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Systemic drug repurposing for pancreatic
cancer based on genetic and epigenetic
network analysis using a systems biology
approach and deep neural learning of
drug-target interactions

Yi-Hsin Tsai and Bor-Sen Chen*

Laboratory of Automatic Control, Signal Processing and Systems Biology, Department of Electrical
Engineering, Institute of Electronic Engineering, National Tsing Hua University, Hsinchu, Taiwan,
China

Abstract

Pancreatic cancer is a malignant tumor associated with a high mortality rate.
This research presents a systems biology approach to explore the mechanisms of
pancreatic ductal adenocarcinoma (PDAC), aiming to identify significant biomarkers
that can serve as drug targets. We propose a systematic drug repurposing strategy
that incorporates a deep neural network (DNN)-based drug-target interaction (DTI)
model along with drug design specifications to develop a potential multi-molecule
drug for PDAC treatment. We first established candidate protein-protein interaction
networks and gene regulatory networks using big data mining techniques. Real
PDACand non-PDAC genome-wide genetic and epigenetic networks (GWGENs) were
systematically identified using their corresponding microarray data through system
identification and system order detection methods. The top 6,000 core GWGENs of
PDAC and non-PDAC were extracted using the Principal Network Projection method.
Subsequently, we annotated the core GWGENs using the Kyoto Encyclopedia of
Genes and Genomes pathways to construct their respective core signaling pathways.
By comparing upstream microenvironmental factors, core signaling pathways,
and downstream aberrant cellular functions between PDAC and non-PDAC, we
investigated the carcinogenic mechanisms of PDAC. Notably, c-MYC, forkhead box
03, and tumor suppressor p53 were identified as significant biomarkers for potential
drug targets. Furthermore, the DNN-based DTl model predicted the interaction
probabilities between candidate molecular drugs and these biomarkers. Based
on drug design specifications such as regulatory ability, sensitivity, and toxicity,
suitable multi-molecular potential drugs were selected. Ultimately, gemcitabine and
MK-2206 were identified as a promising multi-molecular drug combination for PDAC
treatment.

Keywords: Pancreatic cancer mechanisms; Systems biology; Big data mining; Genome-
wide genetic and epigenetic networks; Kyoto Encyclopedia of Genes and Genomes
pathways; Deep neural network-based drug-target interaction model; Drug design
specifications; Principal network projection
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1. Introduction

Pancreatic ductal adenocarcinoma (PDAC), often referred
to as the “king of cancers,” is the most common type of
pancreatic cancer.! It is primarily characterized by a
lack of significant symptoms in its early stages, making
timely diagnosis challenging. Even when symptoms do
emerge, they are frequently mistaken for other health
conditions, typically indicating an advanced stage of the
disease. Scholars predict that by 2030, pancreatic cancer
will become the second leading cause of cancer-related
deaths,” resulting in an estimated 46,000 deaths annually
by 2040.> Despite numerous technological advancements
in cancer treatment, the 5-year survival rate for PDAC
patients remains only 12.2%.* A major contributing factor
to this low survival rate is that pancreatic cancer is often
diagnosed at an advanced stage, which severely limits the
opportunities for surgical intervention. Compared to other
cancers, pancreatic cancer has a relatively high mortality
rate, influenced by various factors such as geographic
region,’ case numbers, and medical standards. The overall
survival rate for PDCA is relatively low, primarily because
tumors are often diagnosed at advanced stages and due to
factors such as tumor location, size, and metastasis that
affect treatment efficacy. Specific survival rate data may
vary by region and treatment modality, reflecting the
varying prevalence of pancreatic cancer across different
populations. This variability is also influenced by various
risk factors, including smoking, high-fat diets, obesity, and
genetic factors.® Therefore, there is a pressing global need
for enhanced preventive measures and genetic diagnostics
to address this significant health challenge.”

The carcinogenic mechanisms underlying PDAC involve
multiple gene mutations,abnormalitiesin signaling pathways,
and the influence of the tumor microenvironment. Common
gene mutations in PDAC include KRAS, CDKN2A, TP53,
and SMAD4.® These mutations disrupt signaling pathways,
leading to uncontrolled cell proliferation, inhibition of
apoptosis, and promotion of tumor growth and metastasis.

Current treatment options for pancreatic cancer include
surgical resection, radiation therapy, chemotherapy,
immunotherapy, and targeted drugs. However, not all
patients are suitable for surgery.” Common chemotherapy
regimens often fail due to drug resistance, resulting from
complex interactions among pancreatic cells, cancer cells,
and the tumor microenvironment.' Consequently, clinical
outcomes remain poor, and effective treatment methods
are still lacking. Moreover, drug development typically
takes at least 10 years and requires substantial funding."
Biopharmaceutical companies must invest heavily in
research to identify drug targets, assess efficacy, consider
side effects, and conduct extensive preclinical and clinical

trials. Given the high failure rate in clinical trials,'? there
is a need for a more efficient drug development system.
Recent advancements in deep learning have shown
promise in drug discovery, with neural network methods
being applied to predict drug-target interactions (DTI)."*!¢
DTI data from various databases can help elucidate the
relationships between drugs and their targets.'*'* By
framing drug and target features as a binary classification
problem, DTI models based on deep neural networks
(DNNs) can predict the interactions between drugs and
targets (biomarkers), thereby identifying candidate multi-
molecular drugs for specific diseases.'>'¢ This approach,
known as drug repurposing, utilizes existing drugs for
new therapeutic purposes, potentially expediting the
progression to preclinical and clinical trials."”

Before employing the DNN-based DTT model to predict
potential multi-molecular drugs for PDAC biomarkers, we
adopted a systems biology approach using whole-genome
microarray data from PDAC and health controls to study
their genome-wide genetic and epigenetic networks
(GWGEN:S) for investigating the carcinogenic mechanisms
of PDAC. The first step involved mining large databases
to establish candidate GWGENs. Next, using system
identification and systematic order detection techniques
on the corresponding genome-wide microarray data of
PDAC and healthy controls to eliminate false positive
interactions and regulations, we obtained real GWGENs
for PDAC and healthy controls. Given that the Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway
annotations currently encompass only up to 6,000 nodes
of GWGENS, the principal network projection (PNP)
method was employed to individually extract the top 6,000
important nodes as core GWGENSs from the real GWGENs
of both PDAC and healthy controls. Then, we annotated
the real GWGENSs using KEGG pathways to construct core
signaling pathways for both PDAC and healthy controls. By
comparing the similarities and differences between the core
signaling pathways of PDAC and healthy controls, along
with their downstream cellular functional abnormalities,
we investigated the carcinogenic mechanisms of PDAC
and identified significant biomarkers, including ¢-MYC,
forkhead box O3 (FOXO3), and tumor suppressor p53
(TP53), as potential drug targets. Finally, we combined the
features of selected biomarkers with those of molecular
drugs to train the DNN-based DTI model, predicting the
probability of interaction between candidate molecular
drugs and the identified drug targets (biomarkers).
Based on drug design specifications, such as regulatory
capacity, sensitivity, and toxicity, we identified potential
drugs, ultimately selecting the combination of MK-2206
and gemcitabine as a promising multi-molecular drug
approach to target key biomarkers for PDAC treatment.
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2. Materials and methods

2.1. Overview of PDAC and healthy control
genome-wide genetic and epigenetic networks
using systems biology approach

In this study, we aim to establish the GWGENs of PDAC
and non-PDAC core genomes. Microarray data for PDAC
and non-PDAC were obtained from the National Center
for Biotechnology Information (NCBI) under accession
number GSE183795. Four processes were then conducted
to identify the core signaling pathways of candidate

GWGENS, as illustrated in Figure 1 and detailed below.

i.  Construction of candidate GWGENs: We utilized a
data mining approach to construct Boolean matrices
representing candidate protein-protein interaction
networks (PPINs) and candidate gene regulatory
networks (GRNs), which include interactions among
proteins, and regulation among genes, microRNAs
(miRNAs), and long non-coding RNAs (IncRNAs).
Specifically, if an interaction or regulation exists between
two nodes, it is denoted as 1; if not, it is denoted as 0.

ii. Identification of real GWGENs: We employed

PDAC and non-PDAC (control) microarray data to

construct real GWGENS, identifying parameters for

protein-protein interaction (PPI) models and GRN
regulatory models by solving constrained linear least
squares parameter estimation problems. To address
potential false positive interactions in candidate

GWGEN, we pruned these false positives using the

Akaike Information Criterion (AIC) system order

identification method, obtaining real GWGENSs for

PDAC and non-PDAC.

