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Abstract

Motivation: Drug repositioning reveals novel indications for existing drugs and in particular, diseases with no
available drugs. Diverse computational drug repositioning methods have been proposed by measuring ei-
ther drug-treated gene expression signatures or the proximity of drug targets and disease proteins found in
prior networks. However, these methods do not explain which signaling subparts allow potential drugs to be
selected, and do not consider polypharmacology, i.e. multiple targets of a known drug, in specific subparts.

Results: Here, to address the limitations, we developed a subpathway-based polypharmacology drug repositioning
method, PATHOME-Drug, based on drug-associated transcriptomes. Specifically, this tool locates subparts of signal-
ing cascading related to phenotype changes (e.g. disease status changes), and identifies existing approved drugs
such that their multiple targets are enriched in the subparts. We show that our method demonstrated better perform-
ance for detecting signaling context and specific drugs/compounds, compared to WebGestalt and clusterProfiler, for
both real biological and simulated datasets. We believe that our tool can successfully address the current shortage
of targeted therapy agents.

Availability and implementation: The web-service is available at http://statgen.snu.ac.kr/software/pathome. The
source codes and data are available at https://github.com/labnams/pathome-drug.

Contact: yonhuisarahkim@gmail.com or tspark@stats.snu.ac.kr

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

Drug repositioning (equivalently, drug ‘repurposing’) aims to reveal
novel indications for existing drugs (Hopkins, 2008; Sam and Athri,
2019), and is crucial when no drugs are available for specific indica-
tions (Sam and Athri, 2019). Also, drug repositioning, via

computational approaches using genomics data, can save clinical at-
trition rates and time (Hopkins, 2008).

One popular computational drug repurposing approach utilizes
gene expression signatures (Caroli et al., 2018; Carrella et al., 2014;
Duan et al., 2016; Lamb et al., 2006; Subramanian et al., 2017;
Wang et al., 2017; Yoo et al., 2015) to set up reference gene
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expression signatures (or gene sets) related to expression changes,
before and after drug treatments.

Subsequently, this approach selects drugs with gene expression
signatures, in opposition to such signatures of patients (or disease
models), by using gene set analysis (GSA) (de Leeuw et al., 2016;
Wang et al., 2017). Many omics-based drug repurposing tools use
this approach (Caroli et al., 2018; Carrella et al., 2014; Duan et al.,
2016; Lamb et al., 2006; Subramanian et al., 2017; Wang et al.,
2017; Yoo et al., 2015).

Other popular approaches (Cheng et al., 2019; Emig et al., 2013;
Hsu et al., 2011; Krauthammer et al., 2004; Martinez et al., 2015;
Navlakha and Kingsford, 2010; Vanunu et al., 2010; Wang et al.,
2014; Wu et al., 2013) for drug repositioning are based on linking
drug-target relationships to prior signaling and protein-protein inter-
action (PPI) databases, including the Kyoto Encyclopedia of Genes
and Genomes (KEGG) (Kanehisa and Goto, 2000), and Search Tool
for the Retrieval of Interacting Genes/Proteins (STRING) (Szklarczyk
et al., 2015). After connecting biological networks of prior knowledge
databases to a list of known disease genes, existing drug-target protein
relationships are overlaid on the networks. When the targets of a
known drug are connected or proximal to the networks, this approach
(i.e. ‘proximity approach’) reports possible drug repositioning (Sam
and Athri, 2019). However, this approach does not utilize transcrip-
tomics information, thus ignoring expression statuses of gene entries
in the networks.

These two approaches have other limitations. First, they do not
consider what specific signaling pathways, or their regulatory subparts
(equivalently, ‘subpathways’), are dysregulated in patients or pheno-
type changes (Koumakis et al., 2016). Also, these approaches do not
consider the polypharmacology [i.e. multiple targets of a known drug
(Bolognesi, 2019; Jansson et al., 2015)] of dysregulated signaling sub-
pathways, due to their different drug repositioning strategies.

