Firoozbakht et al. BMC Bioinformatics (2022) 23:143 HP- H
Ptipssidotorg)10.1166/512855-022-04662: BMC Bioinformatics

RESEARCH Open Access

: : ®
Computationally repurposing et

drugs for breast cancer subtypes using
a network-based approach

Forough Firoozbakht', Iman Rezaeian'?, Luis Rueda' ® and Alioune Ngom!'

*Correspondence:

Irueda@uwindsor.ca Abstract

;?Choo' afcomPUtef ‘De novo’ drug discovery is costly, slow, and with high risk. Repurposing known drugs
cience, University . . . .

of Windsor, 401 Sunset Ave, for treatment of other diseases .offers a fast, low-cost/risk and highly-efficient method

Windsor, ON, Canada toward development of efficacious treatments. The emergence of large-scale het-

Fulllist of author information erogeneous biomolecular networks, molecular, chemical and bioactivity data, and

is available at the end of the

article genomic and phenotypic data of pharmacological compounds is enabling the devel-

opment of new area of drug repurposing called ‘in silico’drug repurposing, i.e., compu-
tational drug repurposing (CDR). The aim of CDR is to discover new indications for an
existing drug (drug-centric) or to identify effective drugs for a disease (disease-centric).
Both drug-centric and disease-centric approaches have the common challenge of
either assessing the similarity or connections between drugs and diseases. However,
traditional CDR is fraught with many challenges due to the underlying complex phar-
macology and biology of diseases, genes, and drugs, as well as the complexity of their
associations. As such, capturing highly non-linear associations among drugs, genes,
diseases by most existing CDR methods has been challenging. We propose a network-
based integration approach that can best capture knowledge (and complex relation-
ships) contained within and between drugs, genes and disease data. A network-based
machine learning approach is applied thereafter by using the extracted knowledge
and relationships in order to identify single and pair of approved or experimental drugs
with potential therapeutic effects on different breast cancer subtypes. Indeed, further
clinical analysis is needed to confirm the therapeutic effects of identified drugs on each
breast cancer subtype.
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Introduction

Discovery of a new drug, especially for cancer can be a very time-consuming and costly
process. It normally takes between 10 to 15 years to develop a new drug [1] and can cost
upward of tens of billion dollars [2—4]. On the other hand, the success rate of developing
a new drug for cancer is very low [5], and the number of new FDA-approved drugs has
been declining since past 25 years [6].
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Drug repositioning and repurposing are effective alternative strategies to find new uses
of existing drugs. Both drug repositioning and repurposing processes consist of using
an existing drug for treatment of a disease other than its primary or initial purpose. If
the drug is already FDA-approved, the process is called drug repurposing, while if the
drug is in trial or experimental phase, the process is called drug repositioning. Since in
this work we use the same methodology for all existing drugs, irrespective of their FDA-
approval status, for simplicity, we refer to the methodology as “drug repurposing” in a
general sense.

In case of repurposed drugs (and to a lesser degree for repositioned drugs, depending
on their trial or experimental stage), the overall cost and time associated with using it for
treatment of other diseases is significantly lower than developing a new drug [4].

In order to repurpose an existing drug for a new disease, the main challenge is to iden-
tify new relationships between drugs and diseases. To overcome this challenge, a variety
of approaches have been introduced including computational, biological and experimen-
tal approaches, as well as hybrid schemes that combine both computational and biologi-
cal techniques. Computational approaches for drug repurposing bear much lower cost
and other barriers in comparison to biological experimental approaches, which makes
it a more appealing strategy and a very good starting point for further clinical trials and
biological validations [7].

The majority of existing computational methods for drug repurposing are based on
the comparison between gene expression response of various cell lines before and after
treatment or a combination of several types of data corresponding to various aspects
of disease-drug relationships [8—11]. For example, Lotfi et al. grouped drug repurpos-
ing methods based on their principle source of biological data and core methodology,
including gene regulatory networks, metabolic networks and molecular interaction
networks [9], while Zou et al. categorized drug repurposing methods into two groups
of data-driven and hypothesis-driven approaches [11]. Xue et al., on the other hand,
focused on the underlying methodology used in drug repurposing, when it regards to
categorizing those methods [12]. Luo et al. used Singular Value Thresholding (SVT) to
predict scores for unknown drug-disease pairs based on known relationship between
drugs and diseases [13]. Zhang et al. utilized a drug similarity network, a disease similar-
ity network, and known drug-disease associations to explore the potential associations
among unrelated pairs of drugs and diseases [14].

Generally speaking, we can group drug repurposing approaches into three distinct
groups: text-mining approaches [15-21], semantics-based approaches [22-24], and
finally network-based approaches [25-36]. The latter takes into the account the rela-
tionship and interactions between genes in their corresponding pathways. For example
Bourdakou et al. used statistical co-expression networks to highlight and prioritize genes
for breast cancer subtypes and leveraging them for drug repurposing [36]. One of the
biggest difference between the proposed framework and the previous network-based
methods is the ability of the proposed framework to identify not only single drugs, but
also pairs of combined drugs (and theoretically unlimited number of drug combinations)
for a given disease with a reasonable computational overhead, which enables it to find
combinations of drugs that could far outreach the therapeutic effects of single drugs for
a given breast cancer subtype (or any other disease in general).
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This paper introduces a novel network-based approach to identify drugs with the
highest repurposability with respect to each of ten breast cancer subtypes. This goal is
achieved by first finding driver genes responsible for each subtype using genomic and
transcriptomic data, which are then used along with pathway data in order to find those
drugs that have the highest repurposing scores for each of ten breast cancer subtypes.
The results show that the proposed method is able to identify potential effective known
and experimental drugs developed for other diseases to be repurposed for various breast
cancer subtypes. Indeed, further wet lab analysis is needed to determine the therapeutic
level of identified drugs on each breast cancer subtype. For reference, what we refer to
here as ten breast cancer subtypes are ten distinctive sub-groups identified in [37].

Moreover, we used the proposed method to identify single and pairs of drugs for Tri-
ple Negative (TN) breast cancer tumors. Between 10% to 15% of breast cancer cases are
considered as TN, where they lack any hormone epidermal growth factor receptor 2
(HER-2), estrogen receptors (ER), and progesterone receptors (PR) in the tumor [38].
Thus, the traditional targeted (often hormone) therapy that targets one of these hor-
mones are ineffective in these cases. This lack of targeted therapies has intensified the
interest in this group of patients. Our results show that the proposed method were able
to computationally identify single and paired repurposed drugs that could have thera-
peutic effect on this this group.

Materials and methods

For drug expression data, we used level-5 data of the LINCS dataset (from Gene Expres-
sion Omnibus with the reference number GSE70138), which consists of z-score values of
more than 118,000 drug/ concentration/ treatment_time for more than 12,000 genes. In
order to make the process more computationally manageable, we used only the lowest
and highest dosages of each drug (generally 0.04 and 10.0 umol, correspondingly) and
a default 24-h time-point frame for the analysis, in case of having more than one time-
point frame. If a drug does not have a 24-h time-point frame, we use the default time-
point frame indicated in LINCS database.