Extraction of core GWGENs: We applied the PNP

method to extract core GWGENs from the real

GWGENSs. The PNP method calculates the projection

value of each node in the real GWGEN to capture

85% of the networks energy, sorting the projection

values of all nodes from highest to lowest. Given the

maximum allowable annotated node count of 6,000

(as per KEGG pathways), we selected the top 6,000

significant nodes to form the core GWGEN.

Construction and comparison of core signaling

pathways: We annotated the KEGG pathways of

PDAC and non-PDAC of core GWGENs based on

relevant literature, completing the construction of core

signaling pathways for each. We then compared the
upstream microenvironmental factors, core signaling
pathways, and corresponding downstream aberrant
cellular functions between PDAC and non-PDAC
to explore the oncogenic molecular mechanisms of

PDAC and identify potential biomarkers as drug

targets for PDAC therapeutics.

iii.

iv.

2.2. Constructing candidate genome-wide genetic
and epigenetic networks for PDAC and healthy
controls based on big data mining

In this research, we obtained microarray data from the
NCBI under accession number GSE183795. The dataset
was divided into two groups: the disease group, comprising
139 PDAC samples, and the healthy control group,
consisting of 105 non-PDAC samples.

The candidate GWGENSs include candidate PPINs and
candidate GRNs. We represented the candidate GWGEN
using a binary Boolean matrix, where a value of 1 is
assigned if an interaction or regulation exists for a node,
and 0 if it does not. To construct the candidate PPINSs,
we consulted various databases, including the Database
of Interacting Proteins (DIP),"* IntAct,” the Biological
General Repository for Interaction Datasets (BioGRID),?
and the Molecular INTeraction Database (MINT).?! For the
candidate GRNs, we utilized multiple resources such as the
Human Transcriptional Regulation Interaction Database
(HTRIdb),* the integrated transcription factor platform
(ITFP),” TRANSFAC,* CircuitDB,*” TargetScanHuman,*
and StarBase.”

2.3. Establishing a system model for identifying
real genome-wide genetic and epigenetic networks
for PDAC and healthy controls based on candidate
genome-wide genetic and epigenetic networks

To investigate the oncogenic molecular mechanisms of
PDAC, we referenced relevant databases and utilized
PDAC microarray data to construct candidate GWGENs.*
Following the establishment of these candidate GWGENS,
we employed PDAC microarray data to discern the real
GWGENS for PDAC and non-PDAC samples. This process
required the development of a stochastic system model to
enable candidate GWGEN:S to capture stochastic interactions
and regulations, such as protein-protein interactions, as well
as the regulation of transcription factors (TFs), miRNAs, and
IncRNA. Additionally, the stochastic model should account
for residuals from the initial model establishment and
stochastic noise resulting from experimental measurements.
Furthermore, the main protein interaction model in
Equation I and the miRNA regulation models in Equations
II-IV were designed as bilinear interaction models based
on the product of the concentrations of the interacting
proteins in Equation I or the regulations of miRNAs on their
target mRNAs, miRNAs or IncRNAs in Equations II-IV.
However, for simplification, we presented the interaction
and regulation coefficients as linear in PPINs and GRNs.?

First, we established a system model of the interactions
involving the w-th protein and other proteins in the
candidate PPINs, presented as follows:
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Figure 1. Flowchart of the systems biology approach to investigate the carcinogenic molecular mechanisms and systematic drug design for PDAC
Abbreviations: BioGRID: Biological General Repository for Interaction Datasets; DIP: Database of Interacting Proteins; DTI: Drug-target interaction;
HTRI: Human Transcriptional Regulation Interaction; ITFP: Integrated Transcription Factor Platform; KEGG: Kyoto Encyclopedia of Genes and
Genomes; MINT: Molecular INTeraction Database; PDAC: Pancreatic ductal adenocarcinoma; PRISM: Pharmaceutical Regulatory Information System.
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R,
pw I:l’l:| = Zﬂwfrpw |:1’l:|pr [1’!:' + ﬁW’PPIN + EW’PHN I:}’l:| (I)

forw=12...,.W-1L,W>#n=12...,N-1,N

among which p, [n] and p, [n] denote the expression
levels of the w-th protein and the r-th protein in the n-th
sample, respectively; 7, , represents the interaction ability
between the r-th protein and the w-th protein; R, is the
total number of proteins interacting with the w-th protein;
W denotes the total number of proteins in the candidate
PPIN; N is the number of data samples (PDAC or non-
PDAC); B, peiv indicates the basal expression level of the
w-th protein, reflecting changes due to interactions such
as acetylation, phosphorylation, or unknown histone
modifications that cannot be modeled in (1); 8, pev [71]
accounts for random noise affecting the w-th protein in
the n-th sample due to modeling residuals, experimental
measurement errors, or environmental interference.

After establishing the PPI system model, we also
developed a regulatory system model to describe the
relationships between genes and their regulators, including
TFs, miRNAs, and IncRNAs. The transcriptional regulation
system model for the x-th gene in the n-th sample can be
expressed as:*

.[1] =3 4[]+ 37, [ 35, m [ 1]
+B, +6,[n] I

forx=1,2...,X-1,X,n=1,2...,,N-1,N

where g, [n] indicates the expression level of the x-th
gene in the n-th sample; S,, U,, and V, represent the total
number of TFs, IncRNAs, and miRNAs binding to the x-th
gene, respectively; t, [n], I, [n], and m, [n] denote the
expression levels of the s-th TE the u-th IncRNA, and the
v-th miRNA in the n-th sample, respectively; «,_, symbolizes
the transcriptional regulatory ability of the s-th TF on the
x-th gene; y, , signifies the transcriptional regulatory ability
of the u-th IncRNA on the x-th gene; e., > 0 indicates the
post-transcriptional regulatory ability of the v-th miRNA in
degrading the x-th gene’s miRNA; X is the total number of
genes in the candidate GWGEN; N is the number of data
samples (PDAC or non-PDAC); S, represents the basal
expression level of the x-th gene, influenced by modifications
such as methylation, phosphorylation, acetylation, or
unknown gene regulatory effects; §, [n] accounts for the
random noise affecting the x-th gene in the #n-th sample due
to modeling residuals and measurement errors.

Next, we established the regulatory system model for
IncRNA. The transcriptional regulation system model for
the y-th IncRNA in the #n-th sample is described as:

LIn) =Y, (]« Sy, L [n]= 3, ()1, [o]
+B,+6,[n] (11m)

fory=12...,Y-1,Y,n=12...,N-1N

where [, [n] indicates the expression level of the y-th
IncRNA in the n-th sample; S,, U,, and V, represent the total
numbers of TFs, IncRNAs, and miRNAs binding to the y-th
IncRNA, respectively; t, [n], I, [n], and m, [n] denote the
expression levels of the s-th TE, the u-th IncRNA, and the
v-th miRNA in the n-th sample, respectively; {, , symbolizes
the transcriptional regulatory ability of the s-th TF on the
y-th IncRNA; vy, , signifies the transcriptional regulatory
ability of the u-th IncRNA on the y-th IncRNA; k, , > 0
represents the post-transcriptional regulatory ability of the
v-th miRNA in degrading the y-th IncRNAs miRNA; Y is the
total number of IncRNAs in the candidate GWGEN; N is the
number of data samples (PDAC or non-PDAC); f3, reflects
the expression basal level of the y-th IncRNA, influenced
by modifications such as phosphorylation, acetylation, or
unknown gene regulatory effects; §, 1] captures the random
noise affecting the y-th IncRNA in the n-th sample due to
modeling residuals and measurement errors.

