers: the G-CIMP+
predictor (1,228 gene promoters) recently reported by Noushmehr
et al. [6] and the set of top 38 gene promoters (the same number of
genes in the mModule set) that were most significantly differen-
tially methylated between LTS and STS patients. As shown in
Figure 2, we found that the mModule-based classifier slightly out-
performed both the G-CIMP+ based predictor and the top-gene-
based predictor. The average prognosis accuracies of the three
classifiers based on LOOCV were 0.65, 0.64, and 0.62,
respectively. The performance difference between the mModule-
based and the G-CIMP+ based predictors was small, likely due to
the fact that a much larger number of genes was used in building
the G-CIMP+ based classifier than our mModule-based classifier
(1,228 vs. 38),

We were unable to evaluate the prognosis accuracy of the
mModule-based classifier using external datasets since additional
sets of matched DNA methylation and patient survival time data
were not available yet. However, since the module search
algorithm 1s the same for eModule and mModule, it is reasonable
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Figure 2. Performance comparison of DNA methylation-based
classifiers for GBM patient prognosis. Promoter DNA methylation
data of 42 GBM patients was used to derive the set of mModules. Top-
gene set is top 38 (size-matched to the mModule set) most significantly
differentially methylated genes between LTS and STS GBM patients. G-
CIMP+ set, a set of 1228 discriminative genes reported in [6]. Two
hundred thirty seven additional GBM patients from TCGA were used for
testing classification accuracy. Error bar is the standard deviation based
on 100 leave-one-out cross validations. P-values are based on t-tests
comparing the average classification accuraciy of the mModule-based
classifier and those of other classifiers.

doi:10.1371/journal.pone.0052973.9002

to speculate that our mModule set will have similar prognostic
value for additional DNA methylation data in the future.
Because of the connection between promoter DNA methylation
and gene expression, we expected to find a reasonable overlap
between the two sets of subnetwork markers. Surprisingly, we
found a very low degree of overlap between genes in the two
marker sets. Of the 156 eModule and 38 mModule genes, only five
genes are shared between the two sets. This small overlap is
unlikely due to poor quality of the identified modules because both
sets of modules are supported by additional lines of evidence. For
instance, the two sets of modules together captured 33 genes with
reported somatic mutations in GBM patients [26]. But none of
those genes are captured by both eModule and mModule sets. In
summary, our data suggest that eModules and mModules are
complementary to each other and represent different molecular
pathways in gene network that is deregulated in GBM patients.

Combining expression and methylation network markers
results in large improvement of prognosis accuracy of
GBM patients

Given the low degree of overlap between otherwise high-quality
eModule and mModule sets and the moderate performance gain
of mModule-based classifier alone, we asked if combining the two
sets of heterogeneous pathway markers could lead to a more
accurate predictor for GBM patient outcome compared to using
only one type of pathway markers. Towards this goal, we
developed the MAPIT algorithm (Multi-Analyte Pathway Infer-
ence Tool) for constructing a multi-analyte network marker-based
classifier for GBM patient prognosis. Iigure 3 provides an
overview of the algorithm. Starting with the eNetwork and
mNetwork, we first apply the miPALM algorithm to each input
network separately to generate a set of eModules and a set of
mModules. We then merge overlapping modules from the two
sets. Next, for each merged module, two activity scores are
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calculated based on member gene expression and DNA methyl-
ation data, respectively. Both activity scores are then used as two
independent features for building a statistical classifier using SVM
combined with the RFE feature selection procedure. The MAPIT
algorithm is implemented in Matlab and is freely available from
our website http://www.healthcare.uiowa.edu/labs/tan/
MAPITWebpage.html.

We identified ten eModules and three mModules (118 total
genes) that are highly discriminative of GBM patient subgroups.
The classification accuracy based on leave-one-out cross validation
(73.5%) using the combined subnetwork markers significantly
improved over both single-analyte subnetwork markers and gene-
set-based markers (Figure 4A). Additionally, the Kaplan-Meier
survival curve showed more significant separation between the two

DNA Methylation
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patient groups classified by the multi-analyte network module set
compared to previously reported 38-gene and G-CIMP+ signa-
tures (Figure 4B-D).

