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ABSTRACT

Background: The in silico analyses provide evidence supporting the potential of methylation-driven differentially
expressed genes as therapeutic targets across cancer types. This leads us to identify novel targets and their
associated drug compounds for further progress towards pancreatic cancer treatment.

Objective: To identify targeted drugs based on methylation driven genes identified using bulk multi-omics data
and single-cell level data to pinpoint important disease markers.

Methods: The workflow involves screening using the TCGA and ICGC databases, followed by validation with GEO
datasets. The study employs supervised learning algorithms like kNN and random forests, and constructs a
prediction model using adaptive LASSO-Cox regression. The process also includes pathway analysis, evaluation
of survival status, and immune profile deconvolution, as well as multistage evaluation of the methylation driven
genes. We conducted drug targeting and molecular dynamic simulations, taking into account genes of interest.
Lastly, molecular docking and dynamics simulations were used to find out if the key MEDEGs could be utilized as
drug targets.

Results: CD36, UGT1A1, TFF1, S100P, MUC13, CALHM3 and ANKRD44 were found to be top 7 methylation
driven genes. The mutational profile was also documented along with pathway analysis, which showed
concordance with our observation based on their significant enriched terms namely “Maintenance of Gastroin-
testinal Epithelium”, and “Digestive System Homeostasis”. CD36 had prognostic capabilities and was seen to
significant in terms of survival and also showed significant immune dysregulation. Our novel findings suggest
TFF1, S100P, and MUC13 were found to be associated with cell type specific expression as seen in single cell data
and UGT1A1 was found to be suitable for probable drug targeting. CD36, UGT1A1, TFF1, S100P, and MUC13
showed concordance when observed at proteomics level and across other datasets. Apigenin-7-O-glucuronide
emerged as the top binder for UDP-glucuronosyltransferase 1A1 (also known as UDP 1A1), forming stable
complexes with favourable interactions. Catechin and epicatechin were identified as the best ligands for TFF1
and S100P, while rutin showed high-affinity binding to MUC13.

Conclusion: The study successfully identified and validated a panel of biomarkers specific to pancreatic cancer,
with potential applications in early diagnosis and treatment. The findings highlight the importance of multi-
omics data integration in cancer research and the potential of personalized medicine in improving patient
outcomes. The in-silico drug targeting analysis provides a foundation for the development of novel drugs for
PanCa treatment. Hence TFF1, SI00P, MUC13, and UGT1A1 showcased themselves as most promising bio-
markers and novel drug targets.
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1. Introduction

Pancreatic cancer (PanCa) is a devastating disease with a low overall
survival rate at advanced stages, necessitating the prompt development
of new and effective treatment options. While pancreatic cancer is the
12th most common cancer worldwide, it remains one of the most
aggressive cancers with very poor prognosis and increasing incidence
[1]. Researchers are evaluating epigenetic aberration of signalling
pathway-enriched genes as a potential new therapeutic target, in addi-
tion to genetic abnormalities. The mechanisms underlying DNA
methylation and their potential application in the development of drugs
in PanCa are being investigated. Combinations of epigenetic medica-
tions with traditional cytotoxic therapies or targeted therapy show
promise in improving PanCa patients’ poor response and survival rate
[2,3]. The most prominent epigenetic alteration is DNA methylation,
and abnormal DNA methylation patterns are known to be a prevalent
characteristic of human tumors. Epigenetic modifications are important
in the multistage carcinogenesis of the pancreas, which begins with
precancerous lesions and progresses to pancreatic ductal adenocarci-
noma (PDAC) [4,5].

Due to its complex involvement in tumor biology, CD36 has been a
popular therapeutic target in cancer research in recent years. CD36 also
facilitates communication between different cell types within the tumor
microenvironment [6]. According to research by Spanish scientists
Gloria Pascual et al., CD36 is presently the first marker of metastatic
specificity and is frequently associated with metastatic cells. Jia and
colleagues observed a substantial difference in CD36 expression be-
tween pancreatic cancer and comparable non-tumor normal tissues by
evaluating the chip results of database GSE16515. In this work, the
expression of CD36 in pancreatic cancer cells and tissues is much lower
than that in equivalent non-tumor normal tissues, as demonstrated by
Western blot and immunohistochemistry [7].

