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Although massive amounts of condition-specic molecular poles are being
accumulated in public repositories every day, meaningfuhierpretation of these data
remains a major challenge. In an effort to identify the biomkers that describe the key
biological phenomena for a given condition, several appradnes have been developed
over the past few years. However, the majority of these appeches either (i) do not
consider the known intermolecular interactions, or (ii) doot integrate molecular data
of multiple types (e.g., genomics, transcriptomics, protemics, epigenomics, etc.), and
thus potentially fail to capture the true biological change responsible for complex
diseases (e.g., cancer). In addition, these approaches ah ignore the heterogeneity
and study bias present in independent molecular cohorts. Inthis manuscript, we
propose a novel multi-cohort and multi-omics meta-analysi framework that overcomes
all three limitations mentioned above in order to identifyobust molecular subnetworks
that capture the key dynamic nature of a given biological cadition. Our framework
integrates multiple independent gene expression studiesynmatched DNA methylation
studies, and protein-protein interactions to identify métylation-driven subnetworks.
We demonstrate the proposed framework by constructing subetworks related to
two complex diseases: glioblastoma and low-grade gliomasWe validate the identi ed
subnetworks by showing their ability to predict patients' ¢inical outcome on multiple
independent validation cohorts.

Keywords: multi-cohort, multi-omics, meta-analysis, subnetw ork identi cation, GBM, LGG

1. INTRODUCTION

Due to the rapid advances in high-throughput technologiessshge amounts of biological data are
currently available in public repositories for many disea3ésse biological data include various
omicspro les such as genomic, transcriptomic, metabolomic, andt@omic data, each of which
describes di erent aspects of cellular mechanisms. Undergtgnithe mechanism of actiofor a
given disease from these vast resources and subsequemitlifyite reliable biomarkers that can
predict the patients' clinical outcome has become a majoriehgek.