Combining classification accuracy and significance of separa-
tion of patient survival time curves (Figure 4), we can draw two
conclusions. First, the classifier built on multi-analyte network
modules performed better than classifiers that are based on single-
analyte network modules. Second, the network module-based
classifier performed better than classifiers built on gene sets
identified in previous studies.

We further corroborated our set of combined modules with four
sets of genes implicated in GBM tumorigenesis: genes having
somatic mutations in GBM patients from the COSMIC database
[26], genes proposed to be prognostic markers for GBM patient

Patient Samples

Global Molecular
Analyte Profiles

Single-analyte Networks

Sets of Expression-
and Methylation- Network Markers

Most Discriminative Multi-analyte

Network Markers

Figure 3. Overview of the MAPIT algorithm. Using clinical data, GBM patients are classified as either Long Term Survivors (LTS, >2 yrs.) or Short
Term Survivors (STS, <2 yrs.). Two types of global measures of tumor samples are combined with protein-protein interactome (PPI) for network
module identification: mRNA expression and promoter DNA methylation. Significance of change in either gene expression or promoter DNA
methylation profiles between LTS and STS patients are overlaid on top of the PPl network to generate single-analyte networks, eNetwork and
mNetwork. Network modules from each single-analyte network are identified using the extended miPALM algorithm [24] independently. Significant
modules from each network are then combined to train a classifier for GBM prognosis using Support Vector Machine (SVM). A Recursive Feature
Elimination (RFE) algorithm is implemented with the SVM classifier to select a final set of most discriminative network modules for patient prognosis.

doi:10.1371/journal.pone.0052973.g003
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Figure 4. Performance of multi-analyte modules for GBM patient prognosis. A) Prognostic accuracies of GBM patients by four marker sets.
Expression data of 42 GBM patient was used to derive the module set. Two hundred thirty seven additional GBM patients from TCGA were used for
classification using the module set. Support Vector Machine algorithm was used to build a classifier based on each marker set. Top-gene sets were
size-matched to the network module sets (i.e., the same number of genes as in the network module sets). Error bar is the standard deviation based on
100 leave-one-out cross validations. P-values are based on t-tests comparing the average classification accuracy of the multi-analyte-module-based
classifier to those of other classifiers. B-D) Kaplan-Meier survival curves for LTS and STS GBM patients classified using the combined module set (B),
38-gene set (C), and G-CIMP+ set (D). P-value indicates the significance of separation between the two curves and is computed using logrank test.

doi:10.1371/journal.pone.0052973.g004

survival time in two previous studies [4,6], and genes in Copy
Number Variation (CNV) regions identified in GBM patients [37].
We note that the presence of genetic mutations does not
necessarily mean a gene is prognostic of cancer subtypes unless
the mutations occur exclusively in one subtype. This kind of
information is not yet available for most genes across large patient
cohorts. However, it increases the likelihood of a module gene
being a prognostic marker. We found that ten out of thirteen
modules contain at least one gene that overlaps the published sets
of GBM-related genes and the fraction of overlap with previous
evidence ranges from 0.1 to 0.5 among the modules (Table S4). In
total, 21 module genes (17.8%) overlap with published gene sets.

The set of thirteen modules with their enriched GO terms
(p<<0.05) were depicted in Figure 5. Each node in a module
displays expression and promoter DNA methylation information
simultaneously for the gene represented by the node. For instance,

PLOS ONE | www.plosone.org

RAB3D in module 4 shows down-regulated expression and
hypermethylated promoter in LTS patients compared to STS
patients. In decreasing number of module genes involved, the set
of enriched GO terms consists of protein trafficking, apoptosis,
protein catabolism, nucleotide metabolism, translation, transcrip-
tional regulation, DNA recombination, protein import into
mitochondrial matrix, and nucleosome assembly. Genes annotated
with the first three GO terms made up 51% of the 118 genes in the
combined module set (Table S4), suggesting the importance of
these three biological processes in predicting GBM patient
survival. Among them, the role of apoptosis pathway in GBM
etiology is much better understood [37] whereas the importance of
protein trafficking and degradation pathway is less appreciated.
Our result suggest that the latter two pathways also play an
important role in GBM patient survival because the discovered
modules associated with these two pathways have highly-ranked
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weights in the SVM classifier (Table S4). A better understanding of
these two pathways could ultimately result in personalized
therapies for subgroups of GBM patients.

