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Bioinformatics Identification of Drug Gene Modules:
Application to Clear Cell Carcinoma of the Ovary

Alain B. Tchagang-IEEE Member

Abstract— Targeted therapy is a treatment that targets the
cancer’s specific genes, proteins, or the tissue environment that
contributes to cancer growth and survival. Identification of
therapeutics targets is a very challenging problem in
bioinformatics. An integrative and iterative approach for the
identification of drug-gene modules (i.e. groups of genes and
drugs such that genes in the same module may regulate each
other and are targets of some of the drugs in the same module)
is developed. Application to clear cell carcinoma of the ovary
data reveals several drug-gene modules and a target network
that may play important roles in treating this disease.

1. INTRODUCTION

Clear cell carcinoma (CCC) is known to be less sensitive to
platinum-based treatment and to be associated with a worse
prognosis than other subtypes of epithelial ovarian cancer
(EOC) [1]. To improve the survival of patients with CCC,
mechanisms governing carcinogenesis have to be better
understood and novel treatment schemes and therapeutic
targets developed.

Targeted therapies are currently the focus of much
anticancer drug development, and represent a cornerstone of
precision medicine. Many targeted cancer therapies have
been approved by the Food and Drug Administration (FDA)
to treat specific types of cancer. Recent studies have
demonstrated that two-thirds of the failures across all
therapeutic areas were attributable to a lack of efficacy [2].
Although ‘biologicals’ have enlarged the space of druggable
molecules, the number of appropriate drug targets is still
limited. The cost and time spent in searching for drug targets
make it impossible to screen all possible molecules targeted
by drugs in labs.

Under these conditions, some computational approaches
have been proposed to identify or predict drug targets in
silico. In particular, the accumulation of various types of
omics data, such as gene expression (GE) and protein
structure, makes it possible to develop more efficient
computational methodologies to predict drug targets.
Assuming that drugs with the same mechanism of action
(MOA) will induce similar GE, [3] proposed a new way to
identify drugs that may target the same proteins. Assuming
that drugs with similar MOA bind to similar pockets on the
protein surfaces, some methodologies have been developed
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to predict drug-protein interactions by investigating the
similarity between binding profiles of candidate ligands and
known drugs [4]. Assuming that proteins with similar
functions may be bound by same drugs while drugs with
similar chemical structures possibly target same proteins, [5]
proposed a novel model to predict drug-protein interactions
by integrating chemical structure and genomic sequence
information. These early methods have been developed to
predict drug targets based on different kinds of omics and
drug property data, and can be classified into three classes
[6]: methods based on GE profiles, methods based on
molecular networks, and methods based on drug effects. In
this study, an iterative and integrative approach that
combined three types of data and iterate among them for the
identification of drug targets or drug-gene modules (i.c.
subgroups of genes and drugs such that genes in the same
module may regulate each other and some are targets of the
drugs in the same module) is developed.

II. MATERIALS AND METHODS

Promising therapeutic targets are identified in this study
using an approach that can be divided into three steps: the
Biomedical Literature and Databases Mining, the
Transcriptomic Data Integration, and the Target Validation
and Prioritization: Figure 1.
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Figure 1: Model of the three steps algorithm

More precisely, OMICs data were compiled from the
biomedical literature. From the healthy and CCC microarray
data, the set of CCC responsive genes were identified. A
gene was considered to be responsive in CCC if its
expression level did change by at least 0.5 in Log10 in any of



the five staging states of the disease. Each one of the ten
randomly constructed GE matrices was then integrated with
drug-gene, protein-protein interactions (PPI) and the
subcellular location matrices for modules identification. The
ten results from the ten GE matrices were then combined in a
(70%) majority voting scheme to produce a single estimation
of each target module.

A. Biomedical literature and databases mining (BLDM)

The goal of the BLDM (dark boxes of Figure 1) is to
mine the rich and massive biomedical literature and
databases for relevant CCC datasets: GE, drugs, drug-gene
interactions, PPI, and any other biological knowledge
relevant for CCC targets identification and prioritization. For
this particular study, 147 cancer drugs approved by the FDA
were compiled from the NIH-NCI [http://www.cancer.gov].
Well-known interactions among drugs and genes were taken
from  the Drug Gene Interaction  Database
[http://dgidb.genome.wustl.edu]. Interactions among
proteins and the human annotations datasets were compiled
from the BIOGRID database [https://thebiogrid.org]. The
healthy ovaries and the CCC GE data were downloaded from
the GEO database [https://www.ncbi.nlm.nih.gov/geo/].
They were all assayed using the Affymetrix GeneChip
Human Genome UI33A Array, pre-processed and
normalized using quantile-normalization, and randomly
organized into ten 2D matrices. Other biological knowledge
such as the subcellular location of the protein was
downloaded from [http://www.genecards.org/].