Over the last decade, the number of disease-speci ¢ biomareported by di erent research
groups has increased exponentially. However, biomarkersirdd from di erent studies of the
same condition often show very poor agreement with each gher-Dor et al., 200§ As a result,
only a few of the proposed biomarkers are currently in cliniopaé Burke, 201% One of the
primary reasons for thiseproducibility crisigs that many of the conventional biomarker discovery
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methods simply rely on selecting a list of candidate genesbasmRNA expression pro les results in greater statistical power
on their dierential expression across the given phenotypesind better understanding of the underlying disease phenomena
(disease vs. normal, treated vs. non-treated, subtype A uJsoth in the context of biomarker discovery/¢linia and Croce,
subtype B, etc). Better results can be obtained by utilizemgeg 2013; Wotschofsky et al., 201&nd pathway analysisC@lura
interaction data that became available with the introdanti et al., 2014; Vlachos et al., 2015; Alaimo et al., 2016; Diaz
of publicly available sources such as pathway knowledge al., 2015 More recently, it has been demonstrated that the
databases [e.g., KEG@Ddata et al., 1999; Kanehisa andintegration of long non-coding RNA (IncRNA) and mRNA plays
Goto, 200), Reactome Nlatthews et al., 200P or protein- an important role in revealing pathogenetic mechanisms of a
protein interaction databases [e.g., HPRBe(i et al., 2003 given condition (in et al., 2014; Liu et al., 20L8However,
STRING Gzklarczyk et al., 20)]6 these approaches require the same group of individuals to be
Numerous computational methods have been proposegresent for each of the experiments coming from di eremhic
that aim to address the above-mentioned challenge blayers. Thus, they fail to utilize the information from dowxe
integrating known interactions between the genes anaf independent studies containing thousands of samples for a
subsequently identifying network-based markers using @ird  given disease that is currently available in public repos®ori
strategies. For instance, PinnacleZh(iang et al., 20Q7and such as Gene Expression Omnibus (GEMar(ett et al.,
DIAMOND (Ghiassian et al., 20)5use greedy algorithm- 2005, TCGA [http://cancergenome.nih.gov] or ArrayExpress
based techniques; jActiveModule&ddker et al.,, 2002and (Rusticietal., 2003
COSINE {(la et al., 201} utilize evolutionary algorithms; DNA methylation has been recognized to play a crucial role in
HotNet (Vandin et al., 201)land ResponseNet én et al., 2001l  cancer progressioristeller, 2008; Parrella, 2Q1An increasing
use diusion- ow based techniques; EnrichNeG(aab et al., number of computational approaches have been published
20129 employs random walk algorithms; etc. These networkin recent years for the identication of methylation-based
based approaches have been reviewed elsewhgie: €t al., biomarkers (Gevaert et al., 2015; Hao et al., 2017; Hong et al.,
2013; Nguyen T. et al., 2018t has been demonstrated in 2017; Sha et al., 20)8However, to the best of our knowledge,
various disease conditions [e.g., breast cant&ru@ng et al., none of the current approaches is able to identify networkellas
2007, colorectal cancershi et al., 2012; Sha et al., 2Q1land gene signatures considering the data heterogeneity amioag t
ovarian cancer Jin et al., 201} that network-based markers independent DNA methylation and gene expression studies. The
are more reproducible and reliable for predicting patientsapproach presented in this manuscript bridges this gap.
clinical outcome than individual gene biomarkers. Althdug Here we propose a multi-cohort and multi-omics meta-
somewhat useful, the majority of these methods construeirth analysis framework that is able to integrate unmatched mRNA
networks using only one transcriptomic experiment. Therefor and DNA methylation data obtained from many dierent
they are unable to account for the heterogeneity that mayndependent studies, and subsequently identify networkeloa
arise due to the biological and technical variabilities présn  signatures that can capture putative mechanisms of a given
independent studies of a given diseaSegghici et al., 2006; disease. We apply our proposed framework on nine independent
MAQC Consortium, 2005k datasets related to glioblastoma (GBM) containing a total of
In order to account for the data heterogeneity present in622 samples and eight independent studies related to low-grade
the individual studies, several meta-analysis approaches haglioma (LGG) containing a total of 1,787 samples. The idesdi
been proposed over the past years. These can be divided imetwork-based signatures are validated based on theityatal
two main categories. The approaches in the rst categorpredict the patients' clinical outcome for 1,269 samples from
use multiple sample-unmatched studies of the same data tygeur completely independent validation datasets. This is done b
(e.g9., mRNA) and aim to identify robust gene signaturestlustering the patients included in the validation datasegtsg
that can distinguish disease-a ected individuals from theperturbation clusteringi{lguyen et al., 201Jpwhich identi es
healthy ones. These approaches include clasgivalue-based the correct number of clusters present in the data and groups th
approachesHisher, 1925; Stou er et al., 1949; Nguyen et al.patients accordingly. The signatures extracted from the psepo
20169, modern e ect-size-based approachedagnes et al., framework are then compared with 10 other previously published
2017 and rank aggregation-based approachi&si(retal., 2000  gene signature panels related to GBM and LGG. For both
However, these approaches may not be suitable for revealimiseases, the network-based signatures identi ed by oup@sed
the mechanism of action for a given disease since they do ntamework are able to separate patients associated with poor
account for the heterogeneity that is present across multpta  survival from other individuals with signi cant Coxp-values
types (MRNA, miRNA, DNA methylation, etc.). The approachesand outperform the other compared signatures. This suggests
in the second category combine sample-matched studies frothat the proposed framework is able to provide better prognostic
multiple data types and provide biomarkers that can capturdiomarkers compared to the existing ones.
data heterogeneity present across thraic layers. Integrating
such information from multiple data types is essential for
obtaining a comprehensive overview of the given biologica®?, MATERIALS AND METHODS
system and thought to provide better prognostic markérsrger
et al., 2013; Kristensen et al., 2014; Nguyen et al., 3016Fhe goal of the proposed framework is to identify reliable
For instance, it has been shown that integrating miRNA andchetwork-based gene signatures by integrating independent
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experiments obtained from multiple data types. The frameworlcombining the two types op-values to calculate the nal gene
takes three types of inputs: (i) mRNA datasets, (ii) DNAlevel statistics. The rst two steps are independent of eablerot
methylation datasets, and (iii) known gene interactionwetks. and can be performed concurrently.
The mRNA and DNA methylation datasets can be completely At rst, two-tailed p-values are calculated for all genes
independent, which means that they can be obtained fromacross all studies by performing a classical hypothesis tein
di erent experiments performed in di erent laboratories andrca moderated-test provided by limma$myth, 200pis utilized for
include samples from di erent cohorts of patients. The genehis purpose. This can also be replaced with other classical test
interaction network is a graph in which the nodes represensuch as two sampletest, paired-test, etc.
genes and the edges represent interactions between thes. Thi If the input matrix contains discrete values (e.g., data
information can be obtained from any resources that describobtained from RNA-seq experiment or bisul te sequencing
the known gene-gene interactions such as KEGG, Reactonexperiment), regression-based approaches such as Poisson,
STRING, or HPRD. quasi-Poisson or negative binomial regression models Ishou
Each mRNA or methylation dataset is represented by a matrike used insteadRobinson et al., 2010; Anders et al., 2012;
in which the rows represent the measured genes and the columidein and Hebestreit, 2015; Sha et al., 2).TBhe two-tailedp-
represent the samples included in the given study. The value walues are then converted to one-tailed (left- and rightetd)
each cell re ects the measured expression or methylatioal levp-values. Gene levplvalues generated by the individual studies
of a gene for a particular sample. Each dataset includes sampbee then combined by usingddCLT (Nguyen et al., 201)aan
from two given phenotypes such as disease vs. healthy, tremtedadditive approacliEdgington, 197Pbased on the&Central Limit
non-treated, disease subtype A vs. disease subtype B, etc. Theorem(Kallenberg, 2002that is robust against outliers. For
The overall work ow of the proposed framework is divided each gene, thig-value represents the chance of observing its
into four main modules Figure 1). The rst two modules, combined di erential expression (or methylation) just by chanc
described in section 2.1, account for the variability asrdse To estimate the e ect size, we rst calculate the standamdlize
individual datasets coming from the same data type, while thenean dierence (SMD) of each gene across all studies.
third and fourth modules, described in section 2.2, accdient Considering SMD instead of the raw mean di erence is crucial
the variability across the data types (MRNA and methylationkince the expression (or methylation) levels within each wtud
and integrate network information into the framework in cgd might be scaled dierently. In this work, we use Hedge's
to identify impacted subnetworks. Brie y, the rst module tak g(Hedges and Olkin, 20)4s the SMD to measure expression (or
the given list of mMRNA datasets as input and performs a metamethylation) changes between the two given phenotypes. lentr
analysis to identify the genes that are di erentially expeess tendencies for the e ect sizes are calculated using the random
across the given phenotypes. Due to the heterogeneity prasente ect model and the REstricted Maximum Likelihood (REML)
the individual mRNA datasets, the identi ed list of genes hitig algorithm (Viechtbauer, 2010 Next, we calculate the z-scores
be signi cantly impacted by a single study, and hence migtit noand left- and right-tailedp-values of the z-scores to estimate
represent the true list of genes impacted for the given coouiti the probability of observing such e ect sizes just by chance.
Therefore, deave-one-out-riedman et al., 20QImeta-analysis This overall estimated e ect size represents the expression
is carried out to make the list of genes more reliable. Théor methylation) change of a gene under the e ect of the
second module takes the given list of methylation datasgts given condition.
input and utilizes the same meta-analysis pipeline to identify In the third step, we combine the two types of evidence
the genes that are dierentially methylated across the givefone obtained from classical hypothesis testing, anothemfr
phenotypes. The third module combines the results obtained@stimating the e ect sizes) using a conservative maxfk{nson,
from the rsttwo modules and identi es the genesthatarexdrn 1957 method. We are using this conservative statistic because
by their methylation pro les. This module essentially intates  we want a signi canp-value only if the gene is signi cant based
information obtained from twoomiclayers (transcriptomic and on both classicap-value-based and the more modern e ect-
epigenomic) and takes into account the heterogeneity that masize-based meta-analysis. Thealues are corrected for multiple
arise across these layers. Finally, the fourth module ingatps comparisons using an FDR approach. Finally, a prede ned
the known interactions among the genes and identi es thethreshold is used to select the genes that are dierentially
subnetworks that are a ected by the methylation-driven gene  expressed or methylated.