Obtaining candidate genes

In the first step, we use CNA, CNV and GE data to find the most informative genes,
separately for each subtype. To do so, we first use CNA/CNV information to find those
genes that have very high genotypic aberration in each subtype based on their GISTIC
score [39]. GISTIC identifies significant aberrations using two steps. In the first step, it
calculates the G-score statistic, which involves both the frequency of occurrence and
the amplitude of the aberration. In the second step, it assesses the significance of each
aberration using Fisher’s Exact test [40]. these two steps take place in Fig. 1a. To make
sure that we only target aberrations in the copy number and not common variations
across different populations, we use the HapMap database [41] (shown in Fig. 1b. Hap-
Map is a catalog of common genetic variants that occur in human. We only consider
those genes for a significant test that have CNA but no CNV. We also use gene expres-
sion data to identify the top differentially expressed genes for each subtype. For this, we
used Chi2 [42] to rank genes based on their ability to separate each subtype from the
remaining subtypes. At the end, after obtaining the top genes using CNA/CNV and GE
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Fig. 1 Schematic view of the proposed framework for identification of best repurposing drugs for each
breast cancer subtype. METABRIC dataset is used to obtain copy number aberration and gene expression
data for breast cancer subtypes. HapMap data is used to obtain copy number variation information. Lincs
dataset is used to obtain the effect of different drug compounds on gene expression of cancer samples.
KEGG dataset is used to create a universal pathway network [44]

data separately, if CNA/CNYV analysis determined N genes as significant in terms of their
genomic aberrations, we select the top N genes from GE data; then out of these two
gene sets, we take the intersection as candidate genes. These candidate genes are those
genes that have both significant differences in terms of gene expression and copy num-
ber aberrations.

Obtaining gene scores

The measurement is a normalized z-score value for each replicate of a given gene treated
with the same perturbation agent (i.e., perturbagen: either drugs or small molecule com-
pounds or others) based on 95% confidence level [43]. Thus, for each pair of gene and
drug agent, we consider a value between — 10 and 10. A value close to zero shows that
the expression of a given gene will not be affected by the drug agent. In comparison,
based on the concepts of gene expression inhibition and induction, a negative or positive
score shows that the expression of the given gene decreases or increases, respectively,
because of the effect of the drug agent.

We have used the METABRIC dataset [37], which contains the copy number val-
ues and gene expression levels of 2000 primary breast tumors with long-term clinical
follow-up. It can be accessed from the European Genome-Phenome Archive using the
accession number EGAS00000000083. In [37], the copy number aberrations and copy
number variations generated using Affymetrix SNP 6.0 arrays and gene expression data
were obtained using Illumina HT 12 technology. The dataset contains two sets of data,
validation set and discovery set. Due to the lack of class labels in the validation set, in
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this paper we only use the discovery set, which contains 997 samples from ten sub-
types of breast cancer. Each sample contains expression data for 48,803 probe IDs. The
expression of all probes corresponding to the same gene have been merged based on the
median expression of those probes, which maps all the probes to 24,351 unigenes. We
calculate the same normalized z-score values for each of the ten breast cancer subtypes
in the METABRIC dataset, (which can be accessed from European Genome-Phenome
Archive with the study id EGAS00000000083), in such a way that the normalized z-score
of each gene is a value between -10 and 10. A value close to zero shows that the expres-
sion of a given gene will not be affected by the disease, while a negative or positive score
shows that the expression of the given gene decreases or increases, respectively, because
of the effect of the disease.

Creating unified global human pathway

In the next step, we use the KEGG Pathway database to find all possible paths between
genes [44]. A biological pathway is a series of actions among molecules in a cell that leads
to a certain product or a change in the cell. It can trigger the assembly of new molecules,
such as a fat or protein, turn genes on and off, or spur a cell to move [45]. The version of
the KEGG Pathway database we used contains 265 human pathways. So, by taking union
of all genes and also all existing direct relations between each pair of genes, we create a
unified global human pathway (UGHP). The UGHP contains interaction between 4985
genes in all 265 human pathways in KEGG as a matrix, where UGHP;; represents signal-
ing interaction type between gene i and gene j. The values of the matrix could be -1, 1 or
0 representing activation, suppression, or no direct signal from gene i to gene ;.

Calculating drug-disease repurposing score
At this point, for each drug D; and breast cancer subtype S;, we perform the following
steps:

1 Select the top 50 affected genes by the drug D; from the LINCS dataset by ranking
the genes based on their absolute z-score values and call them drug genes. Note that
at the end of the process, the pipeline focuses only on negative correlations between
drug and disease.

2 Use the candidate genes corresponding to subtype S; that we identified in using copy
number alteration (CNA), copy number variation (CNV) and gene expression (GE)
data [46]. We call these candidate genes disease genes.

3 Map back these drug and disease genes to UGHP to create a drug-disease network,
D;S;j, which contains the shortest paths between each pair of drug-disease genes
(shown in Fig. 1c). Thus, the maximum number of nodes in D;S; network, N, is given
as follows:

N =Gg + Ga + G; @

where G, is the number of drug genes, G; is the number of disease genes, and G; is
the number of intermediate genes in the shortest path between each pair of drug and
disease genes.
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4 Since for each gene in this drug-disease network we have two z-score values (one
for the effect of drug and one for the effect of disease), we construct two arrays, one
consists of drug z-score values while the other consists of disease z-score values with
identical gene order.

5 We compute Pearson correlation [47, 48] between the above arrays using the follow-
ing formula (shown in Fig. 1d):

_ S (i =X i — )
Vi G = 02/ i — )

r

(2)

where x; and x are the z-score value of gene i and average of all z-score values for
the drug group in drug-disease network, and y; and ¥ are the z-score value of gene i
and average of all z-score values for the disease group in the drug-disease network,
respectively.
Figure 1 depicts the proposed framework for the identification of best repurposing
drugs for each breast cancer subtype.

Obtaining a positive correlation between a given drug genes and the disease genes
means that the drug and the disease have similar effect on the genes in the drug-
disease network. In contrast, obtaining a negative correlation implies that the drug’s
effect on the genes in the drug-disease network is opposite to the effect of the disease
on the genes in that network.

Obtaining a negative correlation is a favorable case in this context, because we are
looking for drugs that could have a potential reverse effect on the genes affected by
the disease.

Identifying combinations of drugs for repurposing

In the previous section, we solely focused on effects of each individual perturbation
agent on each subtype of breast cancer. In this section, we test the hypothesis that
combination of two or more drugs might be more effective in terms of reversing the
effect of the disease, i.e., by generating a more negative correlation with the disease
than each drug independently. For simplicity, in this step, we assume that the z-score
value of a given pair of drugs to be additive with respect to the z-score value of each
of those drugs independently. In other words, if we assume that the z-score value of
drug D; on gene G is X;, and the z-score value of drug D; on the same gene G is Xj, we
can then assume that the z-score value for the given pair of drugs [D;D;] is X, where
X=X+ )(]

Thus, in order to find the best repurposed pair of drugs for a given subtype of breast
cancer, first, we calculate the combined z-score value of all genes for every pair of
drugs, and then we pick the top genes with the highest absolute value of their combined
z-score. Figure 2 depicts the proposed framework for identification of the best pair of
repurposed drugs for each breast cancer subtype.

Calculating drug-disease repurposing score for a pair of drugs

For pair of drug D; and D; and breast cancer subtype S, we perform the following steps:
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Fig. 2 Schematic view of the proposed framework for identification of best pair of repurposing drugs

for each breast cancer subtype. METABRIC dataset is used to obtain copy number aberration and gene
expression data for breast cancer subtypes. HapMap data is used to obtain copy number variation
information. Lincs dataset is used to obtain the effect of different drug compounds on gene expression of
cancer samples. KEGG dataset is used to create a universal pathway network [44]. And finally, DrugBank’s drug
interference checker is used to check any possible interference between each pair of drugs

1 Calculate the combined z-score value of all genes for pair of drugs Dy, and selecting
the top 50 genes with the highest absolute value of their combined z-score values as

paired drug genes.

2 Use the candidate genes corresponding to subtype Sy that we identified in using copy
number alteration (CNA), copy number variation (CNV) and gene expression (GE)

data [46]. We call these candidate genes disease genes.