A persistent secretory protein called Trefoil Factor 1 (TFF1) is widely
expressed in the mucosa of the gastrointestinal tract and is also present
in pancreatic ductal adenocarcinoma (PDAC). According to in vivo
research, overexpressing TFF1 in PDAC cells significantly boosted
metastasis but had no effect on the growth of the original tumor. The
current findings show that TFF1 promotes metastasis and affects stellate
cells as well as PDAC cells [8]. Although its exact roles are unknown,
MUC13 is a transmembrane mucin glycoprotein that is overproduced by
numerous malignancies. In response to TNF and DNA-damaging chem-
icals, MUC13 amplifies NF-kB signalling and offers a novel molecular
target for the targeted suppression of NF-kB activation. As a proof of
concept, MUC13 silencing made colorectal cancer cells more susceptible
to cytotoxic drugs and inflammatory signals, eliminated the enrichment
of CD133 (CD44 cancer stem cells brought on by chemotherapy,
slowed the growth of xenografts in mice, and worked in concert with
5-fluourouracil to induce tumor regression. These findings suggest that
treating metastatic malignancies with a combination of chemotherapy
and MUC13 antagonists may be more effective [9]. SIOOP was discov-
ered by Schmid et al. to be a transcriptional target gene of MACCI [10].
The expression of S100P raises the in vitro and in vivo metastatic po-
tential of colorectal cancer (CRC) cells and functions as a predictive
indicator for the metastasis-free survival of CRC patients. This highlights
the need for new therapeutic approaches that specifically target S100P
[10]. There aren’t many relevant studies on the UGT1A1 gene family as
possible prognostic biomarkers or therapeutic targets in PanCa. Ac-
cording to a study, the UGT1A1 gene family is crucial for treating
modified FOLFIRINOX and enhancing PanCa patients’ long-term sur-
vival. These findings imply that among PanCa patients, the UGT1AI may
be a useful predictive target [11].

Choosing the right machine learning algorithm (MLA) techniques is
essential for creating realistic risk prediction models. Deep learning (DL)
techniques in particular, which operate on big and noisy sequential
datasets, are particularly useful. In our study we aim to identify and
validate a panel of biomarkers specific for pancreatic cancer with proven
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presence in progression model starting across from precancerous lesions
to pancreatic cancer. In this quest we adapted a pipeline that utilizes a
multi-stage, data-driven approach to identify, validate, and functionally
characterize MEDEGs in pancreatic cancer using computational
modelling and drug discovery. The methodology starts with the acqui-
sition of data and signature identification, where TCGA data sets are
scrutinized, and findings are confirmed across other PanCa GEO and
ICGC cohorts to achieve robustness. Predictive modelling and super-
vised learning strengthen machine learning classifier analysis (kNN, RF)
and Adaptive LASSO-Cox regression to connect methylation patterns
with survival outcomes. Functional analysis and cross-validation
improve reliability by comparing tissue specificity, mutation land-
scapes, protein signatures, and Pan-Cancer profiles to external data-
bases. GO, KEGG, and GSEA pathway and enrichment analysis illustrate
the biological significance of MEDEGs, facilitated by multi-omics inte-
gration with LinkedOmics. scRNA-seq validation provides accurate
verification of critical gene signatures, ensuring clinical relevance. Drug
targeting and virtual screening finally employ homology modelling,
molecular docking, and molecular dynamics simulations to identify
potential therapeutic ligands, improving interactions through
pharmacogenomics-based screening. This structured, tiered approach
ensures a comprehensive and intensive exploration of pancreatic cancer
biomarkers, bridging discovery with translational relevance.

2. Methodology
2.1. Study cohort

Initial screening and identification of signatures was done using
TCGA pancreatic cancer database (RNA-Seq expression and Meth Array
450K Data). The validation cohorts used for downstream evaluation
consisted of ICGC-PaCa data (Meth Array Data) along with 7 other GEO
datasets namely GSE74071, GSE49149, GSE183795, GSE28735,
GSE15471, GSE211398, and PRJCA001063. The details of the datasets
are in supplementary information section.

2.2. Signatures of interest mapping considering methylation driven
differentially expressed genes

Initial identification of signatures having significant footfall in both
methylation and expression was done using pancreatic cancer data
extracted from TCGA-PAAD (RNA-Seq expression and Meth Array 450K
Data). The amalgamated signature list was obtained considering
Adjusted p value < 0.05 and log2FC| > 2. Then, the CpG sites corre-
sponding to this methylation-driven differentially expressed genes were
selected. Such differentially methylated positions (DMPs) have a sig-
nificant negative correlation and adj. P value < 0.05, which were
thought to deeply influence the expression of corresponding Differen-
tially methylated genes (DMGs).

2.3. Methylation data processing for supervised learning algorithms

We consider two types of supervised models based on their merits
and demerits followed by their nature towards data (parametric and
non-parametric). The kNN classifier and the RF classifier both are used
simultaneously using same datasets prior to which the test data variance
has been checked [12]. The ICGC and TCGA datasets both were used
here following a standard testing/K validation/training process along
with a fold simulation for data refinement and accuracy. Standard py-
thon packages were used which includes Anaconda, SciKit Learn,
Pandas, Numpy, matploit.lib and Seaborne for visualization.

2.4. Prediction model constructed using adaptive LASSO-Cox regression
model

The construction of methylation driven differentially expressed
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genes-based nomogram consists of multiple steps. The process was
initiated with univariate Cox regression analysis that identified an as-
sociation between the methylation level of each signature and the pa-
tient’s overall survival (OS) in our scaled cohort (p < 0.05). Those sites
with P-values less than 0.05 were identified as prognosis-related DMSs.
Then, the Adaptive LASSO Regression method was implemented to
identify the prognosis associated with signatures, and concurrently, a
prime model was obtained. Calibration plots were plotted to compare
the observed and predicted probabilities for the nomogram. The signa-
ture with coefficient C-index 6 0 were labelled as significant variables,
which led to the establishment of a risk-scoring model using the com-
bination of weighted methylation values [13,14]. The risk scores were
calculated as shown in the mathematical model attached.