Recently, polypharmacology has been promoted for Food and
Drug Administration (FDA)-approved drugs (Bolognesi, 2019;
Jansson et al., 2015). Polypharmacology refers to multiple targets of
a known drug (Bolognesi, 2019; Jansson et al., 2015). Two advan-
tages of polypharmacology exist. First, from the perspective of net-
work medicine, disease can be considered to result from the systemic
dysregulation of signaling networks (Vitali et al., 2013). In that re-
gard, one therapeutic aim is to recover such dysregulated networks
by modulating key components of the networks simultaneously
(Vitali et al., 2013). Thus, when a drug’s multiple targets (i.e. poly-
pharmacology) are revealed in key components of dysregulated net-
works, the drug is likely to restore those networks’ functions (Vitali
et al., 2013). Second, polypharmacology of Food and Drug
Administration (FDA)-approved drugs has been incorporated into
the field of drug repositioning (Bolognesi, 2019; Jansson et al.,
2015), since FDA-approved drugs have already been validated in
terms of efficacy and safety (Bolognesi, 2019; Jansson et al., 2015).

Despite this potential, the two aforementioned phenomena (i.e. gene
expression signatures and proximity approaches) have not been consid-
ered important in assessing the polypharmacology of networks. While a
few web services for GSA-based drug-gene association methods are free-
ly available (e.g. WebGestalt) (Wang et al., 2017), few network-based
polypharmacology web services have so far been offered.

In this study, to address the aforementioned limitations, we de-
velop not only a new subpathway network-based polypharmacology
drug repositioning method, but also provide the web services for the
new method, PATHOME-Drug. For evaluation, we implemented
synthetic expression data in a more biologically realistic manner by
considering interdependency between biological entities. Finally, our
method performed better than two well-known GSA methods,
WebGestalt (Wang et al., 2017) and clusterProfiler (Yu et al., 2012),
in terms of detection of signaling pathways and drug repositioning.

2 Materials and methods

2.1 Method of our subpathway network-driven poly-

pharmacology drug repositioning tool, PATHOME-Drug
A schematic overview of PATHOME-Drug, consisting of the four
phases is given in Figure 1. PATHOME-Drug takes transcriptomic
datasets as input. Our method generates a network by collecting and

merging subpathways from previously known signaling KEGG path-

ways such that regulations between biological entities, within the

subpathways, are statistically different, in terms of gene expression

profiles between two phenotypes (e.g. normal versus cancer). Then,
considering polypharmacology-based drug repositioning (Bolognesi,

2019), drugs affecting multiple targets, in the significant subpath-

ways, are identified by a statistical test. Such drugs’ polypharmacol-

gies could change statuses (e.g. gene expression) of biological
entities, in the subpathways, by regulating their multiple target com-

ponents, potentially reversing disease phenotypes.

2.1.1 Phase 1: subpathway-network generation

The first phase was implemented for a subpathway-level analysis by

using a previous method, PATHOME (Nam et al., 2014). Gene ex-
pression data and pathways were input to identify significant sub-

pathways, i.e. linear paths from KEGG pathways, decomposed from

top nodes to leaf nodes, by using depth-first search. Statistically sig-

nificant subpathways were then selected. Subsequently, Cytoscape
(Shannon et al., 2003) located the shared nodes among the selected

subpathways, to merge them into a single network.
For a pair of adjacent gene nodes i and j in a subpathway graph

S(V, E) with nodes V and edges E, the rule was defined as follows
(Nam et al., 2014):

corði; jÞregði; jÞ > 0;8ði; jÞ 2 EðSÞ (1)

where cor(i, j) is Pearson’s correlation coefficient between gene ex-

pression profiles of the nodes i and j. The function reg(i, j) as a priori
activation (reg¼1) or inhibition (reg¼ -1) between the adjacent

nodes was obtained from the KEGG pathways. When subpathway S
satisfies the rule in control and experimental groups in gene expres-

sion data, further statistical tests were performed under no difference

of correlation magnitudes of E(S) between the two groups (Nam

et al., 2014). Subsequently, statistically significant subpathways
were merged into a single network, enabling us to explain which sig-

naling subparts allow compounds and drugs to be selected. Input

and output of our web services are described in Supplementary

Method S1 and Supplementary Figure S1.