3 Map back these drug and disease genes to UGHP to create a drug-disease network,
DSk, which contains the shortest paths between each pair of drug-disease genes
(shown in Fig. 2c). Thus, the maximum number of nodes in D;;Sx network, N, is

given as follows:

N = Gg + Ga + Gj 3)

where G, is the number of drug genes, G; is the number of disease genes, and G;;
is the number of intermediate genes in the shortest path between each pair of com-

bined drug and disease gene.

4 Since for each gene in this drug-disease network we have two z-score values (one
for the effect of drug and one for the effect of disease), we construct two arrays, one
consists of drug z-score values while the other consists of disease z-score values with

identical gene order.
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Abemaciclib
Abitrexate (Methotrexate)

Abraxane (Paclitaxel Albumin-stabilized Nanoparticle Formulation)

Ado-Trastuzumab Emtansine
Afinitor (Everolimus)
Anastrozole

Aredia (Pamidronate Disodium)
Arimidex (Anastrozole)
Aromasin (Exemestane)
Capecitabine

Clafen (Cyclophosphamide)
Cyclophosphamide

Cytoxan (Cyclophosphamide)
Docetaxel

Doxorubicin Hydrochloride
Ellence (Epirubicin Hydrochloride)
Epirubicin Hydrochloride

Eribulin Mesylate
Everolimus

Exemestane

5-FU (Fluorouracil Injection)
Fareston (Toremifene)
Faslodex (Fulvestrant)
Femara (Letrozole)
Fluorouracil Injection

Folex (Methotrexate)

Folex PFS (Methotrexate)
Fulvestrant

Gemcitabine Hydrochloride
Gemzar (Gemcitabine Hydrochloride)
Goserelin Acetate

Halaven (Eribulin Mesylate)
Herceptin (Trastuzumab)
Ibrance (Palbociclib)
Ixabepilone

Ixempra (Ixabepilone)

Kadcyla (Ado-Trastuzumab Emtansine)
Kisgali (Ribociclib)

Lapatinib Ditosylate

Letrozole

Lynparza (Olaparib)

Megestrol Acetate

Methotrexate

Methotrexate LPF (Methotrexate)
Mexate (Methotrexate)
Mexate-AQ (Methotrexate)
Neosar (Cyclophosphamide)
Neratinib Maleate

Nerlynx (Neratinib Maleate)
Nolvadex (Tamoxifen Citrate)
Olaparib

Paclitaxel

Paclitaxel Albumin-stabilized Nanopar-
ticle Formulation

Palbociclib

Pamidronate Disodium
Perjeta (Pertuzumab)
Pertuzumab

Ribociclib

Tamoxifen Citrate

Taxol (Paclitaxel)

Taxotere (Docetaxel)
Thiotepa

Toremifene

Trastuzumab

Tykerb (Lapatinib Ditosylate)
Velban (Vinblastine Sulfate)
Velsar (Vinblastine Sulfate)
Verzenio (Abemaciclib)
Vinblastine Sulfate

Xeloda (Capecitabine)
Zoladex (Goserelin Acetate)

5 We compute Pearson correlation [47, 48] between the above arrays using the follow-

ing formula (shown in Fig. 2d):

S —F) i — )

r

R E Y A

(4)

where x; and x are the z-score value of gene i and average of all z-score values for

the drug group in drug-disease network, and y; and ¥ are the z-score value of gene i

and average of all z-score values for the disease group in the drug-disease network,

respectively.
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Fig. 3 Distribution of drug-disease correlation for 3742 drugs across 10 breast cancer subtypes

Table 2 Top 20 drugs corresponding to subtype 1

Rank Drug Dosage (um) Treatment Score Drug type References
time (h)

1 Ruxolitinib 10 24 —0.589 Approved [51,52]

2 Ribavirin 10 24 —0.556 Approved [65]

3 Deferiprone 0.04 24 — 0534 Approved [66, 67]

4 Tranilast 0.04 24 — 0523 Investigational [68]

5 Tadalafll 10 24 —0.521 Approved

6 Rimexolone 0.04 24 —0.515 Approved

7 Bardoxolone methyl 0.04 24 — 0511 Investigational [69, 70]

8 Sirolimus 0.04 24 — 0507  Approved [71,72]

9 Crizotinib 0.04 24 —0.503 Approved [73,74]

10 PF-04217903 0.04 24 — 0499 Investigational

M Dofequidar 10 24 — 0498 Experimental [75,76]

12 GSK-2636771 10 24 — 0495 Investigational

13 Edetic acid 10 24 — 0494 Approved

14 MK-1775 10 24 — 0490 Investigational [771

15 MF-101 10 24 — 0478 Investigational

16 Ranolazine 0.04 24 — 0476 Approved [78]

17 Semaxanib 0.04 24 — 0475 Experimental [79]

18 Iniparib 10 24 — 0474 Investigational [80]

19 AKT-inhibitor 1/2 10 24 — 0473 Experimental

20 Rupatadine 0.04 24 — 0473 Approved

6 Finally, we perform a post-verification analysis on drug interference for the identified

pairs of drugs using DrugBank’s Interaction Checker tool, in order to confirm if there

is any known interference between any of those identified pairs. (shown in Fig. 2e).

A drug-drug interference is a situation in which one drug affects the activity of

another. Drugs may interact with each other to cause side effects that are unexpected

Page 9 of 36
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Table 3 Top 20 drugs corresponding to subtype 2

Rank Drug Dosage (pm) Treatment Score Drug type References
time (h)

1 Bromocriptine 0.04 24 — 093 Approved [63]

2 Goserelin-Acetate 0.04 24 —-08 Approved [81]

3 Ruxolitinib 10 24 - 08 Approved [51,52]

4 ICI-185,282 0.04 24 —0.78 Experimental

5 SDZ-NKT-343 10 24 —0.75 Experimental

6 Fingolimod 0.04 24 —-072 Approved [82]

7 -690330 10 24 —0.71 Investigational

8 PHA-767491 10 24 — 0.68 Experimental [83]

9 Tolvaptan 10 24 — 067 Approved

10 Ribavirin 10 24 —0.65 Approved [65]

11 Hymecromone 0.04 24 — 064 Investigational [84]

12 Tranilast 0.04 24 — 064 Investigational [68]

13 Sapitinib 10 24 — 064 Investigational [85]

14 Deferiprone 0.04 24 — 063 Approved [66,67]

15 Mibampator 0.04 24 — 063 Investigational

16 Citrulline 0.04 24 —0.63 Investigational

17 Lidocaine 0.04 24 —0.63 Approved [86, 871

18 PD-173074 10 24 —0.62 Experimental [88]

19 Ibuprofen 10 24 —062 Approved [89, 90]

20 Garcinol 10 24 — 062 Experimental [91, 92]

Table 4 Top 20 drugs corresponding to subtype 3

Rank Drug Dosage (um) Treatment Score Drug type References
time (h)

1 Bromocriptine 0.04 24 —072 Approved [63]

2 Ruxolitinib 10 24 —0.68 Approved [51,52]

3 Deferiprone 0.04 24 — 062 Approved [66, 67]

4 Tadalafil 10 24 — 061 Approved

5 Sirolimus 0.04 24 —0.58 Approved [71,72]

6 Rupatadine 0.04 24 —0.58 Approved

7 Ribavirin 10 24 —0.57 Approved [65]

8 Pha-767491 10 24 — 057 Experimental [83]

9 Etofylline-Clofibrate 10 24 — 057 Approved

10 EDTA 10 24 —0.56 Approved [93]

11 Tranilast 0.04 24 —0.56 Investigational [68]

12 MK-1775 10 24 —0.56 Investigational [77]

13 Raclopride 10 24 — 054 Investigational

14 Iniparib 10 24 — 054 Investigational [80]

15 Bexarotene 10 24 —0.54 Approved [94]

16 PF-04217903 0.04 24 —0.54 Investigational

17 Swainsonine 0.05 24 — 053 Experimental [95]

18 JTC-801 0.04 24 — 053 Experimental [96]

19 Ofloxacin 10 24 — 053 Approved [97]

20 Mibampator 0.04 24 —052 Investigational
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Table 5 Top 20 drugs corresponding to subtype 4