The mean risk score value was used as the cut-off score for splitting
patients into low-risk (risk score below the mean value) or high-risk (risk
score above the mean value) groups correspondingly. We then con-
structed a risk score-based nomogram, which included the risk score and
the relevant parameters of patients evaluated by multivariate Cox
proportional-hazards regression. It was used to evaluate the indepen-
dent prognostic value of the signature after adjusting for age, sex, and
stage alongside predicting the OS (1-, and 2- years) in the TCGA-PAAD
cohort.

2.5. Cross-validation of methylation-driven differentially expressed genes

Tissue specificity of selected signatures was done by comparing with
normal pancreas tissue and other tissue types. The data were taken from
GTEx V8 dataset [15]. The Pan-Cancer profile was developed to high-
light the role of selected MEDEGs in pancreas tissue by use of TIMER 2.0
[16]. Protein level data was also obtained from the CPTAC database for
highlighting downstream protein level signature role in the tissue of
pancreas origin. Finally, the profiles of selected CpG were compared
with profiles obtained from other PanCa databases taken from the GEO
database for global profiling purposes, irrespective of demography and
ethnicity. Mutational landscape profiling was done using Cbioportal and
CCLE database was checked for damaging mutations and copy number
absolute changes. Multi stage analysis was also done targeting gene
expression specific to expression sub types [17,18].

2.6. Pathway analysis of methylation-driven differentially expressed
genes

Functional characterization of top signatures was done to obtain
enriched gene ontology (GO) and its associated pathways concerning
protein-protein interactions. The criterion for significant enrichment
was based on the Benjamini-Hochberg adjustment (p < 0.05). SHINY GO
was used to obtain a functional characterization in the context of their
role in other associated molecular processes and cellular functions along
with biological processes [19]. LinkedOmics is a highly effective pub-
licly accessible portal that contains multi-omics data from all 32 TCGA
cancer types. LinkedOmics submodules such as LinkFinder (for gene
association) and LinkInterpreter (for enrichment analysis) were used to
investigate the genes that showed disparities in association with in
PanCa. RNA-seq datasets with 178 sample sizes were selected from the
UNC Institute’s module and analyzed using Pearson correlation co-
efficients before being characterized in volcano plots. Genes with posi-
tive or negative correlations were screened using the p-value (p < 0.01).
The co-expressed genes were used for gene enrichment analysis with the
Gene set Enrichment Analysis (GSEA) database and the KEGG Pathways
plugin. The parameters for enrichment analysis were the lowest number
of IDs in the 25 categories, the lowest and highest number of IDs in the
categories were 3 and 2000, respectively, the top 25 significance levels,
and 500 permutations [20].
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2.7. ScRNA data-based screening of methylation-regulated differentially
expressed genes

Utilizing the scRNA-seq data from the PRIJCA001063 dataset in the
Genome Sequence Archive, which includes 24 untreated PDAC tumor
samples and 11 control pancreases, we aimed to validate our previous
findings on UGTI1A1, CD36, TFF1, S100P, MUC13, CLAHM3 and
ANKRD44 as potential PDAC markers. The Seurat object was generated
for UMAP visualization targeting cellular clusters [21].

2.8. Methylation-driven differentially expressed genes targeted drug
interaction

Homology modelling was done concerning the targeted signatures
followed by screening against 148 candidate ligand molecules finally
leading to molecular dynamic simulations [22]. The details of the pro-
cess and step wise precision inputs are given in the supplementary in-
formation section. Drug prediction on candidate ligands were also done
using pharmacogenomics database Genomics of Drug Sensitivity in
Cancer (GDSC) [23].

2.9. Virtual screening of potential ligands

Virtual screening of potential ligands was performed against the
selected target proteins (UDP1A1, TFF1, S100P, and MUC13) using the
Schrodinger computational suite. Homology models of the target pro-
teins were generated with the SWISS-MODEL server, and the quality of
the models was assessed using the QMEAN scoring function [24]. The
target protein structures were prepared for docking using the Protein
Preparation Wizard in Maestro. A library of 148 candidate ligand mol-
ecules from the PubChem database underwent LigPrep and Epik pro-
cessing to generate biologically relevant structures. Docking was carried
out using the Glide Virtual Screening Workflow, which included
High-Throughput Virtual Screening (HTVS), Standard Precision (SP),
and Extra Precision (XP) docking modes. The top-ranked protein-ligand
complexes were further subjected to 100 ns of molecular dynamics (MD)
simulation using the NAMD program to assess their stability and dy-
namics [25,26]. Detailed descriptions of the homology modelling, en-
ergy minimization, molecular docking, and MD simulation detailed
protocols are provided in the Supplementary Information section.