Fig. 1. Overview of PAHOME-Drug. PATHOME-Drug consists of four phases to

suggest subpathway network-based polypharmacology drug repositioning. The first

phase constructs significant subpathway-networks from KEGG for locating specific

subparts of whole signaling pathways, relevant to disease statuses. The second phase

then extends reliable PPIs to the networks, while the third phase constructs a com-

pound physicochemical property database to find drug-like compounds, along with

drug-target relations. The last phase suggests polypharmacology drugs, regulating

multiple targets, within the subpathway-network, using compound enrichment tests
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2.1.2 Phase 2: addition of PPIs (PPIs) to the subpathway-network

In the second phase, for revealing further biological relationships,
PPIs of first-order neighborhoods of the genes in the subpathways
were incorporated into the subpathway-network of the first phase.
For this purpose, PPIs (evidence score greater than 0.9) from
STRING-db (Szklarczyk et al., 2015) were used.

2.1.3 Phase 3: drug-like compound identification

In the third phase, physicochemical properties of compounds were
utilized for integrating the networks of the second phase (see
Supplementary Method S2 for details). Curated information of the
ligands’ (i.e. interacting drug molecules) binding to the proteins,
obtained from DrugBank (Knox et al., 2011) and PharmGKB
(Thorn et al., 2010), was used to construct our in-house physico-
chemical property database, for the two databases. We then
obtained ‘drug-like’ compounds by applying a physicochemical
property rule, called Lipinski’s rule of five (henceforth, RO5 rule)
(Lipinski, 2004), to the compounds of our drug database. These
drug-like compounds, satisfying the RO5 rule plus the two addition-
al filters (henceforth, RO5 variant), were also considered for drug
repositioning within the subpathway-network in the next phase.

2.1.4 Phase 4: compound enrichment analysis in the subpathway-

network for polypharmacology

In this stage, a statistical test for identifying a ‘drug binding to mul-
tiple targets’, i.e. polypharmacology (Bolognesi, 2019), in the given
subpathway-network, was performed (Supplementary Method S3).
For measuring the statistical enrichment for compound targets in the
network, we used Fisher’s exact test by constructing a two by two
contingency table for each compound. In the contingency table for a
given compound, one factor had two levels (targets versus non-
targets), and the other factor two levels (network entries versus non-
network entries).

2.2 Performance evaluation of signaling detection in

simulated gene expression data, without considering

regulations
Regarding signaling pathway detection, we measured powers and
false discoveries in the three tools: PATHOME-Drug, WebGestalt
(Wang et al., 2017) and clusterProfiler (Yu et al., 2012). To calculate
power and false discovery, true positive and true negative pathways
should be set. In real gene expression datasets, however, all true
positive and true negative pathways have not been experimentally
identified, thus requiring simulation. Several true positive pathways
have been confirmed by in vitro and in vivo experiments. It is natural
that these experimentally validated pathways could be regarded as
true positive pathways. Thus, the gene expression profiles, in them-
selves, for the gene entries in these validated pathways, can be
regarded as true positive data. For true negative pathways, it is often
assumed that true negative pathways refer to non-significant path-
ways between control and experimental groups (e.g. patients versus
healthy individuals). These non-significant pathways can be simu-
lated under the null hypothesis that the gene expression profiles in
the pathways are not different between the two groups.

We then generated simulated datasets, without considering net-
work structure, using our previous GEO dataset (accession number:
GSE36968) (Chang et al., 2016). In brief, this dataset contains 18
890 gene expressions of 6 non-cancerous gastric tissue and 24 gastric
cancer (GC) tissue samples. Through experimental validation
(Chang et al., 2016), we confirmed that the dataset represented the
WNT signaling pathway, which we assumed to be the true causal
pathway for KEGG entries for 150 genes. In this respect, we gener-
ated 100 simulated datasets, by resampling expressions of the 150
genes within the WNT pathway, and assumed 100 datasets as true
positives.

For true negative dataset construction, the gene expressions of
the other 18 740 genes (18 890 minus 150; equivalently, non-WNT
pathway genes) were designed to have no difference between the
non-cancerous samples and the gastric cancer samples, assuming

true negatives. In other words, the non-cancerous samples and the
gastric cancer samples have the same normal distribution, for which
the means and variances for each gene were obtained from the non-
cancerous samples. Here, we obtained 100 datasets by simulating
the normal distributions of the 18 740 genes, assuming true
negatives.

We combined both true and negative datasets to result in the 100
final simulation datasets (Fig. 2). In generating the simulated dataset,
the WNT signaling pathway was set as a true positive and non-
WNT signaling pathways as true negatives. In other words, the
power was defined as how many times the P-values of the WNT sig-
naling pathway detections were less than the significance level a (i.e.
0.05), in the 100 (say, M) simulated datasets (Equation 2). The num-
ber of false signals (i.e. false discoveries) were defined as how many
of the 100 simulated datasets reported any non-WNT signaling
pathways having P-values less than the significance level a (Equation
3).