Finally, we established the miRNA regulatory system
model in a similar manner. The transcriptional regulation
system model for the z-th miRNA in the n-th sample can
be described by the following equation:

m.[n]= zm [n]+ zuz [n]- zpm (]
m, [n} + B, +6, [n]

forz=1,2...,2-1,Z,n=1,2...,.N-1,N

Iv)

where m, [n] represents the expression level of the z-th
miRNA in the n-th sample; S,, U,, and V, indicate the total
number of TFs, IncRNAs, and miRNAs binding to the z-th
miRNA, respectively; ¢, [n], I, [n], and m, [n] denote the
expression levels of the s-th TF, the u-th IncRNA, and the
v-th miRNA in the n-th sample, respectively; A, ;symbolizes
the transcriptional regulatory ability of the s-th TF on the
z-th miRNA; p. , signifies the transcriptional regulatory
ability of the u-th IncRNA on the z-th miRNA; p, , > 0
represents the post-transcriptional regulatory ability of the
v-th miRNA in degrading the z-th miRNAs miRNA; Z is
the total number of miRNAs in the candidate GWGEN; N
is the number of data samples (PDAC or non-PDAC); f3,
indicates the change in the expression of the z-th miRNA
due to phosphorylation, acetylation, or unknown gene
regulatory effects; d, [n] accounts for the random noise
affecting the z-th miRNA in the n-th sample due to model
residuals and experimental measurement errors.

Volume 4 Issue 1 (2025)

51

doi: 10.36922/td.4709


https://dx.doi.org/10.36922/td.4709

Tumor Discovery

Drug repurposing for pancreatic cancer via Al

2.4. Elimination of false positives from candidate
genome-wide genetic and epigenetic networks for
real genome-wide genetic and epigenetic networks
of PDAC and healthy controls based on system
identification and order detection methods

Based on the stochastic system models of protein interaction
and gene regulations described above, we constructed four
interaction and regulation models for candidate GWGENS,
including the candidate PPI model, candidate gene regulation
model, candidate IncRNA regulation model, and candidate
miRNA regulation model in Equations I-IV. Next, we pruned
false positive interactions and regulations, from these candidate
GWGENSs using system identification and order detection
methods, utilizing microarray data from both PDAC and non-
PDAC samples to estimate the corresponding real GWGENS.

Equations I-IV can be reformulated as the following
linear regression equations to obtain parameter vectors for
interactions and gene regulations.

pu[r)=[ 2,010 [P Ip.[n]es L] [ ], (1]

x| T, |0, [ n]=0,[1]6,+6, uy[n] )

ﬂ'-wfRW

_ﬁw—PPIN |

forw=1,2..,.W-1,W, n=1,2...,.N-1,N

Gt [n]ln] ] | e,
a0 =4 [ m [na, L] <] 7.
m, [n]g.[n]1 -

}/foX

wli-allosafs) LAy

forx=12...,X-1,X,n=12...,N-1,N

t [n] tsy [n] A [n] lUy ;H
Ln]=|[n]m[n]1,[n] - x|
my, [n]ly [n] 1 é/y—Sy

+6,[n]=¢,[n]-6,+6,[n] (VID)

fory=1,2...,Y-1,Y, n=1,2....N-1,N

AR B
m [n]=|[n]m[n]m[n]- x| i
m, (1] m.[n] A
,Uzil

/uszz
P

_pz—Vz
L A
+8,[n]=¢.[n]-0,+65 [n] (VIID)

forz=12...,2-1,Z,n=1,2...,N-1,N
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Next, with N representing microarray data samples, we
can express these as linear Equations V-VIII:

p1] ] | 4[1] 5,[1]

pw[z] = ¢W[z] 6, + 5w[z] (IX)

nIv]) LotV |av]
forw=12.. . W-1,W,n=1,2...,N-1,N

gL | | 4[1] 5,[1]

gx[Z] = ¢x[2] 0.+ g[z] X)

e.[v]) [aIv]] oIV
forx=12...,X-1,X,n=1,2...,N-1,N

ARNEEAN 5,[1]

ly[z} = ¢y[2] 0, + éy[zj (XI)

1) L] o)
fory=1,2...,Y-1,Y,n=12...,.N-1,N

[ 1T 17 ]

m [1] || ¢.[1] 5.[1]

mz[2] = @[2] 0. + 52[2] (XI1)

[N o)) (o)

forz=1,2...,Z-1,Z,n=1,2...,N-1,N

Further Equations IX-XII can be represented by the
following algebraic equations individually:

P =0 -0 +A, forw=12..,.W-1LW (XIII)
G =0 -0 +A forx=12..,X-1LX (XIV)
Ly:d)y-@y+Ay for y=12...,Y-1Y XV)
M, =® -0, +A, forz=12..,Z-1,Z (XVI)

where @, is the linear regression matrix for proteins,
®, is the linear regression matrix for genes, ®, is the
linear regression matrix for IncRNAs, and @, is the linear
regression matrix for miRNAs.

Next, we employed a constrained linear least-squares
parameter estimation method to estimate parameter
vectors ®@,, ®,, ®, and ®.. Specifically, we imposed

constraints to ensure that the degrading effects of miRNAs
on post-transcriptional genes, IncRNAs, and miRNAs
are negative. The parameter estimation problem for the
GWGENSs of PDAC and non-PDAC can be solved by the
following constrained least-squares parameter estimation
problem equations:

A

0, = argmin%d)w @, -P; (XVII)
®w
. 1
0, = argmingd)x 0, -G (XVIII)
o,
0
0 0|0 o[l of: 0
Dot il e o], <l
subject to o --- olo --- olo --- 1 0
—_—
s, U, v,
. 1 )
0, :arg(;nlnzq)y ‘®,-L; (XIX)
0
0 0|0 o1 0|: 0
subject to S T T (0] ~®y£
0 00 --- 0[0 1 0
S}‘ UY VY
. 1 )
0, = arg(;mng(l)Z ‘®, —-M (XX)
0
0 0|0 o1 0|: 0
subjectto | © | 10 -@, <
0 00 --- 0[0 1 0
L s, U, v, i

Given that the regulatory effects of miRNAs on post-
transcriptional genes, IncRNAs, and other miRNAs must
be negative, we utilized the MATLAB Optimization
Toolbox to solve the constrained least-squares parameter
estimation problems with their added constraints in
Equations XVII-XX. This approach allowed us to derive
optimal estimated parameter vectors for PPIs, as well
as for gene, IncRNA, and miRNA regulations within the
GWGEN:S for both PDAC and non-PDAC.

To address the issue of numerous false positive
interactions identified among the candidate GWGENSs, we
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employed the systematic order detection method using the
AIC to prune these inaccuracies and derive real GWGENs
for both PDAC and non-PDAC.”

The system order detection scheme, based on the AIC
method, estimates the number of interactions among
proteins and the number of regulations involving genes,
IncRNAs, and miRNAs within the candidate GWGENSs as
follows:

2(1+R,)

AIC(RW)zlog(QfV)—i- N

(XXI)

(@, -6,-P )T(®W~@ -p,)

where Q2 =

where the parameter vector ®, can be obtained from
Equation (XVII) using the least-squares method. Q,
represents the residual estimation of the w-th protein
model, and R, is the number of interactions (i.e., the
model’s complexity) with the w-th protein.

S, +U, +V, +1) xx)

AIC(S,,U,,V, ) =log(€2 )+ 2

(0.6, ) (0.6, c)
N

2

where Q2 =

where the parameter vector (:Dx can be obtained from
Equation (XVIII) using the least-squares method. Q,
represents the residual estimation of the x-th gene
model, while S,, U,, and V, represent the number of gene,
IncRNA, and miRNA regulations acting on the x-th gene,
respectively.