3. Results

3.1. Identification of methylation-regulated differentially expressed genes
in PAAD

The workflow of the entire study for the identification of
Methylation-regulated Differentially Expressed Genes is presented in
Fig. 1. We initially performed differential expression analysis and dif-
ferential methylation analysis to select DEGs and DMGs between PAAD
and adjacent normal pancreatic tissue in the TCGA-PAAD dataset. With
cut-off criteria of FDR  0.05 and |log2FC| > 2.0, a total of 120 DEGs and
181 DMPs were identified. The DEGs and DMGs gene lists obtained were
compared using FDR  0.05 to generate 69 gene lists, which were found
to be common in both lists, therefore showcasing the genes as
methylation-regulated differently expressed genes (Fig. 2A).

3.2. Calibration and clinical application of Lasso-Cox regression

First, the correlation between each DMS’s methylation level and the
patient’s overall survival (OS) in the training cohort was determined
using univariate Cox regression analysis (Fig. 2 B). Sites associated to
prognosis were identified as MEDEGs with p-values less than 0.05. In
this case, log(\) equals 1.275 (Fig. 2C). This indicates that the estimated
hazard ratio of the covariates in your model is roughly el.275, or
3.5787. Since the hazard ratio is higher than 1, there is a greater chance
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WORKFLOW

TCGARNASeq (179Tvs7N) | €2 | TCGA 450K Meth Array (9T vs 9N)

Based on adj P. value <0.05 ‘

Clinical Model (Grade, T stage, N and M stage,
residual tumor, stlllrvival days and status)

Supervised Learning

| Nomogram (lﬁlnivariate + AL + RS) ‘

Random Forest (ICGC + TCGA) KNN (ICGC + TCGA)
Train: ICGC Methylation data Train: ICGC Methylation data Top CpG (cg02643667, cg02965295, cg03607648, cg04804772,
K fold Validation: 10 fold K fold Validation: 10 fold €g06196689, cg06601993., ¢g07210669, cg14323984)
Test: TCGA Methylation data Test: TCGA Methylation data
Data split 80:20 Data split 80:20

ScRNA seq | | MD simulation/ docking

v v v v v

CPTAC (Protein PanCancer ‘ | Immune Profile ‘ GEO datasets (Expression/ I GTExX Normal pancreas ‘ Pathway Analysis
Expression) Meth Array) (Shiny GO)

Fig. 1. Detailed workflow of the study to establish methylation driven differentially expressed genes as potential pancreatic cancer diagnostic biomarkers.
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Fig. 2. Clinical model development for identification of prognostic biomarkers (A) Joint distribution of 69 genes based on their regulation pattern using log fold
change as axis (B) Cumulative KM estimate using Univariate Cox regression considering TCGA PAAD patient profiles (C) Lambda parameter estimation prior to doing
Adaptive LASSO (D)Kaplan-Meier survival analysis post splitting the TCGA patient pool into high and low risk using risk score generated using methylation value as
mean point (E) The figure show each variable along with its associated Hazard Ratio (HR) and p-value. CLI_pathologic_stage: Higher stages are typically associated
with worse outcomes. If the HR is significantly >1, it confirms this expectation. CLI_pathology_T stage, CLI_pathology N _stage: These are components of the TNM
staging system. Higher T and N stages usually indicate more advanced disease and worse prognosis. CLI_gender: This shows if there’s a significant difference in
outcomes between genders. CLI histological_type: Different histological types may have different prognoses. CLI race: This indicates if there are significant differ-
ences in outcomes among different racial groups. (F) The top 8 CpGs obtained from Nomogram along with HR and P value is showcased. P < 0.05 is typically
considered statistically significant.

that the event (CLI Death) will occur (Fig. 2D). shows a decent trade-off between goodness of fit and model complexity,

To summarize, the degree of regularization performed in the Cox with some coefficients perhaps being reduced to zero for variable se-

regression model is reflected in the optimal lambda value of 0.6999. It lection. Heatmap depicting the outcome is shown in Supplementary
4
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Fig. 1A. A nomogram was created for the TCGA-PAAD cohort to predict
the 1- and 2-year OS, taking into account the clinical risk factors and risk
score of PAAD patients as assessed by multivariate Cox proportional-
hazards regression (Fig. 2E) (Supplementary Fig. 1B). This was done
in order to convert the prognostic value of the Methylation-regulated
Differentially Expressed Genes- (MeDEG) based signature into a clin-
ical application. The concordance index (C-index), a measure of
discrimination, was computed to assess the nomogram’s discriminatory
power. To compare the observed and anticipated probabilities for the
nomogram, calibration plots were created.

To find the DNA methylation sites connected to CLI vital status,
LASSO regression was used. The accuracy of the model was 0.5676. The
LASSO algorithm identified the following DNA methylation sites:
cg09060908, ¢g20340346, cg26683025, cg02965295. An Adaptive
LASSO technique was used to further refine the model, selecting 8 var-
iables and eliminating the remaining 125. c¢g02643667, cg02965295,
cg03607648, cg04804772, cg06196689, cg06601993, cg07210669,
and cg14323984 are the DNA methylation sites that were chosen
(Fig. 2F) (Supplementary Table 1). At 1.0, the Adaptive LASSO model’s
accuracy was flawless. This suggests that the model has a strong pre-
diction ability and offers insightful information about the connection
between DNA methylation patterns and CLI_vital_status.