Power ¼ 1

M

XM
j¼1

IðpWNT;j < aÞ (2)

Fig. 2. Performance evaluation of PATHOME-Drug, WebGestalt and clusterProfiler

for signaling detection in simulated gene expression data, for gastric cancer versus

normal samples, without considering regulation. We constructed simulated datasets

(see the Methods section), such that WNT signaling was the differential pathway in

cancer versus normal groups, and the genes of other pathways (null pathways) were

not different between the two groups. We measured powers (bottom left panel) for

the WNT signaling and false discoveries (bottom right panel) for the null pathways,

in the 100 simulated datasets, by the two methods, indicating better performance of

PATHOME-Drug over WebGestalt for both measurements. PATHOME-Drug also

demonstrated less false discoveries than clusterProfiler, even though PATHOME-

Drug and clusterProfiler had the same power. (n.s., not significant; *, P< 0.05; **,

P< 0.01; ***, P< 0.001)
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offalsediscoveries ¼ 1

M

XM
j¼1

X
i2S�fWNTpathwaygIðpi;j < aÞ (3)

where I(•) represents the indicator function, and pi,j the P-value of
signaling pathway i detection in the jth simulated dataset. Signaling
pathway i represents an element of signaling pathway set, S ¼
fWNT pathway, .., MAPK pathwayg. For example, pWNT,j indicates
the P-value of the WNT pathway in the jth simulated dataset. We
obtained powers and false discoveries for the tools in the simulated
datasets.

2.3 Comparison among PATHOME-Drug, WebGestalt

and clusterProfiler for compound suggestion, in the

eight real GC datasets
We applied the tools to the eight GC expression datasets to obtain
the numbers of statistically significant compounds. We compared
the numbers of the compounds, to inspect which tool suggested
more compounds, noting that, regarding compound-target relation-
ships, PATHOME-Drug used DrugBank (Knox et al., 2011) and
PharmGKB (Thorn et al., 2010). WebGestalt (Wang et al., 2017)
used PharmGKB (Thorn et al., 2010) and a literature-based com-
pound-protein database, GLAD4U (Jourquin et al., 2012).
ClusterProfiler used DSigDB (Yoo et al., 2015). For statistical signif-
icances, q-values < 0.1, P-values < 0.05 and FDR q-values < 0.1
were used for PATHOME-Drug, WebGestalt and clusterProfiler,
respectively.

2.4 Performance evaluation of signaling detection and

drug repurposing in simulated gene expression data,

considering network structures
Since traditional simulations do not reflect network structure, we
performed more biologically realistic simulation, under a Gaussian
Bayesian Network (GBN) model, using a Bayesian learning package,
bnlearn (Scutari, 2010) that considers network structure of path-
ways. The simulated datasets were used to calculate the powers of
signaling detection and drug detection (see Supplementary Method
S4 for details).

The network structures of four well-established GC signaling
pathways (i.e. ‘true’ pathways) (Chang et al., 2016; Zhang et al.,
2014) were selected from KEGG (WNT signaling: KEGG hsa04310;
mTOR signaling: KEGG: hsa04151; MAPK signaling: KEGG
hsa04010; and JAK-STAT signaling: KEGG hsa04630). The ‘true’
pathways were then regarded as differential pathways in GC versus
control samples. The log2-normalized gene expressions of 30 real
GC biological samples (24 GC versus 6 normal-appearing samples),
in the GEO dataset GSE36968 (Kim et al., 2012), were used for sim-
ulating gene expression. Simulated gene expression data for a given
true pathway was generated by a GBN model, using the bnlearn
package (Scutari, 2010).

Gene expression data for the other pathways (say, null path-
ways), not belonging to the given pathway, was obtained by resam-
pling the normal samples, without regard to phenotypes in
GSE36968. Null pathways can be regarded as non-differential path-
ways in GC versus normal samples. So, these genes were not differ-
ent between the two phenotypes, and it was expected that no
pathways except the four ‘true’ pathways were likely to be
significant.