2.1. Multi-Cohort Meta-Analysis 2.2. Multi-Omics Data Integration

This section describes the rst and second modules of th&his section describes the third and fourth modules of the
framework fFigures 1A,B. The meta-analysis pipeline proposedframework. The inputs of the third moduleF{gure 10 are
here utilizes both classicgtvalue-based and modern e ect- two lists of genes obtained from the meta-analysis step
size-based meta-analysis to calculate gene level s=tiSthe described in section 2.1 above. The rst list includes the
backbone of this algorithm is an extended version of the metadi erentially expressed genes (DEGs), while the second one
analysis framework proposed in one of our previously publisheihcludes the di erentially methylated genes (DMGs) across the
works (Nguyen et al., 2019a The overall pipeline consists given phenotypes. From these two lists of genes, we rst select
of three steps: (i) obtaining-values from classical hypothesis the genes that are present in both lists, i.e., the genes thaiodth
testing, (ii) obtaining e ect sizes and thep-values and (iii) di erentially expressed and methylated. Next, we Iter them by
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FIGURE 1 | Overall work ow of the proposed framework.Module (A) takes multiple independent mRNA datasets and performs a lag-one-out meta-analysis to
identify reliable differentially expressed genes (DEGSimilarly,module (B) takes multiple independent DNA methylation datasets and &hti es differentially
methylated genes (DMGs). DEGs and DMGs are then systematitaintegrated inmodule (C) to identify methylation-driven genes (MDGs). Finally module (D), the
MDGs are used as inputs in a network propagation algorithm tédentify the proposed subnetworks.

selecting the genes for which the mRNA and methylation changehe promoter regions, it typically represses the transcrigion
occurred in opposite directions. This is motivated by the factctivity of that region by restricting the binding of specic
that methylation correlates negatively with gene expres§ida  transcription factors (TFs). Alternatively, when a CpG site i
et al., 20138 In other words, when a CpG site is methylated inunmethylated in the promoter regions, it allows for the bindi
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of those TFsones, 2012 Finally, we identify the methylation- determined by PINS. We simply used the default settings of the
driven genes (MDGs) by Itering the genes that have unsignedPINS R packagé\guyen H. et al., 2098

e ect sizes lower than a given threshold. This is an optional

step of the framework. The default threshold is set to zem (n 3. RESULTS

ltering).

Identi ed MDGs can be thought of as individual gene markerswe demonstrate the performance of the proposed framework
that can distinguish the phenotypes of a given disease, baspgl constructing network-based signatures for two diseases:
on both individual mMRNA and methylation data. However, to glioblastoma multiforme (GBM) and low-grade glioma (LGG).
better understand the underlying disease mechanisms, and tn the GBM study, we included only the stage IV glioma tumors,
better predict patient prognosis, it is important to incorporate whereas in the LGG study we included stage 1l and IlI glioma
known information about the interactions between the genesumors. This is consistent with others such as TCG2a(icer
(Mitraetal., 2013 Genome Atlas Research Network et al., J0Moushmehr et al.

The fourth module of the frameworkRigure 1D) uses the (2010)and Garkavtsev et al. (2004yho also considered stage |1
identied MDGs, DEGs and the given network information and Iil glioma tumors as LGG. All staging is based on the World
to identify the subnetworks that are perturbed by the signal${ealth Organization (WHO) standard. All discovery dataset
propagated through the edges of the MDGs. For each MDGused in this manuscript were obtained from GEBs(rett et al.,
we create its own DE neighborhood by selecting the DEG3005. Dataset summaries and preprocessing techniques are
that are directly connected with it. All identi ed subnetwa  described in theSupplementary Materials We downloaded the
are then merged together into a larger network. This concepgrotein-protein interaction (PPI) networks from the STRING
of network propagation has been used by several researglatabase version 10.5 to obtain information about the gene
groups for active subnetwork identi cation using transcigptic  interactions. STRING provides a con dence score (rangingtro
data (Komurov et al., 2012; Ansari et al., 2QZahd mutational 0 to 1,000) for each interaction in the network. Here we used a
hotspot identi cation in human cancers(iriello et al.,, 2012 score of 900 to select the high con dence interactions, tagyl
Finally, within this larger network, we select the genes /@  in a network of 9,941 genes and 227,186 interactions (to¢h4.9
part of the largestliquesas our proposed signature. This idea isinteractions).
driven by the fact that cliques are fully-connected submeks One of the most widely accepted techniques to evaluate the
in which all nodes are connected in a pairwise fashion; an@rognostic performance of a gene signature is to test itstglbdi
therefore, genes that are part of a clique are more likely to bgredict patients' survival in independent dataseféng et al.,
functionally related Pradhan et al., 20)2 2005: Shedden et al., 2008; Szasz et al.).Adldrder to achieve