The outputs of the BLDM are four matrices A(|G|*|T]),
A(GIX|S]), Z(G|xD]) and I'(|G|x|G|) representing the GE,
subcellular location, drug-gene interactions and PPI
respectively. |G| = 22,283 is the number of probes/genes:
G=1{g, ..., 8 ---» gq|}, |T| = 5 the number of tumor stage:
T = {healthy, stage I, stage II, stage 111, stage IV}, |S| = the
number of subcellular location: S = {sy, s5, ..., 8, ..., Sig}
and |D| = 147 the number of drugs: D = {d;, dy, ..., dg, ...,
dpj}. The entries of A, X and I' are either 1 (association) or 0
(no association), and that of G real numbers representing the
GE levels: A(|G|*|T|) = [ay], where a,, is the expression level
of the g™ gene/probe in the t" tumor stage.

B. Transcriptomic data integration (TDI)

The TDI (white boxes Figure 1) takes as inputs X, A, I’
and A, and outputs subgroups of genes (I,) with similar
behavior with the known target genes, that are close to each
other in the PPI network, their subcellular locations (L),
subset of drugs (J,,,) that target some of these genes and its p-
value: My, = {l,,, Jm, L, p-value}. My, is the set of target
modules or drug gene modules.

Mathematically, the goal is to solve the following
equation:

h(Z, A, rs A) = Mm = {Ima Jma Lm, P'Value}- (1)

The function h(.) is unknown and is defined by the proposed
algorithm. £, A, I" and A are known from the literature, and
My, = {lm, Jm» L, p-value} are unknown and correspond to
the set of solutions, i.e. the output of the algorithm.

Algorithm - defines the function h(.)

Algorithm inputs
- A(G|x[T]), GE matrix. X (|G|x[D|), drug-gene targets matrix.

I'(|G|¥|G), PPI matrix. A(|G|x|S]), subcellular location matrix. G =
{81, 2, -y 8o ---» Gal}» s€t of genes. T = {t;, ta, ..., t;, ..., tn}, set
of CCC states. D = {d,, d, ..., dg, ..., dpj}, set of drugs. S = {s|,
82, ..., Ss, ..., Sis|}, set of subcellular locations. L = integer that
defines the closeness in the PPI network. 6 = mean square residue
threshold.

Algorithm output
- M= {M, My, ..., Mn, ..., My}, set of drug-gene modules, with
M = {Im, Jm, L, p-value} m =1 to [M]|

Algorithm steps
a- Identification of set Z = {z,, z», , z,, , zjz}of CCC responsive genes.

b- Identification of the set Y = {yi, y2, ..., ¥y, ..., ¥jv;} of genes known
to be associated with one or more drugs, and the set of drugs

F={fi, 5, ..., ..., f}, that target each one of these genes.
c- Identification of the initial reference list of genes
R= {I‘], Ty, ooy Iy oney I“R‘} =7ZNY.

d- Identification of drug-gene modules. For each gene r; in R, identify
other genes in Z with similar behavior as r, during the T tumor
stage, that are the L-NN of r, in the PPI network as followed:

1. In=Z. Initialize I, with the genes responsive in CCC.

2. Refine genes in I, to only consider the ones that are the
L-NN of r, in the PPI network.

3. Define X(|Im/%|T]) the gene expression matrix of genes in
Imacross the T staging tumor of CCC.

4. Construct X, same dimension as X, with constant value
in columns using the expression level of gene r;.

5. Compute X, = X-Xj.

6. Refine I, to only consider genes with constant values in
X,. This is easily done by considering only genes
whose max(Xz(n,:))-min(Xz(n,:)) < g, with ¢ >0 (See
proof below, n is a row of X,, and X,(n,:) is a row
element). This final list of genes I, is considered to be
the ones with similar behavior as ;.

7. The list of drugs J, targeting some of these genes is
identified as followed: J, = F(InNY), and their
subcellular locations as Ly, = S(Ii).

8. Hypergeometric distribution is used to evaluate the
statistical significance of the drug-gene module by
computing its p-value using Fisher’s exact test.

9. Finally, the m™ module is given by
M = {Im, Jm, L, p-value}.

Similarity among genes in a module is defined using the
minimum mean square residue (MMSR). That is, given the
GE matrix of the m™ module X(|L,|<|T|) = X[xy], itt MMSR
is computed using Equation 2.