Sy+Uy+Vy+1)

Alc(sy,Uy,Vy)zlog(Q§)+ 2( (XXIII)

@,

. 2 _
with Qy =

where the parameter vector (-:)y can be obtained from
Equation (XIX) using the least-squares method. Q,
represents the residual estimation of the y-th IncRNA
model, whereas §,, U,, and Vy represent the number of
genes, IncRNA, and miRNA regulations acting on the y-th
IncRNA, respectively.

S, +U,+V, +1)

AIC(S,,U,,V,)=log(Q2 )+ 2 (XXIV)

2
where Qj =

where the parameter vector (:DZ can be obtained from
Equation XX using the least-squares method. (), represents
the residual estimation of the z-th miRNA model, and
S» U, and V, respectively represent the number of gene,
IncRNA, and miRNA regulations acting on the z-th
miRNA, respectively.

The AIC method was used to assess the complexity of
stochastic models and their fit to data. A smaller value of
AIC indicates a better model fit while accounting for the
model’s complexity. To obtain the real GWGEN, we had to
minimize four AIC Equations XXI-XXIV:

R, =argmin AIC(R,)) (XXV)
Rw
S.,U,,V, =argmin AIC(S,,U,,V,) (XXVI)
$,.U, .V,
S.U.V, = argmin AIC(Sy .UV, ) (XXVII)
S.,U.,V, =argmin AIC(S,,U,,V, ) (XXVIIT)
S..U,.V,

R, represents the actual quantity of protein interactions
with the w-th protein. S, , U, ,and V. represent the actual
number of regulatory TFs, IncRNAs, and miRNAs on the
x-th gene, respectively. S; , U; ,and V; indicate the actual
quantities of regulations between TFs, IncRNAs, and
miRNAs on the y-th IncRNA, respectively. S., U, ,and V,

denote the actual number of regulatory TFs, IncRNAs, and
miRNAs on the z-th miRNA, respectively. By minimizing
the AIC, we successfully identified the true number of
interactions for each protein and the actual number of
regulations for each gene, miRNA and IncRNA, effectively
pruning false positives from the candidate GWGENSs, and
thus obtaining the real GWGENS for both PDAC and non-
PDAC, as depicted in Figure S1.

2.5. Extracting core genome-wide genetic and
epigenetic networks from real genome-wide
genetic and epigenetic networks using the principal
network projection method

By employing the AIC method to prune false positive
interactions and regulations from candidate GWGENS,
real GWGENs for both PDAC and non-PDAC were
obtained. However, due to the complexity of real
GWGENs from both PDAC and non-PDAC, the
carcinogenic molecular mechanisms of PDAC have not
yet been fully confirmed. Therefore, it was necessary
to leverage KEGG pathways to elucidate the signaling
pathways underlying real GWGENs of both PDAC
and non-PDAC. Since the current KEGG database can
only annotate networks containing up to 6,000 nodes,
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we focused on extracting the top 6,000 significant
nodes (i.e., core GWGENSs) from both the PDAC and
non-PDAC real GWGENs using the PNP method.
Subsequently, KEGG pathways were utilized to annotate
these core GWGENSs.

The PNP method we employed involves performing
singular value decomposition (SVD) on the real
GWGENS, as shown in Figure S1, followed by extracting
the top 6,000 ranked nodes to construct the core
GWGEN:Ss, as depicted in Figure S2. To perform SVD,
we first constructed the network matrix K for the real
GWGEN:

protein<> protein 0 O
K= kTF—)gene klncRNA—)gene kmiRNA—)gene (XXIX)
TF—IncRNA klncRNA —>IncRNA kmiRNA —IncRNA
TF—miRNA klncRNA—)miRNA miRNA—miRNA |

K c R(W+X+Y+Z)><(X+Y+Z)

where the submatrix k

oroteincsprotein TEPTESENLS the
estimated interaction abilities between proteins in the
PPIN. Since protein interactions are bidirectional, these
are represented by double-headed arrows. The respective

submatrices k k ,and k represent

the estimated regulatory network of TFs, IncRNAs, and
miRNAs that regulate or transcribe genes. Additionally,
the submatrices k k

represent estimated networks of TFs, IncRNAs, and
miRNAs involved in regulating or transcribing IncRNAs,
respectively.  Finally, the submatrices k., ...>
kyrnassminna > and koo . represent the estimated
regulations of TFs, IncRNAs, and miRNAs in miRNA
transcription, respectively.

TF— gene > "“IncRNA— gene miRNA— gene

TF—IncRNA > "“IncRNA—IncRNA > and kmiRNAﬁchRNA

Below is the detailed description of the network matrix
K for real GWGENSs of PDAC and non-PDAC:

Mg v Moy v Migw 0 =« 0 = 0 0 =« 0 = 0
Aot ey Tegw 0 =0 - 0 0 = 0 ~ 0
fwo1 = Awer v Fwogw 0 = 0 = 0 0 -

@ o (pogy —&1

a7 s —Eyn

T @x-s o @x-sx -1 T

k= 2’171 - Zl—s z1—;‘y $151 1-u "{’\I—Uy —Ry_q
2)/‘—1 Zy—s‘ 2:y—s;v @y_ﬁ Pyeu ?nyy _}e:y—l
b fresy Bra 7 B By R
3171 2 ﬁ’," o By Byz _ﬁ:‘”
% A L T =
iZ‘-] Az-s jz—sz I:z._1 gy ‘:iz—Uz P21t Pz v ~Pzeva

Next, we applied SVD to the network matrix K for the
real GWGENSs of PDAC and non-PDAC as follows:

K=UuyVv’

u c R(W+X+Y+Z)><(W+X+Y+Z)

Z c R(W+X+Y+Z)><(X+Y+Z)
VY e RXH+2(X+7+2) (XXXI)
_0'1 0 |

0 o
0 0 o, 0

wrnere = :

" (XXXII)

0 0 0 (X+Y+Z)
0 0 0 0
0 o --- 0 --- 0

in which the singular values o, are arranged in
decreasing order, i.e., o' 2 0, ... 2 Oxaviz) 2 0.

Based on energy considerations, we chose to retain the
first J singular values from the singular matrix ¥ in network
matrix K, ensuring they account for at least 85% of the total
energy in the real GWGEN.

Subsequently, we retained the first J rows of the singular
matrices u and v, establishing the significant structural
component of the network, which contains at least 85% of
the total energy in the real GWGEN,* as indicated below:

]
> o}
i=1 !

E =55 —2085
2w O

Next, we projected each row of the network matrix K
(representing the interactions or regulations of each node
in the real GWGEN) onto the first ] significant singular
vectors. The 2-norm of the projection value for each
protein, gene, miRNA, and IncRNA node corresponds to
the first ] principal singular vectors of both PDAC and
non-PDAC real GWGENS as described below:

(XXXIII)

Project(a,b) =K, VS

P o (a) = 2/z]:Project(a,b)2
b=1

fora=12...(W+X+Y+2),b=12...,]-1,]

(XXXIV)

where Project(a,b) represents the projection value
of the a-th node onto the b-th principal singular vector;
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K, denotes the a-th row of the matrix K; V, indicates the mechanisms of PDAC. Based on these insights, we
b-th principal singular vector; P, ., (a) represents the identified key biomarkers, listed in Table 1, which may
square root of the sum of the squared projection values serve as potential drug targets for drug repurposing to
of the a-th node onto the first ] singular vectors, reflecting treat PDAC.

the significance of the node within the real GWGEN from

the network energy perspective. 2.6. Predicting drug candidates using deep neural

network-based drug-target interaction model and
Using the 2-norm projection value P, (a), we screening by design specifications for treating PDAC
extracted the top 6,000 ranked nodes, which we classified
as important nodes to construct the core GWGENSs for
PDAC and non-PDAC, as shown in Figure S2. We then
utilized KEGG pathways to annotate the core GWGENS of
both PDAC and non-PDAC, helping to identify the core
signaling pathways for both conditions, as presented in
Figure 2. In addition, considering information loss of real
GWGEN, we actually obtained nearly identical signaling
pathways of PDAC under different SVD truncation
thresholds (75%, 85%, and 95%), demonstrating
that filtering off insignificant singular values did not