3.3. Implementation of supervised learning algorithms using methylation-
regulated differentially expressed genes

We utilized the initially identified 27 MEDEGs and their
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corresponding probes and mapped them against the entire sample pool
obtained from the TCGA and ICGC PanCa methylation database
(Supplementary Table 2). With a precision of 0.815, or positive pre-
dictive value, 81.5 % of the cases reported as having PanCa were
accurately classified as positive cases. In practical terms, this means that
the model predicts good outcomes, such the identification of PanCa,
with an accuracy rate of approximately 81.5 %. Recall, which is 0.788, is
often referred to as sensitivity or true positive rate. This indicates that
78.8 % of all real positive instances of PanCa were successfully identified
and gathered by our model (Fig. 3A and B). This figure illustrates how
well the classifier can detect pancreatic cancer cases, indicating that it is
sensitive to the disease’s presence (Fig. 3C). The harmonic mean of
recall and precision, called the Fl-score, is 0.8012. This advanced
ensemble learning algorithm shown significant utility for our intricate
multi-omics dataset, adeptly handling the high-dimensional character-
istics of methylation and expression data that often complicate tradi-
tional classification techniques. This suggests a performance that strikes
a balance between recall and precision. This metric includes erroneous
positives as well as false negatives, providing a thorough evaluation of
the model’s ability to accurately predict PanCa. A strong balance be-
tween correctly identifying positive situations and minimizing false
positives and false negatives is shown by the high F1-score. In conclu-
sion, our RF classifier performs well in PanCa prediction, exhibiting
excellent recall, precision, and a balanced F1-score. The outcomes show
how effective the model is in accurately identifying positive cases and
lowering the probability of inaccurate forecasts, both of which are
critical when it comes to diagnosing PanCa and forecasting its course.

CLI_numb

Optimal k value: 9

Accuracy with
optimal k: 0.9231

Fig. 3. Prediction model development using supervised learning algorithms (A) Pairwise correlations between the random forest model’s key predictors prior to
proceeding with classifier (B) Multivariate corelation amongst key variables involved in the supervised learning process and also used in nomogram model (C) Area
Under Curve (AUC) of the random forest model during training of the model (AUC  0.65) using ICGC dataset (D) AUC of the random forest model during validation
of the model (AUC  0.72) using TCGA dataset (E) kNN model accuracy (0.9231) curve and optimal K obtained in this process (k  9).
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The test data’s variance was found to be 0.1091, ensuring that the
volatility in the test data won’t skew our results. Post this we used the
same dataset for kNN model construction as a benchmark approach for
comparative validation and we obtain K optimum to be 9 and accuracy
to be 0.92 (Fig. 3D). Although kNN demonstrated commendable per-
formance, the RF model presented some notable advantages particularly
pertinent to our high-dimensional dataset. Enhanced feature importance
assessment, facilitating accurate identification and prioritization of
prospective biomarkers, improved management of intricate non-linear
associations in the methylation data, strong performance among bio-
logical noise which is typical of multi-omics data, enhanced model
interpretability which is essential for clinical translation and therapeutic
applications. The RF model’s remarkable performance with our high-
dimensional data not only confirms our signature identification pro-
cess but also significantly endorses the potential therapeutic utility of
our found indicators in pancreatic cancer diagnosis. The model’s ca-
pacity to efficiently process and evaluate extensive multi-omics data
renders it especially apt for this intricate biological categorization
problem, which necessitates the simultaneous consideration of several
molecular interactions.

3.4. Further validation using relevant GEO obtained datasets

The top 7 genes along with their corresponding 8 CpGs were vali-
dated first using 2 450K datasets. GSE74071 showed S100P to be most
significant whereas GSE 49149 showed all 7 genes to be significant (p <
0.05) (Supplementary Table 3). RNA seq data obtained from GSE211398
showed SI100P and MUCI13 to be most significant (Supplementary
Table 4). Following this we further evaluated our data using microarray
datasets of pancreatic cancer. GSE183795 showed S100P, MUCI13,
CD36, TFF1, CALHMS3 to significantly dysregulated. GSE28735 showed
S100P, TFF1, CD36, UT1A1 to significantly dysregulated. GSE15471
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finally demonstrated UGT1A1. CD36, S100P, CALHM3, ANKRD44, TFF1
to significantly dysregulated (Supplementary Table 4).

3.5. TFF1 and S100P showcasing transition from pre-cancerous to
metastatic stage

Tu et al. did a network-based analysis which offers gene networks
that are progressively activated in the course of chronic pancreatitis,
PanCa, and metastatic PanCa. It might aid in the logical development of
anti-cancer medications. Tu et al. obtained RNA seq DEG data contain-
ing chronic pancreatitis, PanCa and metastatic PanCa samples amongst
which all showed TFF1 to be most DEG along with S100P [27].
(Supplementary Table 4).