Under diverse GBN parameter settings, we generated 100 simu-
lated datasets for each GBN parameter setting, and subsequently cal-
culated the powers for the tools. The power of differential pathway
detection was defined as how many times the P-values of detecting
the ‘true’ differential signaling pathway i were less than the signifi-
cance level a (e.g. 0.05) in the 100 (say, M) simulated datasets
(Equation 4). The true differential pathway i belongs to fWNT path-
way, mTOR pathway, MAPK pathway, JAK-STAT pathwayg as
mentioned earlier. The power of identifying drugs in the ‘true’ differ-
ential pathway i was defined as how often the P-values of the drugs,
associated with i, were less than the significance level a (Equation 5).

Power of the differential pathway i detection ¼ 1

M

XM
j¼1

Iðpi:j < aÞ

(4)

Power of drug detections in the differential pathway i ¼
1

M

XM
j¼1

I
��X

d2Di

Iðpi;j;d < aÞ
�
> 0

�
; (5)

where pi,j,d indicates the P-value, reported by the tools, of drug
d that is statistically associated with the true signaling pathway,
i, in the jth dataset. The set Di indicates the list of known com-
pounds (drugs) for the ith pathway. The pi,j notation is the same as
Equation 3.

3 Results

3.1 Overview
PATHOME-Drug consists of four phases (Fig. 1). The first phase is
to extract subpathways from prior signaling KEGG pathways, such
that regulations between biological entities within the subpathways
are statistically different, in terms of the expression profiles specific
to the two phenotypes (e.g. normal versus cancer). Subsequently, the
subpathways were merged into a network. This phase was imple-
mented, using our previous method (Nam et al., 2014). The second
phase was to extend the network, using PPIs (Szklarczyk et al.,
2015). The third phase was to construct a database for compound-
target information, and drug-likeness information, of the com-
pounds. Drug-likeness refers to a drug’s physicochemical properties
necessary to become a successful, efficacious and safe biological
agent (Segall, 2012). The last phase was to identify either com-
pounds or drug-like compounds for which multiple targets were
enriched in the network. In other words, a drug binding to multiple
targets in the given networks, i.e. polypharmacology (Bolognesi,
2019), was reported in this phase.

For performance evaluation, we generated the two types of simu-
lated gene expression datasets. The first type did not consider regula-
tions among genes, while the second type did consider regulations,
using Bayesian learning. The second type is more biologically realis-
tic than the first one.

3.2 Performance evaluation of signaling detection in

simulated expression data, without considering

regulations
We compared the performances of PATHOME-Drug and a classical
GSA tool for signaling pathways and drug associations, WebGestalt
(Wang et al., 2017). While there are many different drug reposition-
ing methods, few of these implement these methods. One such Web-
based method, WebGestalt, was selected as a baseline method for
our study. WebGestalt included gene sets for signaling pathways and
for drug-target genes. Taking the user’s own genes as input,
WebGestalt provides statistically enriched gene sets for signaling
pathways and drugs, separately. We also considered another popular
method, over-representation analysis (ORA) (Boyle et al., 2004),
based on a list of differentially expressed genes (DEGs). The ORA,
implemented in the R package, clusterProfiler (Yu et al., 2012), was
applied to the simulated datasets, for identifying significant path-
ways and drugs. The clusterProfiler package used the KEGG data-
base and DSigDB (Yoo et al., 2015) as the sources of pathway-gene
associations and drug-gene associations, respectively.

We generated 100 simulated gene expression datasets without
considering regulations between protein-coding genes (see Methods
for details). As a result, our method, WebGestalt and clusterProfiler
showed powers of 1, 0.96 and 1, in signal pathway detection, re-
spectively, indicating better or equal power of our method, com-
pared to WebGestalt and clusterProfiler (Fig. 2). Regarding false
discoveries of signaling pathway detection, PATHOME-Drug
showed less false discoveries (15.84 6 3.29, average and standard
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error), when compared to WebGestalt (27.84 6 5.71) and

clusterProfiler (22 6 1.5) (Fig. 2).