Rank Drug Dosage (um) Treatment Score Drug type References
time (h)

1 Rupatadine 0.04 24 — 058 Approved

2 Ribavirin 10 24 — 052 Approved [65]

3 Palbociclib 0.04 24 —05 Approved [98]

4 Raclopride 10 24 —048 Investigational

5 PHA-793887 10 24 — 047 Investigational

6 Bafilomycin A1 0.05 6 — 046 Experimental

7 Raloxifene 0.04 24 — 046 Approved [99]

8 EDTA 0.04 24 — 046 Approved [93]

9 Maraviroc 10 24 — 046 Approved [64]

10 Ebselen 10 24 — 045 Investigational [100]

1 Dasatinib 10 24 — 045 Approved (101

12 Labetalol 0.04 24 — 045 Approved

13 Amiprilose 0.04 24 — 044 Experimental

14 Dofequidar 10 24 — 044 Investigational [102]

15 Deferiprone 0.04 24 — 044 Approved [66, 67]

16 Sapitinib 10 24 — 044 Investigational [85]

17 Calcitriol 0.04 24 — 044 Approved [103]

18 PD-153035 0.04 24 —043 Investigational [104]

19 Finasteride 10 24 —043 Approved [105]

20 Etofylline-Clofibrate 10 24 —043 Approved

Table 6 Top 20 drugs corresponding to subtype 5

Rank Drug Dosage (um) Treatment Score Drug type References
time (h)

1 Ruxolitinib 10 24 — 093 Approved [51,52]

2 AMG-837 0.04 24 —083 Experimental

3 Citrulline 0.04 24 —082 Investigational

4 Loperamide 10 24 —-0.77 Approved [106]

5 SDZ-NKT-343 10 24 —074 Experimental

6 TG-100801 0.04 24 —0.72 Investigational

7 Tranilast 0.04 24 —0.72 Investigational [68]

8 Bisoprolol 10 24 - 071 Approved [107]

9 Ribavirin 10 24 —-0.7 Approved [65]

10 PF-04217903 0.04 24 - 07 Investigational

M Sirolimus 0.04 24 —0.69 Approved [71,72]

12 Lidocaine 0.04 24 —0.69 Approved [86, 87]

13 PHA-767491 10 24 —0.68 Experimental [83]

14 WZ-4-145 0.04 3 —0.68 Experimental

15 Etofylline-Clofibrate 10 24 — 067 Approved

16 Fingolimod 0.04 24 — 067 Approved [82]

17 ICI-185,282 0.04 24 —0.67 Experimental

18 EDTA 10 24 —0.67 Approved [93]

19 Labetalol 0.04 24 —0.66 Approved

20 MF-101 10 24 — 0.66 Experimental
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Table 7 Top 20 drugs corresponding to subtype 6

Rank Drug Dosage (um) Treatment Score Drug type References
time (h)

1 Ruxolitinib 10 24 — 067 Approved [51,52]

2 Rupatadine 0.04 24 —05 Approved

3 Maraviroc 10 24 — 049 Approved [64]

4 Deferiprone 0.04 24 — 049 Approved [66, 67]

5 Phentermine 0.04 24 — 049 Approved

6 Iniparib 10 24 — 048 Investigational [108]

7 ICI-185,282 0.04 24 — 048 Experimental

8 Racecadotril 0.04 24 —048 Investigational

9 Fingolimod 0.04 24 — 047 Approved [82]

10 Amiprilose 0.04 24 — 047 Experimental

11 Tranilast 0.04 24 — 046 Investigational [68]

12 Mibampator 0.04 24 — 046 Investigational

13 Favipiravir 0.04 24 — 045 Approved

14 Selisistat 0.04 24 — 045 Experimental

15 /D-7288 10 24 — 045 Experimental

16 Proglumide 10 24 — 044 Experimental

17 TG-100801 0.04 24 — 044 Investigational

18 Ranolazine 0.04 24 — 044 Approved [78]

19 Semaxanib 0.04 24 — 044 Investigational [79]

20 Ribavirin 10 24 — 044 Approved [65]

Table 8 Top 20 drugs corresponding to subtype 7

Rank Drug Dosage (um) Treatment Score Drug type References

time (h)

1 Bromocriptine 0.04 24 -1 Approved [63]

2 Ruxolitinib 10 24 —083 Approved [51,52]

3 Fingolimod 0.04 24 —074 Approved [82]

4 Tranilast 0.04 24 —0.72 Investigational [68]

5 Etofylline-Clofibrate 10 24 —071 Approved

6 SDZ-NKT-343 10 24 —0.71 Experimental

7 Isbufylline 0.04 24 —071 Experimental

8 Raloxifene 0.04 24 —-07 Approved [99]

9 PHA-767491 10 24 — 069 Experimental [83]

10 PF-04217903 0.04 24 —0.69 Investigational

M TG-100801 0.04 24 —0.69 Investigational

12 -690330 10 24 —0.69 Investigational

13 MK-1775 10 24 —0.68 Investigational [109, 110]

14 ICI-185,282 0.04 24 —0.68 Experimental

15 Rupatadine 0.04 24 — 067 Approved

16 Hymecromone 0.04 24 — 0.66 Investigational [84]

17 PD-173074 10 24 — 0.66 Experimental [88]

18 MG-132 20 24 — 0.66 Experimental [111]

19 Raclopride 10 24 — 065 Investigational

20 Deferiprone 0.04 24 — 065 Approved [66, 67]
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Table 9 Top 20 drugs corresponding to subtype 8
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Rank Drug Dosage (um) Treatment Score Drug type References
time (h)

1 Semaxanib 0.04 24 —06 Investigational [79]

2 Ruxolitinib 10 24 —0.56 Approved [51,52]

3 Goserelin-Acetate 0.04 24 —0.55 Approved [81]

4 Raloxifene 0.04 24 — 054 Approved [99]

5 XMD11-85h 0.04 3 — 049 Experimental

6 Deferiprone 0.04 24 — 049 Approved [66, 671

7 Cinepazide 0.04 24 — 048 Investigational

8 Ebselen 10 24 — 048 Investigational [100]

9 WH-4-025 0.04 24 — 048 Experimental

10 Nimesulide 0.04 24 — 047 Approved [112]

11 Rupatadine 0.04 24 — 047 Approved

12 Phentermine 0.04 24 — 047 Approved

13 MF-101 10 24 — 047 Experimental

14 Amiprilose 0.04 24 — 047 Experimental

15 Etofylline-Clofibrate 10 24 — 047 Approved

16 XMD-1150 10 3 — 046 Experimental

17 Lidocaine 10 24 — 046 Approved [86, 87]

18 TG-100801 0.04 24 — 046 Investigational

19 Dasatinib 10 24 — 045 Approved [101]

20 Apitolisib 10 24 — 045 Investigational [113]

Table 10 Top 20 drugs corresponding to subtype 9

Rank Drug Dosage (pm) Treatment Score Drug type References
time (h)