There is increasing evidence that genes controlling protein
trafficking play a role in tumor progression and invasion [38]. One
of our network modules, module 4, is highly enriched for genes
involved in vesicle trafficking, especially genes of the Rab family of
small GTPases (Figure 5A). The Rabs play essential roles in
various aspects of membrane traffic control, and like other
members of the Ras superfamily, function as molecular switches
through changes in its guanine nucleotide binding status. By
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modulating the trafficking of either growth factor receptors (e.g.
EGFR) or cell adhesion molecules (e.g. integrin), Rab proteins can
increase the proliferation and invasion potential of tumor cells
[39]. Deregulation of Rab expression is associated with multiple
cancers [39]. Our data identify that members of four Rab
subfamilies, Rab3, Rab8, Rab26, and Rab27, are deregulated
between LTS- and ST'S- GBM patients. In addition, they form
dense interactions among themselves and other genes involved in
protein trafficking. Among those Rabs, members of the brain-
enriched Rab, Rab3, have the largest presence in module 4,
suggesting that Rab3 genes play a prominent role in GBM patient
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survival. Thus, they are prime candidates for future detailed
studies.

The ordered, temporal degradation of numerous key short-lived
regulatory proteins by the proteasome (such as p33, p21, p27,
cyclins, cyclin-dependent kinase inhibitors, and tumor suppressors)
is required for cell-cycle progression, cell survival, and metastasis.
Our result shows modules H and M are enriched for genes
involved in protein degradation through the ubiquitin-proteasome
system (Figure 5). Genes in module H are enriched for S phase
kinase-associated protein 1 (SKP1)-cullin 1 (CULI)-F-box protein
(SCF) family of E3 ubiquitin ligase superfamily [40]. Genes in
module M are members of the proteasome complex. SCF family
ubiquitin ligases promote degradation of diverse substrates,
including cell cycle regulatory proteins, transcription factors, and
signal transducers. SCF dysfunction has been observed in a
number of cancers, including glioblastoma [40].

Because of its fundamental role in protein homeostasis, targeting
the ubiquitin-proteasome pathway using proteasome inhibitors
represents a novel approach for the treatment of cancer. Clinically,
the proteasome inhibitor bortezomib has been used for the
treatment of multiple myeloma and mantle cell lymphoma [41].
Clinical trials evaluating the efficacies of proteasome inhibitors for
the treatment of solid tumors are in progress [42]. Our discovery
that ubiquitin-proteasome pathway is prognostic of GBM patient
outcome suggests that targeting this pathway with proteasome
inhibitors may be an effective treatment for this deadly disease.
Indeed, two proteasome inhibitors, bortezomib [43] and PS-341
[44], have been shown to have anti-proliferation and proapoptotic
effects on cell line models of the disease. Additional studies and
clinical trials will determine the efficacies of these inhibitors on
improving GBM patient outcome.

The relationship between DNA methylation and gene expres-
sion is complex. This may help explain the apparent low
correlation between them across patient samples. It has been
proposed that DNA demethylation is necessary but not sufficient
for gene activation. Conversely, methylation of a promoter is not
always sufficient for gene repression [31,45]. In support of this
view, Mohn et al. found that 21-27% of unmethylated promoters
have no detectable expression during mouse neuronal lineage
commitment [46]. On the other hand, Fouse e/ al. [45] found that
up to 36% of genes in mouse ES cells are still expressed even if
methylated in the proximal promoter. Furthermore, 80% of the
expressed genes that exhibit promoter methylation are marked by
the active histone mark H3K4me3. In this sense, DNA methyl-
ation status only provides a precondition for the transcriptional
regulatory process and additional factors, such as histone
modifications may play more direct and important roles in gene
regulation.