3.3 Comparison among PATHOME-Drug, WebGestalt

and clusterProfiler in terms of compound suggestions,

in the eight real GC datasets
Given specific disease pathogeneses represented as networks or gene
sets, the discovery of compounds that could reverse detrimental phe-

notypes is critical for restoring physiological homeostasis. Also,

since available targeted therapies (or compounds), in cancer in par-
ticular, are considerably limited, it is important to suggest more

compounds for drug repositioning. To that end, in the first compari-

son among the three tools, we measured the number of statistically

significant compounds reported by PATHOME-Drug, WebGestalt
and clusterProfiler, in the eight GC expression datasets. Also, con-

sidering the quality of their physicochemical properties (i.e. drug-

likenesses), in the second comparison, we regarded drug-like com-

pounds as a reference set, comparing the number of statistically sig-
nificant drug-like compounds between the tools.

In the first comparison, we compared PATHOME-Drug,

WebGestalt and clusterProfiler, by measuring the number of com-

pounds detected from the eight gastric cancer (GC) datasets (see
Supplementary Table S1 for dataset descriptions). This assessment

showed that PATHOME-Drug identified a greater number of statis-

tically significant compounds, in a majority of the eight datasets,

compared to WebGestalt and clusterProfiler (Fig. 3A).
In the second comparison, we considered compounds’ drug-

likenesses (Daina et al., 2017). Drug-likeness refers to the physico-

chemical properties of a molecule as an oral drug regarding bioavail-

ability, solubility, ligand efficiency, etc. (Daina et al., 2017) (see
details in the methods). Also, in this comparison, our method sug-

gested more drug-like compounds, in five of the eight datasets, than

WebGestalt (Fig. 3B) and more than clusterProfiler, in all the data-

sets (Fig. 3B).

3.4 Performance evaluation of signaling detection and

drug repurposing, in simulated gene expression data,

while considering network structure
Since our proposed method showed comparable performance to the

existing methods, in the traditional simulation approach that does

not consider complex structure of pathways, we performed further
simulations, to reflect network structures of pathways.

Using the network structures of four GC-related KEGG path-

ways (WNT signaling, mTOR signaling, MAPK signaling and JAK-

STAT signaling) (Chang et al., 2016; Zhang et al., 2014), and a GC
dataset (GEO accession: GSE36968) (Kim et al., 2012), 100 simu-

lated replicate datasets for GC versus normal-appearing samples

were generated for each pathway, using a GBN (Fig. 4A;

Supplementary Method S4 in details). The network structure of each
pathway was determined using a Bayesian learning tool, bnlearn.

The performance results (Fig. 4B) showed that the simulation

considering pathway network structure was crucial for evaluating

statistical power. First, the powers of identifying the ‘true’ pathways

were substantially higher in PATHOME-Drug than in WebGestalt.
The powers of PATHOME-Drug showed 0.72–0.99 in all the simu-

lated pathways, regardless of simulation parameters, while those of

WebGestalt were modest and highly variable (0.03–0.19, Fig. 4B).
The powers of clusterProfiler were zeros in all the settings (Fig. 4B).

Next, in aspect of detecting compounds associated with a path-

way, PATHOME-Drug (power 0–0.95), outperformed WebGestalt

(power 0–0.05) and clusterProfiler (power 0) in the four true path-

ways (Fig. 5). Also, we inspected the scenario of identifying drug-
like compounds (a subset of compounds) in a pathway, and the

powers of PATHOME-Drug (power 0–0.58) were consistently

higher than those of WebGestalt (power 0–0.03) and clusterProfiler
(power 0) (Fig. 5).

3.5 Application of PATHOME-Drug and WebGestalt to

pancreatic cancer cell lines
We next applied PATHOME-Drug and WebGestalt to dasatinib-

insensitive versus -sensitive pancreatic cancer cell lines (GEO accession:
GSE59357) (Chien et al., 2015). As a result, 10 compounds were detected

only by PATHOME-Drug, but not by WebGestalt. One such compound,

regorafenib, associated with ABL1, a gene upregulated in the dasatinib-

insensitive cells. Regorafenib, a known metastatic colorectal cancer thera-
peutic, is a multi-kinase inhibitor targeting RET, VEGFR1, FGFR1, TIE2

and ABL1 (Food and Drug Administration, 2012). Interestingly, in a re-

cent bioactivity study (Mayer et al., 2017), 2lM regorafenib reduced cell

viability in two dasatinib-insensitive pancreatic cancer cell lines, Panc1
and MiaPaca2, and also reduced tumor volume in an in-vivo xenotrans-

plantation model of pancreatic cancer in fertilized chicken eggs (Mayer

et al., 2017).