1 Rupatadine 0.04 24 —0.72 Approved

2 Ruxolitinib 10 24 —0.69 Approved [51,52]

3 Raloxifene 0.04 24 —0.65 Approved [99]

4 Emtricitabine 10 24 —0.65 Approved [114]

5 [-690330 10 24 —0.65 Investigational

6 Tepotinib 10 24 — 064 Approved [115]

7 Amiprilose 0.04 24 —0.63 Experimental

8 TG-100801 0.04 24 — 061 Investigational

9 MG-132 20 24 — 061 Experimental [

10 Belinostat 0.04 24 —0.59 Approved [116,117]

11 Bromocriptine 0.04 24 — 059 Approved [63]

12 Vidarabine 0.04 24 —0.59 Approved

13 Ranolazine 0.04 24 —0.58 Approved [78]

14 Lisinopril 0.04 24 —0.58 Approved [107]

15 PD-173074 10 24 —0.57 Experimental [88]

16 Vilazodone 10 24 —0.57 Approved [118]

17 Dexamethasone 0.04 24 —0.57 Approved [119, 120]

18 Semaxanib 0.04 24 — 057 Investigational [79]

19 Mocetinostat 0.04 24 - 057 Investigational [121]

20 Fingolimod 0.04 24 —0.56 Approved [82]
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Table 11 Top 20 drugs corresponding to subtype 10

Rank Drug Dosage (um) Treatment Score Drug type References
time (h)

1 Ruxolitinib 10 24 — 071 Approved [51,52]

2 Bitopertin 10 24 — 066 Investigational

3 |CI-185,282 0.04 24 — 0.66 Experimental

4 Tranilast 0.04 24 — 065 Investigational [68]

5 Bafilomycin A1 0.05 6 —0.65 Experimental

6 EDTA 10 24 —0.64 Approved [93]

7 MK-1775 10 24 —0.63 Investigational [109, 110]

8 Emtricitabine 10 24 — 063 Approved [114]

9 Etofylline-Clofibrate 10 24 — 063 Approved

10 PF-04217903 0.04 24 — 061 Investigational

1 Sapitinib 10 24 — 061 Investigational [85]

12 Bisoprolol 10 24 — 061 Approved [107]

13 Fingolimod 0.04 24 — 061 Approved [82]

14 XMD11-85h 0.04 3 — 061 Experimental

15 PHA-767491 10 24 — 06 Experimental [83]

16 Finasteride 10 24 —06 Approved [105]

17 Ribavirin 10 24 —06 Approved [65]

18 Labetalol 0.04 24 - 06 Approved

19 MG-132 20 24 —06 Experimental [111

20 Deferiprone 0.04 24 —0.59 Approved [66, 67]

or unintended. If any pair of drugs have known drug-drug interference, we remove
them from the analysis. For example, the combination of Tadalafil and palbociclib
generated a negative correlation of -0.65 with subtype 3, which put them in the top
10 list of paired-drugs for this subtype. But given the fact that they have a known
moderate interaction with each other, this pair has been removed from the analysis
[49]. The reason for doing a post-verification analysis instead of checking it as a pre-
process step, is that the post-verification approach gives us the flexibility of updating
the results with newly discovered drug interference in the future without a need to
rerun the analysis. Also, using a post-verification approach gives us the ability to deal
with interferences between a given pair of drugs at different levels depending on the

type or level of interference.

Extension to triple-negative breast cancer tumors

In this section, we leverage the proposed pipeline for the ten breast cancer subtypes con-

sidered in the previous section, to identify potential repurposable drugs specifically for

triple negative beast cancer tumors. In order to do so for identifying candidate genes, we

treat triple negative samples in METABRIC as one group and all the remaining samples

as another group. By running the pipeline introduced in [46], we identify the most dis-

criminative genes in terms of gene expression and copy number aberration between TN

and non-TN groups. Then, using the pipelines depicted in Figs. 1 and 2, we identify the

top repurposing single and paired drugs for the TNBC subtype.
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Table 12 Rank comparison among the top 30 drugs across all 10 breast cancer subtypes

Overall Rank Drugs S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 Median
1 Ruxolitinib 1 3 2 43 1 1 2 2 2 1 2

2 Tranilast 4 12 M 193 7 1 4 43 32 4 1

3 Rupatadine 22 44 6 1 31 2 5 N 1 51 13
4 Ribavirin 2 10 7 2 9 20 60 66 21 17 135
5 Deferiprone 3 14 3 15 27 4 20 6 183 20 14.5
6 Etofylline-Clofibrate 16 29 9 200 15 45 5 15 45 9 15.5
7 Fingolimod 36 6 58 137 16 9 3 109 20 13 18
8 ICI-185282 61 4 21 46 17 7 14 39 35 3 19
9 PF-04217903 10 25 16 398 10 40 10 107 25 10 20.5
10 Raloxifene 30 43 26 7 25 31 8 4 3 75 255
11 EDTA 1355 10 8 18 127 112 19 38 6 28
12 Amiprilose 23 46 57 13 42 10 61 14 7 34 285
13 Bafilomycin A1 101 28 33 6 21 34 21 30 191 5 29
14 Dexamethasone 27 21 91 171 32 68 23 87 17 23 29.5
15 Dofequidar 1M 88 24 14 106 29 104 29 31 56 30
16 MK-1775 14 49 12 61 24 37 13 46 4 7 30.5
17 TG-100801 121 50 44 60 6 17 M 18 8 53 31
18 Swainsonine 15 58 17 34 90 48 63 28 23 27 31
19 Raclopride 24 54 13 4 30 36 19 71 137 36 33
20 -690330 37 7 38 3 61 32 12 314 5 133 36
21 Phentermine 57 22 43 57 135 5 36 12 26 55 395
22 PHA-767491 64 8 8 153 13 257 9 325 379 15 39.5
23 PD-173074 59 18 42 108 37 27 17 356 15 142 395
24 Lidocaine 12217 103 212 12 88 25 17 51 30 40.5
25 Mibampator 98 15 20 22 93 12 46 60 8 37 415
26 PD-153035 26 108 214 18 35 128 33 47 235 39 43
27 AKT-inhibitor-1-2 21 24 40 110 48 57 34 150 282 22 44
28 Maraviroc 41 77 25 9 41 3 48 149 132 415 445
29 SDZ-NKT-343 104 5 65 203 5 39 6 51 241 24 45
30 Clomipramine 48 198 37 177 22 46 44 155 153 32 47

Results and discussion

For reference, Table 1 shows the list of drugs that have been approved by FDA to date
for breast cancer treatment [50]. The results show that the proposed model is able to
identify highly negative correlated drugs corresponding to each of ten breast cancer sub-
types, both when used in single drug mode or for identifying pairs of drugs. Some of the
well-known and widely used breast cancer drugs have been identified among the top
drugs, which again shows that the proposed approach was able to pick up current drugs
with high accuracy. For example, Goserelin (Zoladex) is a well known and FDA approved
hormone therapy drug for treatment of BC that showed up in top ten drugs for subtypes
2 and 8. Also, Palbociclib (Ibrance) is another well known and FDA approved chemo
therapy drug for treatment of BC that showed up in top ten drugs for subtype 4. Moreo-
ver, Ruxolitinib, which showed up in top ten drugs for 9 out of 10 subtypes (Table 12)
has been under several trials and studies regarding its potential inhibiting effects on BC
[51, 52].
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Single drug repurposing

Figure 3 shows the distribution of drug repurposing scores across the ten breast can-
cer subtypes. There are a few interesting observations. First, the response level of dif-
ferent BC subtypes to tested drugs are different. While the distribution of correlation
scores among the tested drugs versus some of the subtypes such as subtypes 1, 4 and
6 are relatively narrow (which implies relatively lower response level of the aforemen-
tioned subtypes to the tested drugs), in some other subtypes, such as subtypes 2 and
8, we observe a wider distribution of these scores. This shows that effects of tested
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drugs could be widely different across subtypes. The second observation is regarding
the median of these scores. As shown in the figure, in all subtypes, we observe a slight
distribution bias toward negative repurposing scores, which implies that the tested
drugs tend to exhibit more of a therapeutic effect than adverse effect.