After identifying three important biomarkers implicated in
the carcinogenic mechanisms of PDAC as candidate drug
targets, we trained a DNN-DTI model to predict potential
molecular drugs targeting these biomarkers. We utilized
drug-target interaction data from several databases such
as KEGG,” BIDD,*” UniProt,” DrugBank,** PubChem,*
ChEMBL,* and STITCH.” After identifying potential
molecular drugs for PDAC and considering their regulatory
ability, sensitivity, and toxicity as design specifications, we
proceeded with drug repurposing and design.

substantially affect the KEGG pathway annotations. By Before training the DNN-DTI model, we preprocessed
comparing the core signaling pathways of PDAC and non- the DTI data. We gathered relevant interaction data from
PDAC in Figure 2, we aim to investigate the carcinogenic the aforementioned databases and converted the drug-
(Torp) (s | Ceor ) Cwin | Ceo | Dosrpten
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Figure 2. Shared and distinct core signaling pathways and downstream cellular functional impairments between PDAC and healthy controls
Abbreviations: AKT: Protein kinase B; AP-1: Activator protein 1; BNIP: BCL2 interacting protein 3; BRCA: Breast cancer gene; CDK: Cyclin-dependent
kinase; ECM: Extracellular matrix; EGF: Epidermal growth factor; EGFR: Epidermal growth factor receptor; ERK: Extracellular signal-regulated
kinase 1; FAK: Focal adhesion kinase; FOXO: Forkhead box O; GSK: Glycogen synthase kinase; G6PC: Glucose-6-phosphatase; IKK: IkB kinase;
IL: Interleukin; IL-XR: Interleukin X receptor; ITGA: Integrin alpha; Jakl: Janus kinase 1; LEF: Lymphoid enhancer factor; LPR: Low-density-lipoprotein-
receptor-related-protein; MDM2: Mouse double minute 2; MEK: Mitogen-activated extracellular signal-regulated kinase; mTOR: Mammalian target of
rapamycin; NFkB: Nuclear factor k B; PDAC: Pancreatic ductal adenocarcinoma; PI3K: Phosphoinositide 3-kinase; PPI: Protein-protein interaction;
RB: Retinoblastoma protein; STAT: Signal transducer and activator of transcription; S6K: Ribosomal protein S6 kinase; TCF: T cell factor; TF: Transcription
factor; TGF-p: Transforming growth factor ; TBR: Transforming growth factor p receptor; TNF-a: Tumor necrosis factor o; TRAF6: Tumor necrosis factor
receptor-associated factor 6; VEGF: Vascular endothelial growth factor.
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Table 1. Information on candidate molecular drugs for selected pancreatic ductal adenocarcinoma biomarkers based on their

regulatory capacity, sensitivity, and toxicity

Target biomarker : c-MYC(+)

Potential drug Regulation ability (L1000) Sensitivity (PRISM) Toxicity (LC50, mol/kg)
Tipranavir —-1.33845971 —-0.283941421 4.556
Tolcapone —-0.072789862 -0.26251132 4.78
Gemcitabine —0.544798394 —2.417963872 2.381
Target biomarker : FOXO3(+)
Potential drug Regulation ability (L1000) Sensitivity (PRISM) Toxicity (LC50, mol/kg)
Atracurium —-0.238786879 —-0.468347976 5.587
MK-2206 —-0.503738765 0.772406631 5.561
ARN-509 —0.93691652 0.02300543 3.673
Target biomarker : TP53(*)
Potential drug Regulation ability (L1000) Sensitivity (PRISM) Toxicity (LC50, mol/kg)
Gemcitabine —-0.537988045 —2.417963872 2.381
Guanadrel —-0.915635131 —0.411395434 2.38
Bemegride —-3.718984186 1.008142951 1.532

Notes: *Denotes the mutation; +denotes overexpression on the corresponding biomarker.
Abbreviations: FOXO3: Forkhead box O3; LC50: Lethal concentration 50%; PRISMA: Pharmaceutical Regulatory Information System; TP53: Tumor

suppressor p53.

target pairs into feature vectors to enable input into the
DNN model. To generate the feature vectors, we used the
Protein Feature Server and PyBioMed tool in a Python
3.7 environment. The drug features encompass widely
utilized structural and physicochemical data, while
the target features are derived from the structural and
physicochemical characteristics of proteins and peptides,
determined from their amino acid sequences. Each drug-
target pair was combined into a single feature vector. The
feature vector for the i-th drug-target pair in DTI databases
can be presented as:

q:‘irugftargzt :|:d1’d2"'"dA—l’dA’tl’tZ""’tB—l’tB] =|:D’T:|
(XXXV)
fori=1,2...,180315, A + B = 1359

The total feature vector dataset consists of 180,315
entries, including 80,291 experimentally validated DTIs
and 100,024 unvalidated interactions. To address the
imbalance in the dataset, we downsampled the unvalidated
interactions to match the number of validated entries.
Before training the DNN-DTI model, we standardized
and transformed the drug-target interaction data because
of variations in units among the different feature vectors.
Standardization highlights the differences between each
feature vector. The standardization of the features is shown
as follows:

.od, -
d, =Gl fora=12..,A-1,A
o

a

(XXXVI)

where d, represents the a-th drug feature, and d,
indicates the a-th drug feature after standardization; o, and
o refer to the standard deviation and mean of the a-th
drug feature, respectively. A denotes the total number of
drug features.

Similarly,

ot
tbz"a—“" forb=12...B-1,B
b

(XXXVII)

where f, denotes the b-th target feature, and t;
represents the b-th target feature after standardization; o,
and y, refer to the standard deviation and mean of the b-th
target feature, respectively; B represents the total number
of target features.

Given that the DNN-based DTI model (Figure 3)
requires 996 input nodes, the total (A+B) feature vector
dimension needed to be reduced so that these drug-target
feature vectors can be input to train the DNN-DTI model.
By selecting the top 85% significant features for both drugs
and targets using the principal component analysis (PCA),
we reduced the dimensionality of the features from 1,359
to 996. This reduction aligns with the model’s input layer
dimension and enhances training performance.*

All the aforementioned data preprocessing steps were
performed to enable the DNN-DTI model to effectively
learn from feature data of drug-target interactions. After
completing the data preprocessing, we split the dataset into
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Figure 3. Flowchart of the systematic drug repurposing approach for treating PDAC. (A) Pre-training process of the deep neural network-based drug-
target interaction model using drug-target interaction databases. (B) Prediction of candidate molecular drugs for PDAC biomarkers and selection of multi-

molecular drug combination based on three drug design specifications

Abbreviations: DNN: Deep neural network; DTI: Drug-target interaction; PDAC: Pancreatic ductal adenocarcinoma.

75% for training and 25% for testing. We then utilized the
DNN-DTI model to predict the probability of drug-target
interactions. The architecture of the DNN model comprises
an input layer with 996 neurons, followed by hidden layers
with 512, 256, 128, and 64 neurons, respectively. The
rectified linear unit (ReLU) activation function was applied
in the hidden layers, and a dropout rate of 0.2 was set to
prevent overfitting. The output layer consists of a single
neuron with a sigmoid activation function, as drug-target
interaction prediction is a binary classification problem.
The mathematical formula for each layer is as follows:

0,=A(wxI,+b) (XXXVIIT)

where A is the activation function (either ReLU or
Sigmoid); I, and O, represent the input and output of the
n-th feature vector, respectively; w and b are the weight
vector and bias vector, respectively.