this goal, we used PINS (described in section 2.3) on indegeind

] ] gene expression validation datasets obtained from threeeie
2.3. Perturbation Clustering sources: (i) TCGA, (i) GEO, and (i) CGGAYan et al., 2012:
In order to evaluate the prognostic value of the proposedsun et al., 2074 None of these datasets have been used in the
signature, we use the genes present in the signature to fdentioriginal training datasets. PINS can automatically deieerihe
disease subtypes from the independent patient cohort. Faiumber of clusters (denoted by k). We use only the list of genes
clustering, we use PINSIguyen et al., 2017b; Nguyen H. et al.,present in the proposed subnetwork as features, instead of all
2019 to perform perturbation clustering that was developed ingenes present in the datasets. Survival analysis is perfarsiegl
our research lab for tumor subtyping. PINS can automaticallkaplan—Meier survival analysi&gplan and Meier, 1958and
determine the number of clusters and then identify subtypesheir statistical signi cance is assessed using a Cox reigres
that are the most stable against noise and data perturbatiomodel (Cox, 197).
PINS is developed based on the observation that small changes
in any kind of quantitative assay will be inherently present3.1. Glioblastoma (GBM) Study
between individuals, even in a truly homogeneous population iWwe rst identify 2,183 DEGs by performingeave-one-out
the absence of any molecular subtypes. Therefore, welledt n meta-analysis (section 2.1) on four mRNA datasets (GSE7696,
subtypes of a disease have to be stable with respect to smalbE4290, GSE90598, and GSE22866). Similarly, we analyze
changes in the measured values. In order to identify robuswve methylation datasets (GSE60274, GSE22867, GSE50923,
subtypes, PINS repeatedly perturbs the data by adding Gaussi@®E79122, and GSE36278) and identify 1,205 DMGs. These
noise and then clusters the patients. PINS vyields subtypes anthe discovery datasets include a total of 622 samples: 533
patient patterns that are least a ected by data perturbation. or samples from GBM patients and 89 from healthy (non-tumor)
details of the algorithm can be found fguyen et al. (2017b) individuals. Descriptions of these datasets are provided in

Here, the input of the subtyping algorithm is a matrix in Table S1 We use a stringent threshold of 0.1% for both
which the rows represent the patients and the columns represedi erential expression and methylation.
the signature genes identi ed by our framework. Di erent gen Next, we identify the list of methylation-driven genes (MDGSs)
signatures yield di erent matrices (same set of patientstwt based on the three following criteria: (i) genes present in
di erent sets of genes/columns). We expect that a better sigea the list of DEGs with absolute mRNA e ect sizes 1, (ii)
will provide better subtyping, i.e., subtypes with more sigaint genes present in the list of DMGs with absolute methylation
survival di erences. The number of clustelg {s automatically e ect sizes> 1, and (iii) genes that have opposite mMRNA
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and methylation e ect sizes (i.e., genes with positive mRNAhe table. The cells highlighted in yellow represent the @ox
e ect sizes need to have negative methylation e ect sizedewhivalues that are signi cant( 0.01). The cells highlighted in green
genes with negative mRNA e ect sizes need to have positiveéhow the best signature (i.e., lowest @evalue) for each dataset.
methylation e ect sizes). The identi ed list contains 45 MDGs These results show that in both datasets, the proposed signatu
Each of these identied MDGs are then used as seeds in thechieves the best results. Furthermore, in the GSE4412etata
network propagation step to build neighbor networks of DEGsonly the proposed signature is able to achieve a signi cant
(section 2.2). These subnetworks are then merged together €oxp-value.
form a larger network, containing a total of 214 candidateege
Finally, within the larger network, the largest cliques t@on 46 ;
genegwhich constitu?e the proposed netv%ork-b;sed sign&ture 3-'2.' Low-Grade .Glloma (LGG) StUdy
o Similar to the previous study, here we perforfeave-one-
this diseaseFigure 2). . . out meta-analysis on ve mRNA datasets (GSE16011_cohort1,
We demonstrate the utility of the proposed signature ong E16011 cohort2, GSE4290, GSE68848, and GSE4271) and

two independent gene expression datasets; one, downloadgd. . HNA methylation datasets (GSE90496, GSE109379, and
from the TCGA GBM cancer siteThe Cancer Genome Atlas GSE53227), and identify 1,564 DEGs a;1d 2721 Dl\,/lGS

Research Network, 20),3contains gene expression pro les of
525 individual patients, and the other one, GSE4442i(e et al.,

2009, was downloaded from GEO and contains gene expression
pro les of 59 individual patients. For both datasets. our pl’(]ﬂﬂ)S TABLE 1 | Prognostic performance of different gene signature paneleelated

signature combined with PINS is able to identify two groupsto GBM.
of patients with signi cantly di erent survival rates usindé TCGA GSE4412
Cox regression model. The Cgxvalue for TCGA datasets is (525 patients) (59 patients)

7.38E-04, whereas the Cpwalue for GSE4412 is 9.70E-03.