3.6. Evaluation the methylation-regulated differentially expressed genes
role in translational way

We then cross evaluated the 7 genes based on survival status using
expression data and CD36 was found to be most significant (p value <
0.04) (Fig. 4A). This was followed by UGT1A1 based on survival status
(Fig. 4B). The rest 6 cg ids mapped genes were further checked for
survival using TCGA dataset using expression data (Supplementary
Fig. 2 A-E) and Pearson correlation was also done to check correlation
between every gene methylation and expression values (Supplementary
Fig. 2F and G/3A-E). Following this we also checked joint survival of 2
most survival based relevant genes using expression data on patients
(percentile>50 %) from TCGA dataset and obtained p value 0.94
(Supplementary Fig. 3F).

Since CD36 and UGTIAI was seen to be most relevant based on
survival data showcasing relevance to patient risk stratification we
proceed to evaluate the pan cancer status of CD36. The Pan cancer
profiling of CD36 showed similar observation across other cancer types

Fig. 4. CD36 and UGT1AL1 clinical relevance various cancer types(A) CD36 gene-based survival analysis post splitting the data into high risk and low risk by utilizing
the expression data (B) UGT1A1 gene-based survival analysis post splitting the data into high risk and low risk by utilizing the expression data (C) CD36 expression
(log2 TPM) based pan cancer profiling (D) Cd36 protein level expression across CPTAC dataset (E) Ugtlal protein level expression across CPTAC dataset (F) UGT1A1

expression (log2 TPM) based pan cancer profiling.
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as a significant signature (Fig. 4C). We then subsequently checked the
protein level status of CD36 and UGT1A1 based on CPTAC dataset and
we found both of them have significant Z-values and the expression
status is in concordance with our previous observations (Fig. 4D-E).
Finally, we checked UGT1A1 pan-cancer status for further validation
and got concordance with our observation (Fig. 4F). Disease free sur-
vival was also visualized obtaining similar results (Fig. 4G-H). We
further checked the protein level status of 4 other genes excluding
CALHMS3 as it was not in CPTAC database (ANKRD44, MUC13, TFF1,
and S100P) and were found to showcase concordant outcomes corre-
sponding to their expression and methylation status (Supplementary
Fig. 4A-D). We also did Pan-Cancer profiling of remaining 5 genes
(ANKRD44, MUC13, TFF1, S100P and CALHM3) and they showed sig-
nificant outcomes when compared in a tumor vs normal status
(Supplementary Fig. 5A-E). We also checked mutational profile of 5
genes (CD36, S100P, MUC13, CALHM3, ANKRD44) excluding UGT1A1
and TFF1 as they didn’t have a mutational significance as per Cbioportal
concerning TCGA dataset (PAAD) and the results showed presence of
mutational signatures like amplification and deep deletion
(Supplementary Fig. 6). The purpose of checking the mutational profile
was to understand their footfall in terms of mutational status.

We also checked the interaction of the 7 genes with biological pro-
cesses using gene ontology platforms with integration of path DB gene
lists. We obtained protein-protein interaction data which highlighted
mostly on pathways concerning gastro intestinal system which validates
the targeted function of our markers (Supplementary Fig. 7A). Gene
ontology biological processes highlighted the significance of terms such
“Maintenance of Gastrointestinal Epithelium”, “Digestive System Ho-
meostasis” (Supplementary Fig. 7B). Gene Ontology Molecular processes
showed similar outcomes as they highlighted fatty acid and lipoprotein-
based systems (Supplementary Fig. 7C). Finally, we evaluated our 7
genes using an enrichment chart for the cumulative outcome observa-
tion (Supplementary Fig. 7D).
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3.7. Immune profile deconvolution concerning CD36 as top clinically
relevant signature

Since CD36 was found to universally significant across all omics and
most significant based on our clinical nomogram model we checked its
immune profile to correlate our observation with immune cells expres-
sion status to understand why it’s more relevant in terms of patient
survival. We did a pan-cancer profile across this immune status decon-
volution process. CD36 showed significant correlation with T Cells
CD8 , Treggs, B cell, T Cell CD4 , Cancer associated fibroblasts and
hematopoietic stem cells. Additionally, substantial associations were
observed among numerous subtypes of the T and B cell populations,
suggesting that CD36 may have a broad immunomodulatory function in
the tumor microenvironment. We also checked the immune profile of
MUC13 and no significant corelation was observed. In case of S100P
corelation was seen mostly in case of T cell CD8 and hematopoietic
stem cells. TFF1 showed negative corelation with B cells naive, T cell
CD8 and cancer associated fibroblasts. Positive corelation of TFF1 was
seen with T cell CD4 memory activated. We undertake this process
concerning immune profile multiple datasets namely EPIC, XCELL,
TIMER, QUANTISEQ, TIDE, MCP COUNTER, CIBERSORT and CIBER-
SORT ABS (Fig. 5A-D). The details and images concerning TFF1, S100P
and MUC13 are mentioned in Supplementary Ductal cell type Immune
profile analysis file.