In this study, we only considered promoter DNA methylation
data. Another major epigenetic regulatory mechanism is covalent
modification of histone tail. This mechanism has been shown to
operate independently of DNA methylation during tumorigenesis.
For instance, H3K27me3 has been found to silence tumor-
suppressor genes in cancers that are independently of promoter
DNA methylation [47,48]. Integration of both types of epigenetic
data with gene expression and interactome data may lead to
improvement on the accuracy of cancer pathway inference
algorithms.

Conclusions

We introduce the MAPIT algorithm to enable principled
integration of epigenomic, transcriptomic, and protein interac-
tome data. As a proof-of-principle, we apply MAPIT to discover
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multi-analyte network markers for the prognosis of glioblastoma
multiforme, the most common and aggressive form of brain
tumor. MAPIT can be applied to any cancer cohort containing
matched data for gene expression and epigenetic profiles. The
principle of associating epigenetic data with gene expression and
clinical data that differ among samples will be of increasing
importance as epigenetic data accumulate. Additionally, the
principle of associating cellular state data (i.e. transcriptome and
epigenome) with physical interactome can not only help to identify
important genes in tumorigenesis, but also provide insight into
how they operate. The MAPIT approach is not limited to finding
prognostic markers of patient outcome. Indeed, it can be used to
identify pathways that relate to any measurable phenotype, such as
metastasis and the resistance of tumors to drugs. We anticipate
that our approach will make an important contribution toward a
basic mechanistic understanding of cancer and in revealing
associations of clinical significance.

Supporting Information

Figure S1 Survival time of 279 TCGA GBM patients.
Patient clinical data provided by the TCGA consortium. A)
Boxplot for the survival time distribution of 279 GBM patients.
The median survival time is 46.6 weeks. The grey horizontal line
indicates the 2 yrs. cutoff used in this study to classify patients into
Long Term Survivors (LTS) and Short Term Survivors (STS). B)
Kaplan-Meier survival curve for LTS and STS GBM patients
classified using their patient records.

(DOCX)

Figure S2 Venn diagram of the three data sets used in
this study. Gene expression and methylation data were obtained
from The Cancer Genome Atlas (TCGA) consortium data portal.
Protein-protein interaction (PPI) data were compiled from the
iRefIndex database and Bandyopadhyay et al.

DOCX)

Figure 83 Classification accuracies of different module
sets. A) GBM patient classification accuracy using network
modules generated at different alpha values. Network modules
generated at different miPALM alpha values were combined with
the SVM-RFE algorithm to identify the final set of features
(modules) for classification. Values shown are average of 100 cross
validations. eModule, network modules generated using gene
expression and PPI interactome. mModule, network modules
generated using promoter DNA methylation and PPI interactome.
combinedModule, a combination of eModules and mModules that
were selected by the SVM-RFE algorithm to be the final set of
discriminative features for classification. B) Classification accuracy
of the combinedModule during feature selection process using the
recursive feature elimination algorithm (RFE).

(DOCX)

Figure S4 Pearson correlation between gene expression
and DNA methylation profiles. Data from 279 GBM patients
were used for computing the correlation. All, 8,171 genes in the
mput network; Diff. expressed: 2,009 differentially expressed genes
between LTS and STS GBM patients; Diff. methylated: 1,877
differentially methylated genes; eModule: 156 genes in the set of
eModules; Random, 1,877 genes randomly selected from the input
network. Values shown in the box are median correlation for each
gene set.

DOCX)

Figure S5 Cumulative distributions of promoter DNA
methylation correlation between random protein pairs
and protein pairs that physically interact. DNA methyl-
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ation data 279 TCGA patients were used for this analysis.
Spearman’s rank correlation was calculated for 47,168 pairs of
connected proteins in the protein-protein interaction network and
the same number of protein pairs randomly picked from the
network. P-value is based on one-tailed Kolmogorov-Smirnov test.