3.6 Application of PATHOME-Drug to GC: dasatinib and

imatinib for potential drug repositioning in GC
To address the current conundrum of limited available targeted GC

drugs, we applied PATHOME-Drug to the eight GC datasets

Fig. 3. Comparison of PATHOME-Drug, WebGestalt and clusterProfiler in terms of

the number of reported compounds in the eight GC datasets. (A) We compared the

number of compounds identified by the three methods from the datasets.

PATHOME-Drug, in comparison to WebGestalt, reported more compounds in six

of the eight datasets. PATHOME-Drug, in comparison to clusterProfiler, suggested

more compounds in all the datasets. (B) Since compounds contained non-drug-like

compounds, as well as drug-like compounds, we compared the number of ‘drug-

like’ compounds, reported by PATHOME-Drug and WebGestalt, from the eight GC

datasets. PATHOME-Drug reported more drug-like compounds, in five of the eight

datasets, than WebGestalt, and more drug-like compounds, in all the datasets, than

clusterProfiler. Overall, the two panels imply that our tool suggested more com-

pounds for GC
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(Supplementary Table S1), obtaining the eight networks and the
compounds under FDR q-values < 0.1. As a result, 17 compounds
were enriched in �5 of the 8 networks (Supplementary Table S2).
Of interest, 4 of the 17 compounds belonged to the tyrosine kinase
inhibitor (TKI) drug class for treating several cancer types.
Considering our datasets were also GC, we focused on TKIs. The at-
tention was paid to dasatinib and imatinib, because the two inhibi-
tors were frequently observed in the GC subpathway networks,
compared to the other kinase inhibitors (Supplementary Table S2).
In fact, dasatinib and imatinib were effective in GC cell and animal
models (Kim et al., 2019; Wang et al., 2018). For imatinib and dasa-
tinib, we collected the adjacent genes of their targets throughout the
eight GC networks generated by PATHOME-Drug, revealing specif-
ic connections to EPHA3 (Supplementary Fig. S2). EPHA3 was upre-
gulated in three (GSE37023, GSE15459, GSE63089) of the eight
GC datasets. High EPHA3 expression clinically associated with GC
(Nasri et al., 2017), and its family proteins, EPH receptors, play

context-dependent roles in tumor progression, implicating their
therapeutic potential in cancer (Boyd et al., 2014).

Of interest, recent inhibitor biochemical assays suggest that dasa-
tinib has a strong binding affinity with EPHA3 (London and Gallo,
2020), strongly indicating its potential drug repositioning for GC, as
reported by PATHOME-Drug. Thus, our application of
PATHOME-Drug to GC encourages further study on imatinb and
dasatinb, through EPHA3, for drug repurposing in GC.

4 Discussion

PATHOME-Drug is the significantly advanced version for subpath-
way network-based polypharmacology drug repurposing. However,
neither PATHOME (Nam et al., 2014), our recently described
subpathway-network analysis, nor its web services, considered such
repositioning, at that time. Also, in PATHOME, no further

Fig. 4. Performance evaluation of signaling detection in simulated gene expression data, with considering prior network structure. (A) We simulated four KEGG pathways

(hsa04310, hsa04010, hsa04151 and hsa04630) by using a GBN (detailed in Supplementary Method S4). This simulation was designed to reflect prior network structures for

the four KEGG pathways. (B) Vertical and horizontal axes represent empirical power (proportion of how many times the P-value of the given pathway was significant for all

replicates) of the signaling detection methods, PATHOME-Drug (PD), WebGestalt (WG) and clusterProfiler (CP), in each simulated pathway, respectively. According to vari-

ous parameter settings of gene-wise effects (effect sizes), and sample-wise effects, (intercepts) in GBN, empirical powers of both methods were obtained. PATHOME-Drug

showed better performance over WebGestalt, and clusterProfiler (n.s., not significant; *, P< 0.05; **, P< 0.01; ***, P< 0.001)
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extension to network-based drug repurposing was proposed, until
PATHOME-Drug implemented new functions in its second through
the fourth phases, while also publishing user-friendly web services.

We deliberately designed more biologically realistic simulated
gene expression data considering regulations among gene entries,
allowing us to rigorously measure performance evaluation. In the
current work, PATHOME-Drug showed better performance over
WebGestalt and clusterProfiler, in terms of both signaling detection
and drug repurposing.