. . . . Gene signatures Number of genes k Cox p-value k Cox p-value
We compare our signature with the following 7 previously ¢ ¢ P P

published GBM gene signature panels: 9 methylation-basegl gepoposed signature 46 2 - 2 _
signature proposed byShukla et al. (2013)13 methylation-  gpuuia et al. 9 5 376E-03 5 1.12E-02
based gene signature proposed Bycheverry et al. (201014 gicpeverry et al. 13 5 342E-03 3  7.50E-01
prognostic gene signature proposed Byrimappamagan et al.  simanpamagan et al. 14 2 314E-03 5 4.67E-01
(2013) 35 methylation based gene signature propose&th ¢ i et al 35 3 926E-03 3  6.07E-0L
et al. (2014) 35 prognostic gene signature proposed Bytai oo 35 3 101E01 3  3.93E-01
and Gamieldien (2018)36 methylation-based gene signaturecmang etal. 36 4 888E-01 4  9.98E-02
proposed byChiang et al. (20149nd 48 gene signature proposed ... 48 5 361E-02 5 417E-01

by Crisman et al. (2016)

The comparison based on the prognostic performances dflusteringis performed by using PINS. The number of clusters identi eldy the algorithm is

H : : : denoted by k. The cells highlighted in yellow represent the Cox p-values thate signi cant

these gene Slgnat_ur_e panels IS showfﬁfible 1 Relgted survival (<0.01). The cells highlighted in green represent the best signature (i.e., lowe€ox p-
curves are shown iRigure 3 PINS identi es the optimal number

h g ) . ) value) for each dataset. These results indicate that the proposed signature &ble to
of clusters based on the given |nput, which is denoted<by achieve the lowest Coxp-values on both independent datasets.

—{FBX044
@<; ¢
v I\ =
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FIGURE 2 | Proposed network-based signature for GBM, containing a tal of 46 genes organized in two different cliques. Each nodenithis graph represents a gene,
while each edge describes the interaction between a gene paiThe interactions are retrieved from the STRING databaseh€ colors of the nodes represent the effect
sizes obtained from the meta-analysis step described ifrigure 1A : red represents genes with a positive effect size while bluepresents genes with a negative

effect size.
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FIGURE 3 | Kaplan—Meier survival analysis on GBM studies, using difemt gene signature panels(A) TCGA dataset which contains gene expression pro les from
525 individual patients.(B) GSE4211 dataset which contains gene expression pro les fron9 individual patients. The horizontal axes represent thénhe (in days) from
the start of the study, whereas the vertical axes representstimated survival percentage. Yellow colors represent th€ox p-values that are signi cant € 0.01). The
green color indicates the best signature (i.e., lowest Cop-value) for the given dataset. These results show that the pposed signature yields the best separation
between aggressive and less aggressive disease on both dasets.

respectively. These eight datasets contain a total of 1af8@les. Descriptions of these datasets are providedable S2 In this
Among them, 1,026 samples are from LGG patients while 76dtudy, we use a threshold of 5% for dierential expression
from either GBM patients or healthy (non-tumor) individuals. and methylation.
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After integrating DEGs and DMGs in the third module, that in both datasets, the proposed signature achieves the
we nd 52 methylation-driven genes (MDGs). Next, we bestresults.
perform network propagation to construct the subnetworks that .
contain the DEGs directly connecting to MDGs. After merging3-3- Network-Based Signature vs.
these subnetworks, we obtain a list of 110 candidate gend¥lethylation-Driven Genes (MDGS)
Finally, 20 genes are selected based on the maximum cligd® demonstrate the contribution of the network information
present in the network which is the proposed signature forour framework, we compare the prognostic performance of the
this study. The identied network-based signature is showrproposed network-based signature with the performance of a
in Figure 4. signature derived from methylation-driven genes (MDGs) &on

To demonstrate the utility of the proposed signature, we us&able 3 shows the Coxp-values obtained by using these two
two independent gene expression datasets; one from TCGA LG@pes of signatures on the four independent datasets used in the
cancer siteCancer Genome Atlas Research Network et al., P01@above two studies. PINS was used to group the samples. For
that contains a total of 515 patients, and the other one fronGBM, the MDGs and the proposed signature contain 45 and 46
CGGA that contains a total of 170 patients. We use PINS tgenes respectively, while for LGG, the MDGs and the proposed
perform a perturbation clustering using the genes present isignature contain 27 and 20 genes, respectively. Resultatredi
the proposed network as features. Similar to the GBM studythat, for both diseases (each disease contains two independen
for both datasets, the groups of patients identi ed based an thdatasets), network-based signatures outperform the iddai
given signature have signi cantly di erent survival pro leSor  markers (i.e., MDGs) based on their ability to predict the patise
the TCGA dataset, the Coxvalue is 5.48E-09 with 4 clusters clinical outcome.
whereas for the CGGA dataset, the Cpwalue is 1.82E-04
with 5 clusters. 4. DISCUSSION