3.8. Multistage evaluation of methylation-regulated differentially
expressed genes

All sub-stage of TCGA pancreatic cancer patient pool were evaluated
using targeted gene expression. TFF1 showed dysregulation across all
stages and substages (p < 0.0007). SIO0P also showed dysregulation
across stages and substages (p < 0.000). CD36 which is the most clini-
cally relevant gene showed dysregulation across stages and substages (p
< 0.06). UGT1A1 showed dysregulation across stages and substages (p

Fig. 5. Immune cell types dysregulation based on CD36 expression (A-D) CD36 tumour cell immune profiling considers multiple cancer types and multiple immune
deconvolution datasets showcasing the corelation amongst cancer type and datasets used. Various immune cell types such as T cell and B cell subtypes are considered

along with cancer associated fibroblasts and hematopoietic stem cells.
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< 0.02). CALHM3 and ANKRD44 showed dysregulation across stages
and substages (p < 0.2 and p < 0.9) (Fig. 6A-F).

3.9. Functional enrichment of methylation-regulated differentially
expressed genes

LinkedOmic was utilized to examine the pathways and functional
aspects of Methylation-regulated Differentially Expressed Genes in a
sample size of 178 patients. A heatmap shows the majority of correlated,
positive, and negative genes that are linked to CD36 (Fig. 7A). Using the
KEGG pathways category and the GSEA method, enrichment studies
were carried out for the functional and pathway enrichment of the
correlated genes with CD36 in the LinkInterpreter submodule of Link-
edOmics. As exhibited in Fig. 7B and C, CD36 have positive and negative
involvement in multiple processes. The enrichment plots of some
important enriched functional and pathways are demonstrated in
Fig. 7D and E. Similar sets of results were recorded for TFFI
(Supplementary Fig. 8), UGT1A1 (Supplementary Fig. 9), and S100P
(Supplementary Fig. 10).

3.10. Evaluating prognostic implications of CD36 and UGT1A1

We checked the role of CD36 in human protein atlas to identify its
implications as prognostic marker which was found to be significant (p
value < 0.001) (Supplementary Fig. 11A). Then we checked CD36
expression in TCGA tumor vs TCGA normal data (P value < 0.05) and
then in TCGA tumor vs GTEx normal data (Supplementary Fig. 11B-C).
Then we redistributed our expression-based data concerning CD36 (p <
0.04) and UGT1A1 (p < 0.11) into male and female to observe the
distribution while doing a Kaplan- Meier (Supplementary Fig. 11D-E).
Finally, we checked the role of CD36 and UGTI1AI in normal tissues
using bulk RNA seq based expression data across all 32 tissue types
which showed results in concordance with our observation i.e. CD36
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Overexpression in normal and UGTIA1 lower expression in normal
(Supplementary Fig. 12A-B).

3.11. Single cell RNA based evaluation of seven potential methylation-
regulated differentially expressed genes

Only 3 of the 7 genes exhibit differential expression during the
pseudotime interval between aberrant and malignant transformation,
and these three genes are expressed in ductal cell types. Nevertheless,
there was no discernible difference in the expression of the respective
cell types between the normal and malignant states. ANKRD44: B cell,
TFF1: ductal cell 2, MUC13: ductal cell 2, S100P: ductal cell 2, CD36:
endothelial cell, and Stellate cell were the genes that we observed along
with their associated cell types. While single-cell data are scarce and not
ideal for comparative analysis, they are helpful in identifying markers.
We can identify these genes as possible markers because, as we have
shown, they are also expressed in malignant ductal cell types and are
differently expressed during the malignant transformation (Fig. 8).

3.12. Virtual screening of ligands for target proteins

The virtual screening of 148 candidate ligand molecules against the
selected target proteins (UDP1A1, TFF1, S100P, and MUC13) was per-
formed using the Schrodinger Glide docking suite. The results of these
docking studies are summarized in Supplementary Table 5. The details
of the docking studies, including the binding site characteristics and the
key interactions for each target-ligand complex, are provided in the
Supplementary Information.

For the UDP1A1 target, Apigenin-7-O-glucuronide emerged as the
ligand with the highest binding affinity, with a Glide g-score of 12.47
kcal/mol (Fig. 9A-E). The binding site of UDP1Al was primarily
composed of hydrophilic-ionizable, hydrophilic-nonionizable, and hy-
drophobic amino acid residues, providing a suitable environment for