(DOCX)

Table S1 Information of patient data used in this study.
A survival time of two years is used as the cutoff to classify patients
into Long Term Survivors (LTS) and Short Term Survivors (ST'S).
DOCX)

Table S2 The set of twenty-five eModules identified
using mRNA expression data only.
(DOCX)

Table S3 The set of seven mModules identified using
DNA methylation data only.
DOCX)

Table S4 The set of multi-analyte modules identified by
the MAPIT algorithm. 38-gene set, set of prognostic genes for
GBM patient outcome proposed by Colman et al. G-CIMP+ gene

References

1. TARC (2007) WHO classification of tumours of the central nervous system;
Louis DN, Ohgaki, H., Wiestler, O.D., Cavenee, W.K., editor. Lyon: WHO.

2. Stupp R, Mason WP, van den Bent MJ, Weller M, Fisher B, et al. (2005)
Radiotherapy plus concomitant and adjuvant temozolomide for glioblastoma.
N Engl ] Med 352: 987-996.

3. Buonerba C, Di Lorenzo G, Marinelli A, Federico P, Palmieri G, et al. (2010) A
comprehensive outlook on intracerebral therapy of malignant gliomas. Crit Rev
Oncol Hematol.

4. Colman H, Zhang L, Sulman EP, McDonald JM, Shooshtari NL, et al. (2010) A
multigene predictor of outcome in glioblastoma. Neuro Oncol 12: 49-57.

5. Verhaak RG, Hoadley KA, Purdom E, Wang V, Qi Y, et al. (2010) Integrated
genomic analysis identifies clinically relevant subtypes of glioblastoma charac-
terized by abnormalities in PDGFRA, IDH1, EGFR, and NF1. Cancer Cell 17:
98-110.

6. Noushmehr H, Weisenberger DJ, Diefes K, Phillips HS, Pujara K, et al. (2010)
Identification of a CpG island methylator phenotype that defines a distinct
subgroup of glioma. Cancer Cell 17: 510-522.

7. Chuang HY, Lee E, Liu YT, Lee D, Ideker T (2007) Network-based
classification of breast cancer metastasis. Mol Syst Biol 3: 140.

8. Taylor IW, Linding R, Warde-Farley D, Liu Y, Pesquita C, et al. (2009)
Dynamic modularity in protein interaction networks predicts breast cancer
outcome. Nat Biotechnol 27: 199-204.

9. Lefebvre C, Rajbhandari P, Alvarez MJ, Bandaru P, Lim WK, et al. (2010) A
human B-cell interactome identifies MYB and FOXMI as master regulators of
proliferation in germinal centers. Mol Syst Biol 6: 377.

10. Torkamani A, and Schork NJ (2009) Identification of rare cancer driver
mutations by network reconstruction. Genome Res 19: 1570-1578.

11. Sharma S, Kelly TK, Jones PA (2010) Epigenetics in cancer. Carcinogenesis 31:
27-36.

12. Herman JG, Baylin SB (2003) Gene silencing in cancer in association with
promoter hypermethylation. N Engl J] Med 349: 2042-2054.

13. Esteller M (2008) Epigenetics in cancer. N Engl J Med 358: 1148-1159.

14. Jones PA, Baylin SB (2007) The epigenomics of cancer. Cell 128: 683-692.

15. Esteller M, Garcia-Foncillas J, Andion E, Goodman SN, Hidalgo OF, et al.
(2000) Inactivation of the DNA-repair gene MGMT and the clinical response of
gliomas to alkylating agents. N Engl J Med 343: 1350-1354.

16. Hegi ME, Liu L, Herman JG, Stupp R, Wick W, et al. (2008) Correlation of O6-
methylguanine methyltransferase (MGMT) promoter methylation with clinical
outcomes in glioblastoma and clinical strategies to modulate MGMT activity.
J Clin Oncol 26: 4189-4199.