We compare our proposed signature with the following 3
published LGG gene signature panels: a set of 6 genes identi €he widely used technique to combine multiple independent
by Olar and Sulman (2015)a meta-signature of 20 genesstudies is to perform &orizontalmeta-analysis (i.e., combining
proposed byWang et al. (2017)and a panel of 24 genes sample-unmatched studies of the same data type). This approach
proposed by Liu et al. (2011) The comparison between the is unable to combine studies coming from multiple data types.
results obtained with these signatures is showiTable 2 The  Hence, it is not suitable for the identi cation of theechanism
related survival curves are shown Higure 5 In the TCGA  of actionof a given disease. Another technique is to perform a
dataset, the proposed signature and the signature proposed bgrtical meta-analysis (i.e., combining sample-matched studies
Liu et al. achieve signi cant Cop-values. In CGGA dataset, from multiple data type) which accounts for the heterogeneity
signi cant Cox p-values are achieved by the proposed signaturéhat may arise across di ererdmic layers. However, the latter
and the signature proposed by Olar et al. These results shawchnique requires each data type to be available for each
individual patient, which is expensive and impractical for the
studies with large sample sizes. To overcome these challenges
in this manuscript, we propose a multi-cohort and multi-
omics meta-analysis framework that identi es network-ldhse
signatures using independent mRNA and DNA methylation

@’\

)OS0 s studies available in the public repositories. The identied
‘[l ‘\‘\‘ SPRY . . - .. .
f.,»'—"\'\\! signatures are evaluated based on their ability to distisigui
Sy

S
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2

TABLE 2 | Prognostic performance of different gene signature paneleelated
to LGG.
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TCGA CGGA
(515 patients) (170 patients)
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S
@
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Z
s:.
N
»
T

Gene signatures Numer of genes k Cox p-value k Cox p-value

Proposed signature 20 4 - 5 _

Olar et al. 6 5 6.97E-02 5 5.43E-03
FIGURE 4 | Proposed network-based signature for LGG, containing a tal of Wang et al. 20 2 1.42E-01 4 8.07E-01
20 genes organized in a clique. Each node in this graph represits a gene, Liu et al. 18 5 3.21E-06 2 1.12E-02
while each edge describes the interaction between a gene paiThe
interactions are retrieved from the STRING database. The awiks of the nodes Clustering is performed by using PINS. The number of clusters identi edy the algorithm is
represent the effect sizes obtained from the meta-analysistep described in denoted by k. The cells highlighted in yellow represent the Cox-values that are signi cant
Figure 1A red represents genes with a positive effect size while blue (<0.01). The cells highlighted in green represent the best signature (i.e., lowe€ox p-

value) for each dataset. These results indicate that the proposed signature &ble to

represents genes with a negative effect size. ) A
achieve the lowest Coxp-values on both independent datasets.
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FIGURE 5 | Kaplan—Meier survival analysis on LGG studies, using difémt gene signature panels(A) TCGA dataset which contains gene expression pro les from
515 individual patients.(B) CGGA dataset which contains gene expression pro les from 170ndividual patients. The horizontal axes represent the tien(in days) from
the start of the study, whereas the vertical axes representstimated survival percentage. Yellow colors represent th€ox p-values that are signi cant € 0.01). The
green color indicates the best signature (i.e., lowest Cop-value) for the given dataset. These results show that the pposed signature yields the best separation
between aggressive and less aggressive disease on both dasats.

TABLE 3 | Prognostic performance of network-based signatures vs. idividual markers.

GBM study LGG study
TCGA GBM GSE4412 TCGA LGG CGGA
Gene signatures m k Cox P k Cox P m k Cox P k Cox P
Meth. driven genes (MDGs) 45 4 9.36E-03 3 1.18E-01 27 3 3.2206 2 1.43E-03

Network-based signature 46 2 - 2 - 20 4 - 5 -

Clustering is performed by using PINS. Number of clusters identi edor a given dataset is denoted by k, while the number of genes for a given study is deted by m. Cells highlighted
in green represent the best signature (i.e., lowest Cop-value) for each dataset. Results indicate that incorporating network infioration leads to better prognostic gene markers.

patients with dierent survival proles on independent etc., can also be used as long as they contain samples from
validation datasets. two phenotypes (disease vs. normal, treated vs. non-treated,
One of the inputs required for the proposed framework isetc.). The framework is appropriate for the disease conditions
the known interactions between the genes. This informatiorwhose mechanisms of actions are known to be triggered by the
can come from any protein-protein interaction database fa th change in DNA methylation. Due to the important role of DNA
given organism and is independent of the speci ¢ experimentnethylation in glioma Heyn and Esteller, 2012; Turcan et al.,
or condition. In our case, this type of data came from the2012, we demonstrate our proposed framework on two subtypes
STRING database, which would be suitable for any experimemif glioma; the most aggressive one, GBM, and the comparatively
involving more than 2,000 organisms. The discovery dasaseless aggressive LGG. However, this framework can be used to
used in this manuscript are downloaded from GEO. We havédentify network-based markers for other disease condgion
included all gene expression and methylation studies relege as well.
GBM and LGG that have a total number of samples measuring We leverage the concept of the network propagation
20 or more after data preprocessing. Datasets from any othedgorithms mentioned in Mitra et al. (2013)to identify
resources such as TCGA, ArrayExpreBsigtici et al., 2003 candidate subnetworks from the methylation-driven genes.
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The nal network-based markers are selected based on thgatients treated with and without TMZ (treated with other disig
maximum clique. Cliques are complete graphs in which albr untreated). The results indicate that only one group ofigatss
nodes are connected in a pairwise fashion, and thereforénot both)is associated with favorable TMZ drug responsectvhi
genes that are part of a clique are likely to be functionallys re ected by signi cantly di erent survival rates of the dg-
related. In previous years, the utility of using cliques hasrb responders and the drug-resistants (Gexalue = 7.34E-06). Our
demonstrated in multiple disease conditions such as breastding explains why it has previously been noted that there is a
cancer Ghi et al., 201)) colorectal cance{radhan et al., 20)2  group of patients who do not respond well to TMEifange et al.,
etc. Other subnetwork identi cation techniques, such asegly 2009; Lee, 20)6