Tables 2, 3, 4, 5, 6,7, 8,9, 10 and 11 show the top 20 inhibiting drugs corresponding
to each of the ten subtypes. These drugs fall into three categories. Experimental drugs
are those that are at the pre-clinical or at an animal testing stage. Investigational
drugs are those that are in stage I, II or III of human clinical trials. Finally, Approved
drugs are those drugs that have already been approved by FDA to be used for treat-
ment of various diseases. Drugs that are FDA approved to be used for BC treatment
(i.e. those listed in Table 1) have been highlighted in bold. Also, reference column lists
any publication that suggested usage of that drug for BC treatment.
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Fig. 6 Top pairs of drugs with highest anti-correlation corresponding to subtype 1

Some of the drugs in these lists are well-known and have been used extensively for
either breast cancer or other types of cancer. For example, Raloxifene is among the
top ten drugs in most, if not all, of the ten subtypes. It was originally approved by
FDA in 1997 for the management and prevention of osteoporosis in postmenopausal
women and reduction in risk for invasive breast cancer. However, recent studies have
shown that this drug might be effective for breast cancer treatments [53, 54]. Also,
Ruxolitinib, which is among the top three drugs for all but subtype 4, was approved
by the FDA for the treatment of patients with intermediate or high-risk myelofibrosis
[55], though it is currently used in multiple clinical trials in patients with metastatic
breast cancer as well [51, 56].

The findings discussed above show that the proposed method is able to correctly
identify Raloxifene and Ruxolitinib drugs as very good candidates for most of the BC
subtypes. We also observe investigational and experimental drugs in the list for each
of the subtypes that could have therapeutic effects on each BC subtype. For exam-
ple, PHA-793887 is a potent inhibitor of multiple cyclin-dependent kinases such as
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Fig. 7 Top pairs of drugs with highest anti-correlation corresponding to subtype 2

CDK?2, CDK5 and CDK7, and has been shown to possess the ability to affect the dif-
ferentiation of melanoma cells. [57, 58]. This drug is currently in a clinical trial phase
[59].

In another comparison, Table 12 shows the top 30 drugs ranked by their median score
across all ten subtypes. As shown in the table, some drugs such as Palbociclib and PHA-
793887 demonstrate potential effectiveness across all of the subtypes by being ranked
among the top drugs. In contrast, some others such as Silmitasertib and Proglumide
demonstrate potential effectiveness in some of the subtypes, while being less effective in
others.

Also, Figs. 4 and 5 show the perturbation scores and drug-disease network of one of
the top identified drugs, Ruxolitinib, for Subtype 1. Ruxolitinib, as mentioned earlier in
this paper, is a small-molecule kinase inhibitor that is selective for the Janus Associated
Kinases (JAK) 1 and 2, which are responsible for the mediation of cytokine and growth

factor signaling, which, in turn, affects the immune function and hematopoiesis [60].

Paired drug repurposing
Figures 6, 7, 8, 9, 10, 11, 12, 13, 14 and 15 depict the top pairs of drugs with the highest
anti-correlation scores with Subtypes 1-10 of breast cancer. Here, we show the pairs of
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Fig. 8 Top pairs of drugs with highest anti-correlation corresponding to subtype 3

drugs that have a better anti-correlation score than the best single drug for each of these
subtypes. Also, we limit the number of pairs to a maximum of 100 top pairs of such
drugs, if there is more than 100 pairs with better score than the best single drug.
Moreover, Tables 13, 14, 15, 16, 17, 18, 19, 20, 21 and 22 show top ten pairs of drugs for
each of the ten breast cancer subtypes. Observing these tables, we infer that many of the
top ranked pairs of drugs contain at least one individual top ranked drug, though there
are some notable exceptions. For example, drugs TG-100801 and Phensuximide are not
even among the top 50 repurposed drugs corresponding to Subtype 2 when adminis-
tered independently with mere correlation scores of — 0.57 and — 0.55 to subtype 2,
respectively. However, when administered together, the correlation between that pair
and subtype 2 grows to a noticeable — 0.97 range, which places the pair in the second
spot among the top repurposed pairs for that subtype. We observe a similar catalyzing
effect in combination of Pregnenolone and Bromocriptine with respect to subtype 4, and
combination of Amikacin and Tadalafil with respect to subtype 5. Also, Fig. 16 depicts
drug-disease network (DDN) of two perturbation agents (Tadalafil and PF-04620110)
and subtype 1 of breast cancer. Blue nodes depict drug related genes, while red nodes
depict candidate genes related to subtype 1. Also solid arrows depict activating relation-
ship between involved genes, while dotted arrow depicts a suppressing relationship.
Goserelin-Acetate, which is sold under brand name Zoladex among others, is as a sex
hormone suppression drug approved by FDA intended for use in the treatment of breast
and prostate cancer [61]. As shown in Tables 3,14, Goserelin-Acetate as a single drug
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Fig. 9 Top pairs of drugs with highest anti-correlation corresponding to subtype 4

produces an correlation score of -0.8 with respect to subtype 2 of BC, which places it in
the top spot among the single drugs for this subtype. However, if combined with either
Norethindrone, Phensuximide or Nimesulide, the correlation score decreases to almost
-0.97. This means that combining either of the aforementioned drugs with Goserelin-

Acetate can result in a more effective therapeutic drug for this BC subtype.

Triple negative breast cancer subtype

Table 23 shows the identified driver genes corresponding to the TN group. Moreover,
Table 24 shows the top 20 single repurposed drugs for the triple negative breast cancer
(TNBC) subtype. As shown in the table, Ruxolitinib is by far the most negatively corre-
lated drug for TNBC subtype and can be investigated further for its effectiveness on this
particular type of breast cancer [51, 52, 62].

Moreover, Table 25 and Fig. 17 show the top 10 pairs of repurposed drugs and their
corresponding scores with respect to TNBC subtype. We observe that despite being
the tenth repurposed single drug, Bromocriptine is managed to become one of the
most effective repurposed drugs when paired with Isradipin, Emtricitabine and Eto-
fylline-Clofibrate. Although Bromocriptine has been suggested in earlier studies as a
potential repurposed drug in cancer therapy [63], these new combinations have not
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Fig. 10 Top pairs of drugs with highest anti-correlation corresponding to subtype 5

seem to be evaluated so far for breast cancer treatment, which can be investigated
further both computationally and clinically. Another interesting observation from
Tables 24, 25 is that there are only four pairs of drugs with anti-correlation scores bet-
ter than Ruxolitinib as the best single drug identified for TNBC subtype.