1 2
H(X)= z(xit_'xiT X _x1mT) . (2)
| Im ” T | iel, teT

Genes in the same module will have similar behavior if their
H(X) <6, with 8 = 0. This metric is shown to yield more co-
regulated genes compared to correlation [7]. Recall that in
Equation 1, 1, is a subset of G. |I,;| and |T| are the number of
genes and tumor stage in X respectively, x;r is the mean of
the i GE level over all tumor stage, x, is the mean of the 7"
tumor stage over the I, GE levels, and x;,ris the mean of all
the values (GE levels) of X. 8 =0 is a given threshold
defined by the user. In fact, one can easily show that H(X) =
0=01if X = [x(i,0)] = [u; + v] = [u] + [v,], where [u;] a
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matrix with constant values on rows, and /v,/ a matrix with
constant values on columns [7-8].

As described in the above pseudo-codes (Steps d-3 to d-
6), genes with similar behavior are extracted from X(|I,|x|T])
using the following approach. For a given reference gene, a
new matrix X; is constructed with constant values in its
columns. That 1is, all rows in.X;are identical to the
expression of the reference gene. Then X,is calculated
as X, = X - X;. Genes with similar behavior in X correspond
to the ones with constant values on rows in X,. This step is
easily performed by identifying the set of rows of X, such
that max(X; (n,:)) - min(X,(n,:)) <o, withd — 0. For
simulation, let’s consider the matrix X in a 2D space, with
coherent values cluster (genes with similar behavior) in it,
corresponding to rows 1, 3 and 4 (Equation 3). By
subtracting from X matrix X; (constructed using the first row
of X: (1 3 5 2), used as the reference gene, a new
matrix X, is generated whose rows 1, 3 and 4 correspond to
the submatrix with constant values on rows.

1352 (1352 (000 0) (3
32 -2 3[ 1|1 3 5 2 2 -1 -7 1

X-X,=X,<|4 6 8 5|-[1 35 2|=/3 3 3 3
02 4 1|1 35 2] [-1-1-1 -1
33 3 3/ 3 52 2 0 -2 1

Note that, the same cluster can be obtained by using any of
the rows 1, 3 and 4.

C. Target Validation and Prioritization (TVP)

Targets are validated (grey box of Figure 1) by computing
the area under the curve of the receiver operating
characteristic (ROC) of each module separately. That is for
each member of a module and for the whole member of the
group. The ROC function is defined as Se = f (1 - Sp). This
function describes the relationship between the true-positive
rate (sensitivity (Se)) and the false-positive rate (1 —
specificity (Sp)) for different screening cutoff points.

III. RESULTS AND DISCUSSIONS

Analysis revealed 55 CCC target modules, potential drug-
gene interactions and a target network that may find
applications in CCC therapeutics and predictive markers for
drugs resistance.

Figure 2: ERBB2 drug-gene module
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Figure 2 shows example of the ERBB2 module identified
using ERBB2 as the reference gene, with HEERRB2) < 1 and
p-value < le-05. In this module, five drugs approved by
FDA are shown to target ERBB2. ERBB?2 is also shown to
interact with 13 other genes in a co-regulation manner.
Several genes in this module exhibit significant AUC (> 0.9).
More details relative to this module are described in Table 1
below.

Interestingly and by design of our drug-gene modules, a
module contains at least one gene that has been demonstrated
experimentally to be the target of one or more drugs
approved by FDA. Thus the druggability of the 55 identified
modules is assured. Additionally, genes in the same module
have similar behavior. They may either regulate each other
or may be co-regulated. This is supported by the fact that
they are close to one another in the protein-protein network.
Co-regulated genes are often functionally (physically,
spatially, genetically, and/or evolutionarily) related [9].

Such a priori known relationships can provide support for
the fact that genes in the same modules may be induced
directly or indirectly by some of the drugs in the respective
modules. These target modules can then be used to design
optimal compounds/drugs with control toxicity and side-
effects. They can be used as predictive markers for drug
sensitivity or drugs resistance, and can even be used to
improve the functionalities of old drugs. For example,
Gefitinib is the first selective inhibitor of epidermal growth
factor receptor's (EGFR) tyrosine kinase domain that was
designed to target the EGFR family of receptors [10]. But
recent studies have shown that Gefitinib also induce the
expression of several other genes including IGF1R, which
can be used as a predictor for resistance to Gefitinib [11]. In
this study, we showed that ERBB1, ERBB2, ERBB3,
ERBB4 and IGF1R are part of the same module (ERBB2
module: Table 1).