algorithms (e.g., PinnacleZChuang et al., 200/ clustering- Similarly, to investigate the groups of patients identi ed on
based methods (e.g., SAMBAanay et al., 2004scoring based TCGA LGG, we obtained clinical information from TCGA that
on centrality measurements (e.gVang et al., 2001 etc., can includes three subtypes of glioma: IDH wild-type, IDH mutant-
be utilized as well. A comprehensive review of the currentlgodel, and IDH-mutant-non-codel (eccarelli et al., 20).6
available tools for subnetwork identi cation can be found Enrichmentanalysis using FET reveals that the groups of patien
in Nguyen et al. (2019) with lower survival rates (cluster “1-2” and “2-1" irigure 5A)

We investigate how the groups of patients identi ed in theare enriched with wild-type IDH§ D 2.30E-16 and 1.94E-06)
TCGA GBM dataset, using our proposed signatlfg(re 34), and MGMT promoter unmethylationg D 4.99E-06 and 0.001).
relate with the available histopathological variableseatments. These results con rm the ndings previously reported by TCGA
Table S3shows the confusion matrix of the two groups of and othersegietal., 20061n addition, we found that the lower
patients associated with the proposed GBM signature and thgurvival rates are associated with a higher tumor purity ecor
ve GBM subtypes recognized by the original authorshé¢ (WRSp-value = 0.007). Previously, it has been shown by others
Cancer Genome Atlas Research Network, 20Ehrichment that a higher tumor purity score is associated with tumor gtiow
analysis using Fisher's Exact Test (FET) indicates that thdisease progression and drug resistantesfihara et al., 20).3
group of patients with lower survival rate is enriched with We also investigate the novelty of our identi ed signatures
Mesenchymal subtypep(D 1.04E-19), whereas the group of by checking their overlap with other published signature gene
patients with higher survival rate is associated with Praaeu (Figure 6). For GBM, none of the genes proposed in this
(p D 1.98E-14) subtype and G-CIMP tumorp D 4.27E-10). manuscript are present in the other three top (based on the
This conrms the fact that G-CIMP tumors belong to the Cox p-value on TCGA dataset) gene signature panels (i.e.,
Proneural subtype Noushmehr et al., 2010; Verhaak et al.,panels of gene signatures proposed by Shukla et al., Etcheverry
2010. In addition, the better survival group is enriched with et al.,, and Arimappamagan et al.). Similarly for LGG, none
IDH1 mutation (p D 1.80E-06) and relatively younger patientsof the genes proposed in this manuscript are present in the
(Wilcoxon rank sum (WRS) tesp D 0.01), which is also panels of gene signatures proposed by Olar et al., Wang et al.,
acknowledged by othersNpushmehr et al., 2010; The Cancerand Liu et al.

Genome Atlas Research Network, 2P1Furthermore, we One of the main reasons for this is that the types of
investigate patients' responses to Temozolomide (TMZ), a drugvidence used by our proposed framework are di erent from
which is FDA approved for the treatment of GBM. We do thisother relevant studies. Our proposed framework identi es gen
by calculating the survival Cop-value for each group (the signatures using evidence from three di erent sources: @MNA
better survival group and the lower survival group) basedtmn t expression, (i) DNA methylation, and (iii) protein-protein

FIGURE 6 | The overlap between the proposed signatures and other prewusly published signatures. For GBM, none of the genes propsed in this manuscript are
present in the signatures proposed by Shukla et al., Etchevey et al., and Arimappamagan et al. Similarly for LGG, nonef the genes proposed in this manuscript are
present in the signatures proposed by Olar et al., Wang et aland Liu et al. (A) GBM signatures.(B) LGG signatures.
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interactions (PPI). In addition, it combines heterogensou multiple studies within one data level, or both. Therefore, a

independent studies within each data type (mMRNA and DNAvery small or no overlap between the signatures proposed by
methylation) using an e ect-size-based meta-analysis approacour framework and the signatures proposed by other relevant
In contrast, none of the relevant studies identify their gen studies is to be expected. Furthermore, the existing sigeatur

signatures considering all three types of evidence that wed.us have little or no overlap among themselves, even though many
They are based on frameworks that either do not integratef them are based on the same type of evidence. In spite of
information from multiple data levels or do not combine the fact that our proposed genes have not been previously