Based on these observations, we infer that from both single drug and paired drug
experiments, there are some promising drugs that can be repurposed either individu-
ally or in combination with another drug (as a pair) with potential therapeutic effects
for each of the ten breast cancer subtypes. Some of these drugs such as Ruxolitinib
have a high anti-correlation score for most of the subtypes, while some of the drugs
such as Maraviroc [64] seem to be more effective on a particular subtype rather than
on others. The fact that the top single drug, Ruxolitinib, is currently in multiple clini-
cal trials in patients with metastatic breast cancer [51, 56] shows that the proposed
method is able to computationally predict the potential therapeutic effect of this drug
on multiple breast cancer subtypes, as well as on TNBC subtype. Indeed, further wet
lab analysis is needed to determine the therapeutic level of identified drugs on each

breast cancer subtype.
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Fig. 11 Top pairs of drugs with highest anti-correlation corresponding to subtype 6

Conclusion and future work
The proposed computational drug repurposing method is a network-based integra-
tion approach that combines transcriptomic, genomics and pathway data in order
to find computationally promising repurposed single or paired drugs for each breast
cancer subtype as well as TNBC subtype. Some of the top identified drugs are either
known (breast) cancer drugs or in different trial phases to be repurposed for breast
or other types of cancer, while some of the identified single or paired drugs have
not been used for breast cancer treatment yet, which provides opportunity for fur-
ther clinical experiments and trials. Using genomic and transcriptomic data as well
as both copy number variations and copy number aberrations would help the initial
process to identify the driver genes more effectively and hence finding the final set of
repourposed drugs that can be highly effective for treatment of other types of cancer.
The proposed framework has the potential of identifying a combination of more
than two drugs, which could help identifying new and enhanced sets of drugs for var-
ious types of cancer as well as other types of diseases. Also as a possible future work,
the framework can be extended to leverage more complex and nonlinear combina-
tion of drugs in order to find the most suitable sets of drugs for each disease. Moreo-

ver, since for the simplicity of the process we excluded pairs of drugs with known
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Table 13 Top 10 pairs of drugs with their correlation with subtype 1 of breast cancer, considering
both combined and individually.

Drug1 Drug2 C. Cor. Cor. 1 Cor.2 C.Rank Rank 1 Rank 2
Ruxolitinib GSK-2636771 —076 —059 — 050 1 1 12
Tadalafll PF-04620110 —0.70 — 052 — 042 2 5 66
Deferiprone Rimexolone —0.69 — 053 — 051 3 3 6
Deferiprone Rupatadine —0.69 — 053 — 047 4 3 22
Raclopride Racecadotril —0.69 — 047 — 045 5 24 35
Tranilast GSK-2636771 — 068 —052 —050 6 4 12
Tadalafil Amikacin —0.68 — 052 — 041 7 71
-690330 Favipiravir — 067 — 045 — 044 8 37 44
Deferiprone Etofylline-Clofibrate — 067 —053 —048 9 3 16
Ruxolitinib Ribavirin — 067 — 059 —0.56 10 1 2
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Fig. 13 Top pairs of drugs with highest anti-correlation corresponding to subtype 8

Table 14 Top 10 pairs of drugs with their correlation with subtype 2 of breast cancer, considering
both combined and individually

Drug1 Drug2 C. Cor. Cor. 1 Cor.2 C.Rank Rank 1 Rank 2
Goserelin-Acetate Norethindrone —097 —0.80 — 054 1 2 75
TG-100801 Phensuximide —097 — 057 — 055 2 50 64
Goserelin-acetate Phensuximide —0.96 —0.80 — 055 3 64
Goserelin-acetate Nimesulide — 096 —0.80 — 054 4 66
690330 Favipiravir — 094 —0.71 —053 5 83
Dopamine Nimesulide — 090 — 057 —0.54 6 51 66
TG-100801 AMG-232 — 0389 — 057 — 056 7 50 59
Tolvaptan Zileuton —0.89 — 067 —0.53 8 9 87
Emtricitabine Finasteride —089 — 060 —057 9 33 53
Nimesulide Selamectin —0.89 — 054 — 054 10 66 72
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Fig. 14 Top pairs of drugs with highest anti-correlation corresponding to subtype 9

Table 15 Top 10 pairs of drugs with their correlation with subtype 3 of breast cancer, considering
both combined and individually

Drug1 Drug2 C. Cor. Cor. 1 Cor.2 C.Rank Rank 1 Rank 2
Tadalafll Acyclovir —-0.79 — 061 — 045 1 4 73
Tadalafil Fomepizole —-078 — 061 —043 2 4 100
Rupatadine ICl-185282 —0.77 —0.58 — 052 3 6 21
Deferiprone Etofylline-Clofibrate —076 — 062 — 057 4 3

Deferiprone Rupatadine —0.75 —0.62 — 058 5 3

Ruxolitinib Ribavirin - 074 —0.68 — 057 6 2

[-690330 Favipiravir —0.74 — 049 — 047 7 38 54
Raclopride Hymecromone - 074 —0.54 —048 8 13 48
EDTA Pregnenolone — 074 — 056 — 051 9 10 28
Raclopride Artesunate — 074 — 054 — 047 10 13 59
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Fig. 15 Top pairs of drugs with highest anti-correlation corresponding to subtype 10

Table 16 Top 10 pairs of drugs with their correlation with subtype 4 of breast cancer, considering
both combined and individually

Drug1 Drug2 C. Cor. Cor. 1 Cor.2 C.Rank Rank 1 Rank 2
Pregnenolone Bromocriptine —0.99 — 042 — 040 1 24 38
EDTA EMD-1214063 —0.69 — 046 —035 2 8 81
Maraviroc Pregnenolone — 0.68 — 046 — 042 3 9 24
Rupatadine TG-100801 — 068 —058 —037 4 1 60
Maraviroc TG-100801 —0.67 — 046 —0.37 5 9 60
Finasteride Emtricitabine — 066 —043 —037 6 19 68
Maraviroc Tadalafil —0.66 — 046 —035 7 9 89
Dofequidar Triflupromazine —0.66 — 044 —0.36 8 14 78
Dofequidar PF-04620110 — 066 — 044 —038 9 14 55
Dofequidar Finasteride —0.65 — 044 — 043 10 14 19
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Table 17 Top 10 pairs of drugs with their correlation with subtype 5 of breast cancer,considering
both combined and individually

Drug1 Drug2 C. Cor. Cor. 1 Cor.2 C.Rank Rank 1 Rank 2
TG-100801 Phensuximide —097 —-072 — 063 1 6 28
Ruxolitinib Phensuximide —0.89 —093 — 063 2 1 28
Ruxolitinib AMG-837 — 089 —093 —083 3 1 2
AMG-837 Phensuximide —0.89 —083 — 063 4 2 28
Ruxolitinib Citrulline —0.89 —093 - 082 5 1 3
Amikacin Tadalafil — 088 —059 — 057 6 47 65
L-citrulline PD-153035 —0.88 —0.82 — 062 7 3 35
Ruxolitinib AMG-232 —088 —093 — 056 8 1 73
Bardoxolone-methyl AP-26113 —088 — 063 —0.58 9 33 52
Ruxolitinib Bisoprolol —088 —093 - 071 10 1 8

Table 18 Top 10 pairs of drugs with their correlation with subtype 6 of breast cancer, considering
both combined and individually

Drug1 Drug2 C. Cor. Cor. 1 Cor.2 C.Rank Rank 1 Rank 2
Ruxolitinib Bitopertin —0.73 — 067 — 040 1 1 44
Raclopride Bitopertin —0.72 — 041 — 040 2 36 44
Maraviroc Tadalafll —-0.70 — 049 — 043 3 3 23
Favipiravir -690330 —0.70 — 045 — 042 4 13 32
Ruxolitinib MG-132 — 068 — 067 —038 5 1 55
Rupatadine Bitopertin — 067 —0.50 — 040 6 44
Maraviroc Bitopertin — 0.66 — 049 — 040 7 44
Raclopride Cevimeline — 0.66 — 041 —0.36 8 36 74
Deferiprone Racecadotril — 0.66 — 049 — 048 9

Rupatadine Deferiprone — 0.66 —0.50 — 049 10 2

Table 19 Top 10 pairs of drugs with their correlation with subtype 7 of breast cancer, considering
both combined and individually