17. Wen Z, Liu ZP, Liu Z, Zhang Y, Chen L (2012) An integrated approach to
identify causal network modules of complex diseases with application to
colorectal cancer. Journal of the American Medical Informatics Association :
JAMIA.

18. Razick S, Magklaras G, Donaldson IM (2008) iRefIndex: a consolidated protein
interaction database with provenance. BMC Bioinformatics 9: 405.

19. Bandyopadhyay S, Chiang CY, Srivastava J, Gersten M, White S, et al. (2010) A
human MAP kinase interactome. Nat Methods 7: 801-805.

20. Liu H, Li J, Wong L (2005) Use of extreme patient samples for outcome
prediction from gene expression data. Bioinformatics 21: 3377-3384.

21. Xu L, Tan AC, Winslow RL, Geman D (2008) Merging microarray data from
separate breast cancer studies provides a robust prognostic test. BMC
Bioinformatics 9: 125.

PLOS ONE | www.plosone.org

Multi-Analyte Network Markers for Tumor Prognosis

set, set of prognostic genes for GBM patient outcome proposed by
Noushmehr ez al. COSMIC genes: genes with somatic mutations in
GBM samples documented in the COSMIC database; CNV
genes, genes located in Copy Number Variation regions identified
by the Cancer Genome Atlas Research Network. Fraction
Supported: fraction of module genes overlapping with genes from
any of the previous studies. SVM Weight, weights of the final
SVM classifier. It indicates the relative importance of each module
to the classification.

(DOCX)

Acknowledgments

We thank members of the Tan lab for helpful discussion. We thank David
Eichmann, Lucas Van Tol, and the University of Iowa Institute for Clinical
and Translational Science for providing computing support.

Author Contributions

Conceived and designed the experiments: JK KT. Performed the
experiments: JK LG KT. Analyzed the data: JK LG KT. Contributed
reagents/materials/analysis tools: JK LG KT. Wrote the paper: KT.

22. Guillaud M, Zhang L, Poh C, Rosin MP, MacAulay C (2008) Potential use of
quantitative tissue phenotype to predict malignant risk for oral premalignant
lesions. Cancer research 68: 3099-3107.

23. Tusher VG, Tibshirani R, Chu G (2001) Significance analysis of microarrays
applied to the ionizing radiation response. Proc Natl Acad Sci U S A 98: 5116
5121.

24. Kim J, Tan K (2010) Discover protein complexes in protein-protein interaction
networks using parametric local modularity. BMC Bioinformatics 11: 521.

25. Guyon I, Weston J, Barnhill S, Vapnik V (2002) Gene selection for cancer
classification using support vector machines. Machine Learning 46: 389-422.

26. Forbes SA, Bindal N, Bamford S, Cole C, Kok CY, et al. (2011) COSMIC:
mining complete cancer genomes in the Catalogue of Somatic Mutations in
Cancer. Nucleic Acids Research 39: D945-D950.

27. Castaldi PJ, Dahabreh 1J, Ioannidis JP (2011) An empirical assessment of
validation practices for molecular classifiers. Brief Bioinform 12: 189-202.

28. Freije WA, Castro-Vargas FE, Fang Z, Horvath S, Cloughesy T, et al. (2004)
Gene expression profiling of gliomas strongly predicts survival. Cancer research
64: 6503-6510.

29. Nutt CL, Mani DR, Betensky RA, Tamayo P, Cairncross JG, et al. (2003) Gene
expression-based classification of malignant gliomas correlates better with
survival than histological classification. Cancer research 63: 1602-1607.

30. Phillips HS, Kharbanda S, Chen R, Forrest WF, Soriano RH, et al. (2006)
Molecular subclasses of high-grade glioma predict prognosis, delineate a pattern
of disease progression, and resemble stages in neurogenesis. Cancer Cell 9: 157
173.