The output represents the probability of a drug-target
interaction, ensuring the result lies within (0,1). The
following binary cross-entropy was chosen as the loss
function to address the binary classification problem of
drug-target interactions:

C,(p,b,)= —[Pn log p, +(1- p, )log(1- , )J (XXXIX)

Lw.b) =36, (b £,) (XL)

where n represents the nth sample, N is the total
number of samples, p, is the empirical probability of a
positive interaction, 1-p, is the empirical probability of
a negative interaction, £ is the estimated probability of
a positive interaction, and Pu s the estimated probability
of a negative interaction. The loss function computed the
aé(ne(%%? }}’238 L(w, b) over all samples by averaging the loss
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Finally, we used backpropagation and the Adam
optimal learning algorithm with a learning rate of 0.001
to train the DNN-based DTI model. We set the number
of epochs to 100 and the batch size to 100. The gradient
update algorithm is given as follows:

0= w
=, (XLD)
0" =argminL(0) (XLII)
0’ ~0" =nvL(0"") (XLIIT)
aL(e’)
with VL(67) = o (a:fl)
ab

where frepresents the f-th iteration of the DNN training
process, 7 is the learning rate, and V denotes the gradient
operator.

To evaluate the model, we employed five-fold cross-
validation and used receiver operating characteristic
(ROC) curves for the binary classification problem.
The area under the ROC curve (AUC) is an important
evaluation metric, where a higher AUC value indicates a
better prediction of drug-target interaction. The formulas
for calculating the ROC curves and AUC are as follows:

TP
TPR (True Positive Rate) = ———— (XLIV)
TP +FN
TN
TNR (True Negative Rate) = (XLV)
FP+TN
FP
FPR(False Positive Rate) = (XLVI)
TN + FP
F
FNR (False Negative Rate) = _N (XLVTI)
EN +TP

where TP means the judgment is true and it is indeed
true; TN means the judgment is false and it is indeed false;
FP means the judgment is true, but it is actually false; FN
means the judgment is false, but it is actually true.

Utilizing predictions from the DNN-based DTI model,
we obtained three candidate molecular drugs for each key
biomarker, as shown in Table 1. These drugs were screened
based on some drug design specifications to identify
potential molecular targets for PDAC. In this study, we
considered pharmacological properties such as regulatory
ability, sensitivity, and toxicity as key design specifications,
and selected suitable candidate drugs from Table 1 based

on these criteria. Specifically, we assessed the regulatory
ability of drugs by referring to the LINCS L1000 level
5 dataset, which allowed us to identify drugs capable of
regulating gene expression to normal levels. A regulatory
ability value >0 indicates upregulation of gene expression,
while a value <0 suggests downregulation. We also selected
compounds with small absolute sensitivity values from the
Pharmaceutical Regulatory Information System (PRISM)
database to minimize interference with normal cells. Most
importantly, in considering drug toxicity, we used tools
from the ADMETIlab 2.0 website and focused on LC50
values. LC50 represents the concentration at which 50%
of organisms are lethally affected, and higher LC50 values
indicate lower toxicity. Therefore, we selected compounds
with higher LC50 values.

In conclusion, we followed three drug design
specifications — toxicity, regulatory ability, and sensitivity
— to screen potential molecular drugs for the biomarkers
of PDAC, ultimately identifying two potential molecular
drugs. These drugs were then combined into multi-target
therapy for treating PDAC, as shown in Table 2. Ultimately,
we successfully identified a suitable combination of
molecular drugs for the treatment of PDAC.

3. Results

3.1. Overview of the systems biology approach to
PDAC mechanisms and systematic drug repurposing
and design

In this study, a systems biology approach was employed to
investigate the carcinogenic mechanism of PDAC, utilizing
big data mining and genome-wide microarray data. This
approach led to the identification of crucial biomarkers of
PDAC carcinogenesis, which were subsequently targeted
for drug repurposing. A DNN-based DTI model was
trained using DTI databases to predict potential drugs
targeting these biomarkers. These molecular drugs were
designed based on drug design specifications and their
ability to restore the cellular functions of pancreatic
cancer cells. Finally, the selected molecular drugs were
considered as a multi-molecular therapeutic strategy
of PDAC. The flowchart outlining the systems biology
approach and drug repurposing process for PDAC is
depicted in Figure 1.

Initially, to understand the carcinogenic mechanisms
underlying PDAC and identify important biomarkers
for therapeutic targeting, candidate GWGENs were
constructed using a big database mining approach.
The following databases were used: starBase,” DIP'*
CircuitDB,*” BioGRID,? IntAct,'” HTRIdatabase,?* ITFP*
MINT,* TRANSFAC* and TargetScanHuman.”® The
candidate GWGENSs are represented as a Boolean matrix,
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Table 2. Filtering potential molecular drugs for pancreatic ductal adenocarcinoma based on three drug design specifications:
regulatory ability, sensitivity, and toxicity, derived from the candidate molecular drugs listed in Table 1

Target drug c-MYC (+) FOXO03 (+) TP53 (*) Sensitivity (PRISM) Toxicity (LC50, mol/kg)
MK-2206 1 0.772406631 5.561
Gemcitabine ! 4 2.417963872 2.381

Notes: v denotes drug-target interaction; | denotes downregulation of the biomarker by the molecular drug.
Abbreviations: FOXO3: Forkhead box O3; LC50: Lethal concentration 50%; PRISMA: Pharmaceutical Regulatory Information System; TP53: Tumor

suppressor p53.

where interactions between proteins and genes were
encoded as 1 (interaction) and 0 (no interaction). The
nodes in the GWGENSs include proteins, genes, miRNAs,
and IncRNAs.

Next, using systematic identification and order
detection methods, false positives were removed from the
candidate GWGENSs based on whole-genome microarray
data GSE183795, resulting in the construction of the real
GWGEN for both PDAC and healthy controls, as shown
in Figure S1. Although the number of nodes was reduced
after the false positives were filtered out from candidate
GWGEN:S, the real GWGENS for both PDAC and healthy
controls remained too complex for direct annotation using
KEGG pathway analysis. To simplify this, the number
of nodes in GWGENs was reduced to 6,000 using the
PNP method. The 6,000 significant nodes from the real
GWGENSs of PDAC and healthy controls were extracted,
forming the core GWGENSs for PDAC and healthy controls,
as depicted in Figure S2.

For KEGG pathway enrichment analysis to interpret
the carcinogenic mechanisms of PDAC, the DAVID
functional annotation tool was employed, supported by
references from PDAC-related literature. Based on the
KEGG pathway annotations, core signaling pathways for
PDAC and healthy controls were established, allowing
the investigation of the mechanisms involved in PDAC
carcinogenesis, as illustrated in Figure 2.

Based on these core signaling pathways, key biomarkers
of PDAC carcinogenesis were identified as potential drug
targets, which were implicated in downstream cellular
dysfunctions associated with PDAC. Using the DNN-based
DTI model trained with data from the DTI databases, the
systematic drug repurposing and design process for PDAC
therapy was carried out, as shown in Figure 3. The DTI
databases served as the training set for the DNN model,
which predicted candidate molecular drugs for PDAC drug
targets. These candidate drugs were screened according to
drug design specifications, including regulatory ability,
sensitivity, and toxicity, to identify a suitable combination
of molecular drugs for PDAC treatment.

3.2. Core signaling pathways of carcinogenic
mechanisms of PDAC

Tumors are more likely to accelerate their development in
an appropriate microenvironment. The microenvironment
of PDAC involves complex interactions between tissues,
blood vessels, immune cells, cytokines, and other molecules
surrounding pancreatic cancer cells.* The characteristics
of this microenvironment include fibrosis, immune cell
infiltration, angiogenesis, and the presence of various
cytokines and growth factors.***! To identify relevant
signaling pathways based on their cellular functions,
we consulted existing research literature. Key pathways
involved in pancreatic fibrosis include transforming growth
factor 3, Wnt, and phosphoinositide 3-kinase (PI3K)-
protein kinase B (AKT) signaling pathways.*? Pathways
associated with immune cell infiltration include Janus
kinase-signal transducer and activator of transcription
(STAT) pathway, PI3K-AKT, and mammalian target of
rapamycin (mTOR) signaling pathways.” Additionally,
the mitogen-activated protein kinase, PI3K-AKT, and
mTOR signaling pathways have been implicated in the
creation of new blood vessels (angiogenesis).** These six
signaling pathways provide a comprehensive framework
for investigating the oncogenic mechanisms of PDAC.