Drug1 Drug2 C. Cor. Cor. 1 Cor.2 C.Rank Rank 1 Rank 2
-690330 Favipiravir —093 — 069 — 054 1 12 87
MG-132 Finasteride — 092 — 0.66 — 055 2 18 83
TG-100801 Phensuximide — 091 — 069 — 061 3 11 37
Raclopride Ketorolac —0.89 —0.65 —0.57 4 19 57
Hymecromone Raclopride —0.88 — 066 —0.65 5 16 19
Ruxolitinib ADMA —0.87 — 083 —0.57 6 2 56
Ruxolitinib Dalfampridine —0.87 —0.83 —0.63 7 2 24
TG-100801 AMG-232 —087 — 069 —059 8 11 51
Tolvaptan Zileuton — 087 ——064 —0.59 9 22 49
1

Isbufylline Favipiravir —0.86 - 071 — 054

o

7 87
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Table 20 Top 10 pairs of drugs with their correlation with subtype 8 of breast cancer, considering
both combined and individually

Drug1 Drug2 C. Cor. Cor. 1 Cor.2 C.Rank Rank 1 Rank 2
Emaxanib Isradipine —0.71 — 0.60 — 042 1 1 34
Semaxanib Goserelin-Acetate —0.68 —0.60 — 055 2 1 3
Goserelin-Acetate Formoterol —0.68 —0.55 — 043 3 3 31
Goserelin-Acetate Camptothecin — 0.66 —0.55 —0.38 4 3 72
Deferiprone Racecadotril — 066 — 049 — 040 5 6 56
Deferiprone Etofylline-Clofibrate — 065 — 049 —047 6 6 15
Semaxanib Raloxifene —0.65 —0.60 — 054 7 1 4
Lidocaine Romidepsin — 064 — 046 — 041 8 17 49
Goserelin-Acetate Telatinib — 064 — 055 — 041 9 3 44
Isradipine Telatinib — 064 —042 — 041 10 34 44

Table 21 Top 10 pairs of drugs with their correlation with subtype 9 of breast cancer, considering
both combined and individually

Drug1 Drug2 C. Cor. Cor. 1 Cor.2 C. Rank Rank 1 Rank 2
Rupatadine TG-100801 —0.85 —0.72 — 061 1 1 8
-690330 Favipiravir —083 — 065 —048 2 5 76
Rupatadine Lidocaine —0.82 —0.72 —0.51 3 1 51
Rupatadine MG-132 —0.82 —0.72 — 061 4 1 9
Rupatadine |CI-185,282 — 081 —0.72 —0.52 5 1 35
Rupatadine Telatinib —-0.79 —0.72 — 047 6 1 82
Rupatadine Vidarabine —0.79 —0.72 —0.59 7 1 12
Garcinol CL-218872 —0.78 —0.56 — 049 8 24 60
Rupatadine Bitopertin —-077 —0.72 —048 9 1 71
Emtricitabine Bitopertin —0.77 —0.65 — 048 10 4 71

Table 22 Top 10 pairs of drugs with their correlation with subtype 10 of breast cancer, considering
both combined and individually

Drug1 Drug2 C. Cor. Cor. 1 Cor.2 C.Rank Rank 1 Rank 2
Tadalafil Telatinib —086 —055 —053 1 47 61
Bitopertin Lidocaine —0.85 — 0.66 — 057 2 2 35
Anecortave-Acetate Goserelin-Acetate —0.84 —0.56 —0.52 3 38 64
Finasteride Tadalafll —084 —0.60 —0.55 4 16 47
Bitopertin Raclopride — 083 — 066 — 057 5 2 36
SDZ-NKT-343 Goserelin-acetate —0.83 — 059 —0.52 6 24 64
Goserelin-Acetate Vardenafil — 081 —052 —048 7 64 96
Favipiravir Isbufylline — 081 — 059 —0.58 8 25 28
Bisoprolol Finasteride —0.80 — 061 —0.60 9 12 16
Finasteride Garcinol —0.80 —0.60 — 055 10 16 48
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Table 23 Identified driver genes associated with triple negative breast cancer subtype

ACRV1 ADCY9 AKT2 ALOX12B APTX C170rf100 C1QBP CALM2
CARD18 CLPSL1 DARS2 DEFB136 DHX33 EEF1E1 EHHADH ELAC2
EPPIN FAXDC2 FOX03 GAB2 GAL3ST3 GFER GJA10 GUCA2A
HACE1 HP HTR3D IFNA21 KLHDC8A LDOCTL LINC00628 LINC00919
MFAP4 MPRIP MRGPRF MRPL13 MUC21 OR1S1 OR3A1 PLEKHA8
PMCHL1 PNPLA3 POGK POLR3G PRPH2 RFPL4B SDHC SIRTS
SLC1A4 SLC25AT11 SLC35F2 SLEN12L SNX29 SRPK1 STOML2 SUV39H2
TAS2R20 TATDN1 THOC1 TOMM22 TRIM72 TRMT12 TWIST2 TXNDC17
URB2 VDAC3 WFDC10A ZC3H7B ZNF23
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Fig. 16 Drug-disease network (DDN) of Tadalafil and PF-04620110 drugs with subtype 1. Blue nodes depict
drug related genes, while red nodes depict candidate genes related to subtype 1
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Table 24 Top 20 drugs along with their ranking corresponding to Triple negative breast cancer

subtype

Rank Drug Name Pearson Correlation Dosage Time (h)
1 Ruxolitinib —0.765 10 24
2 Raloxifene —0.652 0.04 24
3 PF-04217903 — 0649 0.04 24
4 PD-173074 —0.603 10 24
5 TG-100801 —0.591 0.04 24
6 Dexamethasone —0.589 0.04 24
7 Semaxanib —0.588 0.04 24
8 Rupatadine — 0575 0.04 24
9 Tranilast — 0574 0.04 24
10 Bromocriptine — 0.565 0.04 24
1 ICl-185282 —0.562 0.04 24
12 Hymecromone —0.558 0.04 24
13 Emtricitabine —0.556 10 24
14 Phentermine —0.554 0.04 24
15 Fludarabine-Phosphate —0.548 10 24
16 JTC-801 —0.547 0.04 24
17 AMG-232 —0.541 10 24
18 Lidocaine — 0525 0.04 24
19 Amiprilose —0.520 0.04 24
20 Labetalol — 0515 0.04 24

Table 25 Top 10 pairs of drugs with their correlation with respect to TN breast cancer subtype, both
when they are combined and individually

Drug1 Drug2 C. Cor. Cor. 1 Cor.2 C.Rank Rank 1 Rank 2
Bromocriptine Isradipine —0.85 —0.57 — 047 1 10 51
Cinepazide Vidarabine —0.80 — 045 — 045 2 74 75
Bromocriptine Emtricitabine —-079 —057 —0.56 3 10 13
Bromocriptine Etofylline-Clofibrate —-077 — 057 — 051 4 10 22
Emtricitabine Finasteride - 076 —0.56 —0.50 5 13 26
JTC-801 Telatinib —0.75 — 055 — 047 6 16 47
Ruxolitinib Dalfampridine —0.74 —0.77 —0.50 7 1 31
Semaxanib Isradipine — 074 —0.59 — 047 8 7 51
Ruxolitinib Pregnenolone —0.74 —0.77 —048 9 1 40
Tadalafil Acyclovir - 074 — 047 — 046 10 43 58

drug-drug interference, potential drug-drug interactions have not been considered
yet. So, another possible future work could be extending the framework to include
such pairs of drugs with known interactions and their effect on the disease.
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