31. Siegfried Z, Simon I (2010) DNA methylation and gene expression. Wiley
Interdiscip Rev Syst Biol Med 2: 362-371.

32. Fan S, Zhang X (2009) CpG island methylation pattern in different human
tissues and its correlation with gene expression. Biochem Biophys Res Commun
383: 421-425.

33. Irizarry RA, Ladd-Acosta C, Wen B, Wu Z, Montano C, et al. (2009) The
human colon cancer methylome shows similar hypo- and hypermethylation at
conserved tissue-specific CpG island shores. Nat Genet 41: 178-186.

34. Stadler MB, Murr R, Burger L, Ivanek R, Lienert F, et al. (2011) DNA-binding
factors shape the mouse methylome at distal regulatory regions. Nature 480:
490-495.

35. Pujana MA, Han JD, Starita LM, Stevens KN, Tewari M, et al. (2007) Network
modeling links breast cancer susceptibility and centrosome dysfunction. Nat
Genet 39: 1338-1349.

36. Pekowska A, Benoukraf T, Zacarias-Cabeza J, Belhocine M, Koch F, et al.
(2011) H3K4 tri-methylation provides an epigenetic signature of active
enhancers. EMBO J 30: 4198-4210.

37. The Cancer Genome Atlas Research Network (2008) Comprehensive genomic
characterization defines human glioblastoma genes and core pathways. Nature
455: 1061-1068.

38. Mosesson Y, Mills GB, Yarden Y (2008) Derailed endocytosis: an emerging
feature of cancer. Nat Rev Cancer 8: 835-850.

39. Chia WJ, Tang BL (2009) Emerging roles for Rab family GTPases in human
cancer. Biochim Biophys Acta 1795: 110-116.

40. Lipkowitz S, Weissman AM (2011) RINGs of good and evil: RING finger
ubiquitin ligases at the crossroads of tumour suppression and oncogenesis. Nat
Rev Cancer 11: 629-643.

December 2012 | Volume 7 | Issue 12 | 52973



41.

42.

43.

44.

Garcia BA, Pesavento JJ, Mizzen CA, Kelleher NL (2007) Pervasive
combinatorial modification of histone H3 in human cells. Nat Methods 4:
487-489.

Wu WK, Cho CH, Lee CW, Wu K, Fan D, et al. (2010) Proteasome inhibition:
a new therapeutic strategy to cancer treatment. Cancer Lett 293: 15-22.
Unterkircher T, Cristofanon S, Vellanki SH, Nonnenmacher L, Karpel-Massler
G, et al. (2011) Bortezomib primes glioblastoma, including glioblastoma stem
cells, for TRAIL by increasing tBid stability and mitochondrial apoptosis. Clin
Cancer Res 17: 4019-4030.

Yin D, Zhou H, Kumagai T, Liu G, Ong JM, et al. (2005) Proteasome inhibitor
PS-341 causes cell growth arrest and apoptosis in human glioblastoma
multiforme (GBM). Oncogene 24: 344-354.

PLOS ONE | www.plosone.org

1

46.

47.

48.

Multi-Analyte Network Markers for Tumor Prognosis

. Fouse SD, Shen Y, Pellegrini M, Cole S, Meissner A, et al. (2008) Promoter

CpG methylation contributes to ES cell gene regulation in parallel with Oct4/
Nanog, PcG complex, and histone H3 K4/K27 trimethylation. Cell Stem Cell
2: 160-169.

Mohn F, Weber M, Rebhan M, Roloff TC, Richter J, et al. (2008) Lineage-
specific polycomb targets and de novo DNA methylation define restriction and
potential of neuronal progenitors. Mol Cell 30: 755-766.

Kondo Y, Shen L, Cheng AS, Ahmed S, Boumber Y, et al. (2008) Gene
silencing in cancer by histone H3 lysine 27 trimethylation independent of
promoter DNA methylation. Nat Genet 40: 741-750.

Rodriguez-Paredes M, Esteller M (2011) Cancer epigenetics reaches mainstream

oncology. Nat Med 17: 330-339.

December 2012 | Volume 7 | Issue 12 | 52973