FIGURE 7 | Interesting putative mechanisms are identi ed by iPathwayGde (www.advaitabio.com) on theGlutamatergic synapse and the Chemokine signaling
pathways. The colors of the nodes represent the effect sizesbtained from the meta-analysis step described irfFigure 1A of the manuscript: red represents genes
with a positive effect size while blue represents genes with negative effect size. The edges highlighted in red represéthe coherent edges between the genes,
which indicate the edges for which the measured effect changs are consistent with the phenomena described by the pathwa
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reported, they provide the best ability to distinguish betwee The rst type of evidence is the classical over-representation
aggressive and less aggressive disease in all indepentiesgtda DE genes in each pathway. The second type of evidence captures
that we used. several other important biological factors such as the pasitio
Importantly, our proposed GBM signature contains severabll the genes on each pathway, the magnitude of their expressio
genes that play crucial roles in the underlying mechanisms afhange, the direction and type of the signals transmittedviben
GBM. For instance, according tbeng et al. (2016)ADCY2 genes as described by the pathway, etc. The impact analysis has
is known to be involved in the progression of di use intrinsic been shown to be able to identify the signi cantly impacted
pontine glioma; ANXA1 has shown to be involved in GBM pathways much better than classical over-representationealon
apoptosis byresta et al. (2013); Pan et al. (20démonstrated (Draghici et al., 2007; Tarca et al., 2D09
that CCL5 is responsible for creating an autocrine circuit fo  Among the pathways reported as signi cant, interesting
Mesenchymal GBM growthXie et al. (2015)nvestigated the putative mechanisms are identi ed by the impact analysis on
role of CSC20 and found its crucial role in tumor-initiating the Glutamatergic synapse pathway and the Chemokine signalin
cell (TIC) proliferation in GBM; CXCR4, LPAR1 and TRIM21 pathway. These are shown kigure 7. The colors of the nodes
play important roles GBM cell proliferation as demonstratedrepresent the e ect sizes obtained from the meta-analysis step
by Ehtesham et al. (2009).oskutov et al. (2018)and Lee described inFigure 1A: red represents genes with a positive
et al. (2017) respectively; Kim et al. (2018)demonstrated e ect size while blue represents genes with a negative e ect
the therapeutic role of RNF138 in GBM;Mahajan-Thakur size. The edges highlighted in red represeabherent edges
et al. (2017)reviewed the role of S1IPR1 in GBM and foundcoherent edge is an edge for which the measured e ect changes
that its over-expression is associated with improved GBMre consistent with the phenomena described by the pathway. Fo
prognosis; SOCS1 plays a vital role as a tumor suppressexample, if gene A inhibits gene B, and if gene A is upregulated,
in GBM, as investigated byaker et al. (2009)STUB1 has gene B is expected to be downregulated. If the measured change
shown to be involved in glioma cell proliferation [8yed et al. are consistent with this inhibition, the edge correspondiiog
(2015) etc. Similarly, our proposed LGG signature containghis interaction is referred to as being coherent. Seveunahs
genes that are known to be related to glioma. For instanceoherent edges form coherent chains of perturbation propagati
according to Shi et al. (2006) EIF3F is downregulated in which can be thought of as putative mechaniskigure 8shows
most human tumors including glioma; EIF5 and RPS12 are closer look of the coherent edges within the two pathways
known to be involved in brain metastasis in primary breastmentioned above.
tumors (Sanz-Pamplona et al., 20iBhahbazian et al. (2010) For LGG, two pathways are signicantly impacted with
has shown that EIF4B is a potential target for anti-cancethe proposed gene signature after correcting for multiple
therapies; etc. comparisons: the Ribosome pathway and the RNA transport
Furthermore, we use iPathwayGuidedvaita Corporation, pathway Figures S1 S2. The reason for having only two
2019 to perform an extensive pathway analysis to identifypathways as signi cantly impacted could be explained by the
the mechanisms captured by the proposed signature$act that LGG is an early stage of glioma and, therefore, the
iPathwayGuide uses an impact analysis that calculates tlieerences across the given phenotypes are not re ected in the
true impact of a pathway by combining two types of evidencepathway level.

FIGURE 8 | The mechanisms involving the proposedsBM signature in the Glutamatergic synapse (A) and the Chemokine signaling (B) pathways, as identi ed
by iPathwayGuide (www.advaitabio.com). The colors of theades represent the effect sizes obtained from the meta-angbis step described inFigure 1A . The edges
represent molecular actions between the genes obtained fim the STRING database. The edges highlighted in red indicatéa¢ coherent edgesbetween the genes.
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5. CONCLUSION AUTHOR CONTRIBUTIONS

In an eort to identify disease-specic biomarkers that can AS and SD conceived of and designed the project. AS
explain the underlying biological mechanism and predictimplemented the method in R and performed the data analysis
associated patients' survival, several computational appesac and all computational experiments. TN, AP, and HN helped AS
have been proposed over the past few years. The majority perform the data analysis. AS and SD wrote the manuscript.
of the approaches have limited clinical applicability sinceAll authors reviewed the manuscript.

they do not fully utilize the crucial information that is

currently available in public repositories. In this manugtri FUNDING

we propose an integrative framework that is able to identify

network-based biomarkers for a given disease conditiorNational Institutes of Health [RO1 DKO089167, STTR
utilizing information from three di erent sources: (i) muiple R42GM087013]; National Science Foundation [DBI-0965741];
independent mRNA studies, (i) multiple independent DNA and by the Robert J. Sokol M.D. Endowment in Systems
methylation studies and (iii) protein-protein interactions Biology (to SD) DM. Any opinions, ndings, and conclusions or
We demonstrate the utility of the proposed frameworkrecommendations expressed in this material are those of the
by constructing subnetworks related to GBM and LGGauthors and do not necessarily re ect the views of any of the
using 17 independent mRNA and DNA methylation studiesfunding agencies.

containing a total of 2,409 samples. We validate our proposed

signatures on four independent gene expression dataseSUPPLEMENTARY MATERIAL

containing a total of 1,269 patients. The results indicatat th

our proposed network-based signatures are able to bettahe Supplementary Material for this article can be found

predict patients' survival than other published signatures foonline at:

these diseases.
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