Through KEGG enrichment pathway analysis and
annotation of the core GWGENs of PDAC and healthy
controls, we identified the core signaling pathways involved
in PDAC carcinogenesis, as shown in Figure 2. By examining
the core signaling pathways and their downstream target
genes, we explored the carcinogenic mechanisms of PDAC
and identified key biomarkers as drug targets. This approach
ultimately aided in the discovery of multi-molecular drugs
for the treatment of PDAC.

3.3. Core signaling pathways in healthy controls

In healthy controls, the core signaling pathways primarily
include PI3K-AKT, TP53, and interleukin 17 (IL-17)
signaling pathways. The TP53 pathway plays a crucial role
in regulating the cell cycle by modulating the expression
and activity of genes such as p21, CDK4/6, CDK2, BAX,
E2F, and MUVB. These interactions influence -cell

Volume 4 Issue 1 (2025)

60

doi: 10.36922/td.4709


https://dx.doi.org/10.36922/td.4709

Tumor Discovery

Drug repurposing for pancreatic cancer via Al

proliferation and survival. The IL-17 signaling pathway
involves proteins such as activator protein 1 (AP-1)
and tumor necrosis factor receptor-associated factor 6
(TRAF6), which work together to regulate the expression
of downstream genes. Additionally, tumor necrosis factor
a (TNF-a) is a key cytokine involved in immune responses
and inflammation regulation. Signaling through the IL-17
pathway often triggers the production of TNFa, thereby
impacting the inflammatory responses. The activation of
the IL-17 signaling pathway is regulated by genes including
IL17B, IL17RB, TRAF6, AP-1, and TNFa.

Through KEGG pathway enrichment analysis and
annotation of the core GWGENSs for both PDAC and
healthy controls, as shown in Figure 2, we obtained the
core signaling pathways and their downstream target
genes. This analysis provides a deeper understanding of
the carcinogenic mechanisms of PDAC. By comparing
the core signaling pathways and their downstream target
genes between PDAC and healthy controls, we identified
significant biomarkers as drug targets, thus facilitating
the discovery of more effective multi-molecular drugs for
treating PDAC. Furthermore, recent studies have suggested
that miRNAs may be the answer to cancer treatment. Based
on the core GWGENSs of healthy controls, we identified
miRNA LET-7C. According to recent research, miRNA
LET-7C regulates key genes such as Ras, STAT1/3, and
c-MYC in the core signaling pathways of PDAC.*

3.4. Selection of drug targets by investigating

the pathogenesis of PDAC and systematic drug
repurposing via deep neural network-based drug-
target interactions model

Based on the core signaling pathways of PDAC patients and
the abnormal downstream cellular dysfunctions compared
with the healthy controls in Figure 2, we selected key
biomarkers, such as ¢-MYC, FOXO3, and TP53, as drug
targets. Our aim is to identify potential multi-molecular
drugs that could restore the abnormal expression of these
key biomarkers to normal levels for the treatment of PDAC.

c-MYC, a TF located downstream of the MAPK
signaling pathway, is important in regulating cell growth,
proliferation, and apoptosis.*® Research indicates that
overexpression of c-MYC is strongly associated with the
development of PDAC and plays a significant role in its early
transformation.” Excessive activation of c-MYC promotes
the proliferation of PDAC cells, thereby accelerating
tumor growth.* Moreover, ¢-MYC inhibits apoptosis
in PDAC cells, further enhancing tumor progression.*
Thus, downregulating c-MYC can effectively inhibit
PDAC cell proliferation and survival, offering therapeutic
potential.®® Additionally, ¢-MYC contributes to PDAC

resistance to chemotherapy. Research has demonstrated
that overexpression of MYC enhances the resistance of
PDAC cells to chemotherapy,’ thereby reducing treatment
efficacy. By regulating c-MYC to restore cellular function,
the sensitivity of PDAC cells to existing treatments can be
enhanced, thereby improving therapeutic outcomes.

Forkhead box O3 is a TF that plays a crucial role in
regulating cell proliferation, apoptosis, and metabolism.> It
has been shown to significantly involve in the development
and progression of PDAC.” Dysregulation of FOXO3 is
closely linked to the onset and progression of PDAC, with
its expression in PDAC being much higher than in normal
tissues, although the precise mechanism remains unclear.**
Scholars speculate that FOXO3 may be upregulated or
degraded in cancer tissues,leading to itsaccumulation in the
nucleus and increased expression levels. In normal tissues,
FOXO3 is transcribed at low levels and rapidly degraded.”
In our study, FOXO3 regulates several target genes, and
our goal is to restore FOXO3 to normal expression levels
to mitigate downstream cellular dysfunction.

The TP53 gene encodes the tumor suppressor protein
p53, one of the most commonly mutated genes in PDAC.
TP53 regulates the expression of many genes involved in
cell cycle control, apoptosis, and senescence, as well as
influencing the immune microenvironment of PDAC.
Inactivation of the TP53 gene disrupts these processes,
leading to altered immune responses.® Research indicates
that the loss of TP53 expression allows cells harboring
the KRASGI2D mutation to survive, promoting tumor
formation and metastasis.”” Our goal is to restore cellular
function to normal by targeting mutated TP53, thereby
achieving therapeutic effects.

After selecting these important biomarkers of PDAC
carcinogenesis as potential drug targets, we obtained DTI
data from databases such as KEGG,” BIDD,*” UniProt,*”
DrugBank,* PubChem,* ChEMBL,* and STITCH.? Using
these data, we trained a DNN-based DTI model to predict
molecular drugs for these targets. The training dataset
consists of 180,315 drug-target interactions, including
80,291 experimentally verified drug-target interactions
and 100,024 unverified interactions. To address the
potential imbalance between the two categories in the
training dataset, we randomly selected an equal number
of drug-target interactions from each database. Before
training the DNN-DTI model, the interaction data were
transformed and standardized, followed by dimensionality
reduction using PCA, which reduced the transformed
features from 1,359 to 996. This step is necessary to
match the input layer dimensions of the model. As shown
in Figure 3, the input layer of the DNN-DTI model
consists of 996 nodes, followed by four hidden layers of
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512, 256, 128, and 64 nodes, respectively, each using the
ReLU activation function. The output layer consists of a
single node with sigmoid activation function. To prevent
overfitting during training, we added a dropout layer.
After training the DNN-DTI model to predict candidate
molecular drugs for these drug targets, we evaluated the
model’s learning effectiveness. Figures S3 and S4 show the
accuracy and loss during the training process, respectively.
The five-fold cross-validation was employed to assess the
model’s performance, achieving an average accuracy of
98.3% and a standard deviation of 0.138%, as shown in
Table S1. Additionally, the AUC was used to evaluate the
model’s classification performance, as shown in Figure S5.
An AUC of 0.5 represents random guessing, while an AUC
of 1 indicates perfect classification. The DNN-DTI model
achieved an AUC of 0.980, indicating that its predictive
ability is much superior to random guessing and close to
perfect classification. This highly efficient DNN-based DTI
model enables us to accurately predict the probability of
interactions between drugs and the selected biomarkers.