Combination of the 55 modules yielded several motivating
target networks, among which some interesting regulatory
axes: MET—ALK—CBLC, AURKA—BIRC5—
HISTIH2BG, TOPI—TOP2A—ISG15, IRF4—TOP1—
HIST1HI1C and IRAK1—SLC2A1—NEIL3—SMARCA4—
HSPB1—TNF—CELSR?2. In the regulatory axis AURKA—
BIRC5—HIST1H2BG for example, the baculoviral inhibitor
of apoptosis repeat-containing 5 (BIRCS) interacts with
Cisplatin, Doxorubicin, Paclitaxel and Gemcitabine. BIRCS
is a member of the inhibitor of apoptosis family, and has
been suggested to be a target for cancer therapy that would
discriminate between transformed and normal cells [12].
Aurora A kinase (AURKA) a direct target of Paclitaxel is
shown to interact with 47 genes. It has recently been shown
that AURKA gene is highly expressed in ovarian cancer, and
knockdown of AURKA significantly repressed ovarian
cancer cell-induced angiogenesis in nude mice and may
provide potential therapeutic target for the disease [13].
Interestingly AURKA interacts with BIRC5 and BIRCS5
interacts with HISTIH2BG an extracellular protein which
has only been recently associated with prostate cancer [14].



Table 1: ERRB2 drug gene module

DRUGS > |GENE > |GENES
Drugs Direct Target Gene |AffylD Symbol CCC | Validation |Cellular location Drug target class
AFATINIB ERBB2 201510_at ELF3 0.8 0.9 Nucleus Transcription factor
AFATINIB DIMALEATE |ERBB2 210827 s_at |ELF3 1.2 0.94 Nucleus Transcription factor
GEFITINIB ERBB2 216836_s_at |ERBB2 1.5 0.93 Mucleus/Membrane/Extracellular |Receptor/Tyrosine Kinase
LAPATINIB DITOSYLATE |EREB2 202454 _s_at |ERBEB3 1.3 0.94 Membrane/Extracellular Receptor/Tyrosine Kinase
PERTUZUMAB ERBB2 214053 _at ERBB4 0.9 0.94 Mucleus/Membrane/Extracellular |Receptor/Tyrosine Kinase
TRASTUZUMAB ERBB2 203627 _at IGF1R 0.4 0.93 Membrane/Extracellular Receptor/Tyrosine Kinase

ERBB2 203628_at IGF1R 0.8 0.84 Membrane/Extracellular Receptor/Tyrosine Kinase

ERBB2 201015 s_at |JUP 1.1 0.95 Mucleus/Membrane/Extracellular |Protein kinase binding

ERBB2 207847 s_at |MUCL 1.5 0.9 Membrane/Extracellular Glycoprotein

ERBB2 211695 x_at |MUCL 1.2 0.9 Membrane/Extracellular Glycoprotein

ERBB2 213693 _s_at |MUCL 2.6 0.93 Membrane/Extracellular Glycoprotein

ERBB2 202743 _at PIK3R3 0.6 0.95 Cytoplasm Enzyme/Kinase

ERBB2 205367 _at SH2B2 1 0.97 Cytoplasm/Membrane Receptor/B lymphocytes

ERBB2 202200 _s_at |SRPK1 0.6 0.95 Mucleus/Membrane Enzyme/Kinase

ERBB2 200887 s_at |STATL 0.5 0.92 MNucleus/Cytosol Transcription factor

ERBB2 209969_s_at |STATL 1 0.93 MNucleus/Cytosol Transcription factor

ERBB2 207540 s _at |SYK 0.9 0.95 Mucleus/Membrane Enzyme/Kinase

ERBB2 207657 _x_at |TNPO1 0.6 0.94 Mucleus/Membrane/Extracellular |Receptor

ERBB2 209225 _x_at |TNPO1 0.8 0.94 Mucleus/Membrane/Extracellular |Receptor

ERBB2 209226_s_at |TNPO1 0.7 0.96 Mucleus/Membrane/Extracellular |Receptor

ERBB2 221829 s_at |TNPOL 0.7 0.94 Mucleus/Membrane/Extracellular |Receptor

ERBB2 218806_s_at |VAV3 1.6 0.77 Mucleus/Membrane/Extracellular |Enzyme\hematopoiesis

ERBB2 213807 _at VAV3 1.3 0.92 Mucleus/Membrane/Extracellular |Enzyme\hematopoiesis

CCC column corresponds to the fold change in Logl0 as compared to healthy ovaries

Among the related pathways of HISTIH2BG is the
‘activated PKNI1 stimulates transcription of androgen
receptor (AR) regulated genes KLK2 and KLK3’. It is well
known that EOC arises from ovarian surface epithelial cells,
which express the androgen receptor, and androgen
stimulation of ovarian surface epithelial cells results in
increased proliferation and protection from apoptosis. These
findings pending experimental validations, suggest that the
regulatory axis AURKA—BIRC5—HISTIH2BG plays a
very important role in CCC and represent potential
therapeutic target.

IV. CONCLUSION

In this study an integrative and iterative approach was
developed for biomedical applications. Using this method, it
is shown that the integration of transcriptomics, drug-gene
and PPI knowledge compiled from the biomedical literature
and databases can lead to novel insights into the biology of
CCC, and may be applicable to the discovery of CCC targets
which may lead to robust drug design for therapeutic
applications.
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