For the eight GC datasets, the gene entries reported by each
method were matched to KEGG pathway networks, as prior signal-
ing pathways. As a result, we inspected how the gene entries of each
method connected to each other (Supplementary Fig. S3). Visual in-
spection of the projections revealed substantially different topolo-
gies. While PATHOME-Drug did not have orphan nodes (i.e.
genes), WebGestalt did, largely because the first phase of
PATHOME-Drug considered interactions among gene entries, and
because GSA-based approaches, by nature, did not.

We also inspected the statistical significances of these perform-
ance differences (Figs 2, 4 and 5). In Figure 2, the number of false
discoveries by the tools were significantly different (t-test; P-values
< 0.001), and those of PATHOME-Drug were lower than those of
the other tools. In Figure 4, performance differences of PATHOME-
Drug versus WebGestalt versus clusterProfiler were statistically sig-
nificant for detecting the four true differential GC pathways
(Kruskal-Wallis test; the second column in Supplementary Table S3).

In terms of compound detection (Fig. 5), the performance differences
of PATHOME-Drug versus WebGestalt versus clusterProfiler were
statistically significant in the four true pathways (Kruskal-Wallis
test; P-values < 0.05; the second column in Supplementary Table
S4). Regarding drug-like compound detection (Fig. 5), performance
differences of PATHOME-Drug versus WebGestalt versus
clusterProfiler were statistically significant (Kruskal-Wallis tests; the
second column in Supplementary Table S5) in three of the four true
pathways, except hsa04310.

Figure 3 shows some interesting results for GSE36968 and
GSE15081. For GSE36968, the compounds identified by
WebGestalt were three to four times more than those by
PATHOME-Drug. In contrast, for GSE15081, the number of com-
pounds identified by WebGestalt was zero. Since WebGestalt inputs
statistically significant genes, we speculated that these were more
DEGs, and thus reporting more compounds. So, we inspected the
ratio of the number of the reported compounds to the number of the
statistically significant genes (i.e. DEGs) in each dataset.
Interestingly, GSE36968 showed the highest ratio (0.39) in all the
datasets (Supplementary Fig. S4A), even though GSE36968 did not
have the largest number of DEGs. The scatter plot of the number of
the compounds versus the number of the significant genes (i.e. the
number of WebGestalt input genes) confirmed this speculation,
showing that GSE36968 is an outlier in the overall linear trend line
(Supplementary Fig. S4B; R2 of 0.12). In fact, excluding GSE36968,
the scatter plot (Supplementary Fig. S4C) indicated the strong linear

Fig. 5. Performance evaluation of drug repositioning, using synthetic gene expression data with considering prior network structure. The power values of compounds detected

by PATHOME-Drug, WebGestalt and clusterProfiler, were measured in the true pathways (KEGG pathways hsa04310, hsa04010, hsa04151 and hsa04630). Power was

defined as how frequently statistically significant drugs, targeting proteins in the true simulated pathway, were observed in simulated datasets. Since every compound is not

drug-like, drug-like compounds were chosen, based on physicochemical properties. So, ‘Compounds’ on the x-axis in each panel include non-‘drug-like’ compounds, as well as

drug-like compounds, i.e. those satisfying drug-like physicochemical properties. Each panel represents the powers of compound detection, and drug-like compound detection,

in the true simulated pathway, by the two methods. The simulation datasets were equivalent to those of Figure 4. Each bar color indicates a GBN simulation parameter setting.

(n.s., not significant; *, P< 0.05; **, P< 0.01; ***, P< 0.001; n/a: not available)
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association between the number of the compounds versus the num-
ber of the significant genes with R2 of 0.65. Thus, GSE36968 is con-
sidered as an outlier and WebGestalt is prone to provide the number
of compounds proportional to the number of the input genes.

There exist limitations to our study. For performance compari-
sons, providing higher numbers of compounds is not necessarily a
better approach. Also, providing many more compounds that obey
simple drug-likeness rules (e.g. Lipinski’s RO5) reveals little, since
many approved drugs, long safely used, do not necessarily obey
Lipinski’s RO5.

In conclusion, PATHOME-Drug successfully translated a poly-
pharmacology drug repositioning process by utilizing Big Data in
network biology (Barabasi et al., 2011), which has largely been con-
sidered as a ‘bottleneck’ for precision medicine.
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