To identify suitable potential drugs, we considered
three drug design specifications to ensure the rationality
and effectiveness of the candidate multi-molecular drugs
predicted by the DNN-DTI model. These specifications
include regulatory ability, sensitivity, and toxicity, among
other pharmacological properties. The regulatory ability
of the drugs was assessed using the LINCS L1000 level 5
dataset, guiding the selection of drugs that could restore
key biomarkers to their normal expression levels.”®
A regulatory ability value >0 indicates an increase in
gene expression, while a value <0 indicates a decrease.
Additionally, the sensitivity of the drugs was assessed using
the PRISM dataset,”® and we selected drugs with small
absolute sensitivity values to avoid excessive chemical
perturbation from potential drugs. Finally, we evaluated
the drug toxicity using tools from the ADMETlab 2.0
website, which calculates LC50.° A higher LC50 value
indicates lower toxicity, which helps avoid life-threatening
from low drug doses. Table 1 presents the candidate
molecular drugs predicted by the DNN-DTI model for the
selected biomarkers, listing their relevant pharmacological
properties, such as regulatory ability, sensitivity, and
toxicity. Based on these drug design specifications, we
selected two potential molecular drugs, MK-2206 and
gemcitabine, which have adequate regulatory ability,
normal sensitivity (small absolute value), and weaker
toxicity, as shown in Table 2. These drugs were combined
into a multi-molecular therapeutic strategy for PDAC.

4, Discussion

Currently, treatment options for exocrine ductal
adenocarcinoma, also known as PDAC, include surgical

resection, radiotherapy, chemotherapy, immunotherapy,
and targeted therapy. However, not all patients are suitable
candidates for surgery, and standard chemotherapy
regimens may be ineffective due to the complex interactions
between healthy pancreatic cells, cancer cells, and the
tumor microenvironment, leading to drug resistance and
suboptimal therapeutic outcomes. Therefore, there is a
pressing need to explore new treatment approaches.

Given the substantial financial costs and time required
for the discovery of new drugs, repurposing existing drugs
for new therapeutic indications has become an attractive
alternative. Drug repurposing involves identifying new
uses for already-approved drugs beyond their original
medical indications."”

In this study, we employed database mining and
genome-wide microarray data from PDAC and healthy
controls, utilizing systems biology approaches to identify
their core GWGENs. These networks were annotated
using the KEGG database to establish the core signaling
pathways of PDAC and the associated downstream cellular
dysfunctions, as shown in Figure 2. After investigating
the oncogenic mechanisms of PDAC and identifying key
biomarkers suitable for drug targeting, we trained a DNN-
based DTI model using data from DTT databases to predict
the probability of interaction between these biomarkers
and candidate molecular drugs. The model was validated
using five-fold cross-validation, as shown in Table S1, and
the drug repurposing flowchart is presented in Figure 3.
We subsequently screened potential drugs as a multi-
molecular therapy based on drug design specifications,
focusing on sensitivity, toxicity, and regulatory capability.
Ultimately, we predicted a combination of potential
molecular drugs, MK-2206 and gemcitabine, to modulate
the overexpression of c-MYC and FOXO3, as well as the
mutation of TP53, as shown in Table 2.

Gemcitabine is one of the most widely used treatments
for PDAC. As a deoxycytidine nucleoside analog," it
inhibits DNA chain elongation by phosphorylation after
entering the cells, leading to cell apoptosis and death.
However, the therapeutic effect of gemcitabine is limited
by its unstable metabolism and the potential for drug
resistance.®’ As a result, it is often used in combination
with other drugs, such as Fluorouracil and paclitaxel,*>*
to enhance treatment efficacy. Studies have pointed out
that gemcitabine can induce the activation of mutated
P53, leading to cancer cell death,* as the drug causes the
accumulation of Bax downstream of TP53, which induces
apoptosis.®*® In our research, we referenced the LINCS
L1000 level 5 dataset and found that gemcitabine can reduce
the expression c-MYC.®” However, the high expression of
¢-MYC may induce resistance to gemcitabine.®® Therefore,
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Table 3. Overview of potential multi-molecular drugs screened for pancreatic ductal adenocarcinoma treatment based on three
drug design specifications using a systematic drug discovery approach

Target drug c-MYC FOXO03 TP53 Sensitivity (PRISM) Toxicity (LC50, mol/kg)
MK-2206 . 0.772406631 5.561
Gemcitabine . . 2.417963872 2.381
MK-2206 Gemcitabine

NH,

C
HO | N
(6]

F

OH F

Note: « Denotes drug targeting on the corresponding biomarker.

Abbreviations: FOXO3: Forkhead box O3; LC50: Lethal concentration 50%; PRISMA: Pharmaceutical Regulatory Information System; TP53: Tumor

suppressor p53.

we selected gemcitabine as a potential drug for further
evaluation.

MK-2206 is an AKT inhibitor. Abnormal activation of
the PI3K/AKT signaling pathway affects cell metabolism
and survival, cell cycle progression, apoptosis regulation,
protein synthesis, and genome instability.** Since the PI3K/
AKT pathway is frequently dysregulated in many cancers,
MK-2206 inhibits AKT and downregulates FOXO3,*”!
thereby exhibiting anti-tumor activity and increasing cancer
cell sensitivity to chemotherapy and radiotherapy. MK-2206
is often used in combination with other chemotherapy
drugs to improve therapeutic efficacy.”> Current studies
show that MK-2206 is well tolerated and can effectively
block AKT signaling,” making it a promising candidate for
repurposing as a potential drug for PDAC treatment.

However, this study has several limitations. First,
the analysis was based on GSE183795 microarray data,
and the quality and completeness of this dataset directly
influence the accuracy of the results. If the dataset contains
significant noise orincomplete data, it maylead to erroneous
conclusions. Second, the findings of this study are primarily
based on mathematical modeling and bioinformatics
analysis, and lack direct experimental validation.
Predictions made without experimental confirmation may
face challenges in practical application, highlighting the
need for further laboratory experiments to confirm the
results. While there is limited experimental research on
the combination treatment of MK-2206 and gemcitabine,
existing studies suggest that this combination may be
effective.’”> Additionally, although our study predicts
multi-drug combination, the actual pharmacodynamic
interactions and effects of this combination need to be
verified through in vivo and in vitro experiments. It is also

important to consider potential synergistic or antagonistic
effects between the drugs, which may not have been fully
captured in the model predictions.

These limitations should be addressed in future
research to enhance the reliability and applicability of drug
repurposing strategies in PDAC treatment.

5. Conclusion

In this research, we employed a systems biology approach
to construct candidate GWGENs by mining large-scale
databases. We then applied system identification and order
detection methods to eliminate false positive interactions
within candidate GWGENS, thereby generating the real
GWGENSs for PDAC and healthy controls. Using the
principal network projection method, we extracted the core
GWGEN:Ss for both PDAC and healthy controls. To elucidate
the oncogenic mechanisms of PDAC, we annotated the core
GWGENSs with KEGG pathways to identify core signaling
pathways in PDAC and healthy controls. By comparing the
core signal pathways between PDAC and healthy controls,
we investigated the association between these pathways and
downstream cellular dysfunctions in PDAC, identifying
key biomarkers involved in the carcinogenesis of PDAC as
potential drug targets. With these drug targets, we utilized
a DNN-based DTI model to predict the probability of
interaction between the drugs and their targets. Based on
the drug’s regulatory ability, sensitivity, and toxicity, we
selected a potential multi-molecular drug combination.
Ultimately, we identified MK-2206 and gemcitabine as a
promising combination for PDAC treatment, targeting
significant biomarkers such as c-MYC, FOXO3, and TP53,
as shown in Table 3. While the Drug Interaction Checker
suggests that there is no known interaction between these
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two drugs, their interaction in clinical treatment for PDAC
still requires further clinical and experimental verification.

Conclusion

In conclusion, we integrated systems biology methods
with deep learning techniques to systematically repurpose
existingdrugs for PDACtherapy. By utilizing systemsbiology
to identify drug targets through large-scale databases and
genome-wide microarray data from both PDAC and non-
PDAC samples, and applying deep learning for the DTI
model to identify potential molecular drugs based on three
drug design specifications, we have developed a systematic
approach to accelerate drug development for PDAC. We
hope that this drug repurposing strategy can be applied to
other diseases in the future, further advancing the field of
systems drug development.
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