Fig. 6. Stage specific targeted gene expression across TCGA pancreatic cancer patient pool (A) TFF1 showed dysregulation across stages and substages (p < 0.0007)
(B) S100P showed dysregulation across stages and substages (p < 0.000) (C) CD36 showed dysregulation across stages and substages (p < 0.06) (D) UGT1A1 showed
dysregulation across stages and substages (p < 0.02) (E) CALHM3 showed dysregulation across stages and substages (p < 0.2) (F) ANKRD44 showed dysregulation

across stages and substages (p < 0.9).
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Fig. 7. Functional enrichment of CD36: (A) Volcanic graph of CD36 representation positive (red) and negative (green) correlated genes. (B) Heatmap of CD36
associated positive correlated genes. (C) Heatmap of CD36 associated negative correlated genes. (D) Functional and pathways enrichment analysis of CD36 associated
positive (blue) and negative (yellow) correlated genes. (E) Enrichment plot of important enriched functional pathways. (For interpretation of the references to color

in this figure legend, the reader is referred to the Web version of this article.)

both polar and non-polar interactions. Apigenin-7-O-glucuronide
formed eight hydrogen bonds with key residues, including Ser91,
Asp396, and Ser38, and also participated in n-n stacking and n-n T-
shaped interactions with His39, Phe394, and Phe153. These favourable
interactions contributed to the high binding affinity of Apigenin-7-O-
glucuronide to the UDP1Al target.

For the TFF1 and S100P targets, catechin and its isomer, epicatechin,
were identified as the best-scoring ligands, each with a Glide gscore of

7.1 kecal/mol (Fig. 9F-J and Fig. 10A-E). The binding sites of these
targets were characterized by the presence of both hydrophilic and hy-
drophobic amino acid residues, allowing for a balance of polar and non-
polar interactions. Catechin formed three hydrogen bonds with Cys68
and Asn40 in the TFF1 binding site and six hydrogen bonds with Gly93,
GIn26, Serl9, and Thr25 in the S100P binding site, further stabilizing
the ligand-target complexes.

The MUC13 target exhibited the highest binding affinity for the
flavonoid glycoside, rutin, with a Glide gscore of 14.9 kcal/mol
(Fig. 10F-J). The binding pocket of MUC13 was predominantly
composed of hydrophilic-ionizable, hydrophilic-nonionizable, and hy-
drophobic amino acid residues, creating a favourable environment for
the binding of the highly hydroxylated rutin molecule. Rutin formed six
hydrogen bonds with residues such as 1le263, Lys190, Ile120, Glu201,
and Leul98, in addition to hydrophobic interactions, contributing to its
exceptional binding affinity.

Interestingly, the components of the FOLFIRINOX chemotherapy
regimen (oxaliplatin, irinotecan, leucovorin, and fluorouracil) were also
included in the ligand library, but they exhibited much lower affinities
to the UDP1A1l target compared to Apigenin-7-O-glucuronide
(Supplementary Table 6).

3.13. Molecular dynamics simulations of top-ranked protein-ligand
complexes

The top-ranked protein-ligand complexes identified through the
virtual screening studies were further subjected to molecular dynamics
(MD) simulations to assess their stability and dynamics over an extended
time scale. The MD simulations were performed for 100 ns using the
NAMD program, and the results are presented in the Supplementary
Information (Supplementary Figs. 13-16).

The Apigenin-7-O-glucuronide-UDP1A1 complex demonstrated
remarkable stability throughout the 100 ns MD simulation
(Supplementary Fig. 13). The low variation in the average root mean
square deviation (RMSD) value of 10.4 1.5 A indicated minimal
conformational changes in the target protein over time. The average root
mean square fluctuation (RMSF) value of 1.52  1.39 A suggested
flexibility in the amino acid residues, with small fluctuations contrib-
uting to the overall complex stability. The consistent polar surface area
(PSA) value of 19432.55 79.03 A2 and the stable gyration radius of
26.08 0.72 A further supported the structural integrity and
compactness of the complex during the simulation.

The Catechin-TFF1 complex also exhibited a high degree of stability,
as evidenced by the RMSD plot (Supplementary Fig. 14A), which pla-
teaued around 16.25  1.23 A, indicating a relatively stable confor-
mation. The RMSF analysis (Supplementary Fig. 14B) revealed varying
flexibility across the amino acid residues, with fluctuations in the range
of 4.88  1.90 A. The PSA (Supplementary Fig. 14C) and gyration radius
(Supplementary Fig. 14D) analyses maintained consistent values around
3265.6 25.9A%and12.2 0.90 A, respectively, demonstrating stable
surface properties and overall compactness of the complex.

Similarly, the Catechin-S100P complex demonstrated stability and
flexibility during the 100 ns MD simulation (Supplementary Fig. 15).
The RMSD plot (Supplementary Fig. 15A) showed an average value of
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Fig. 8. UMAP visualization showcasing gene expression corresponding cell type using pancreatic cancer tumour samples. (A) UMAP visualization demonstrating
TFF1 significant expression in malignant cells (B) UMAP visualization demonstrating MUCI13 significant expression in malignant cells (C) UMAP visualization
demonstrating S100P significant expression in malignant cells (D) UMAP visualization demonstrating ANKRD44 expression (E) UMAP visualization demonstrating
CALHMS3 expression (F) UMAP visualization demonstrating UGT1A1 expression (G) UMAP visualization demonstrating CD36 expression.
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Fig. 9. Molecular docking study of apigenin-7-O-glucuronide to the modelled Udplal structure and molecular docking study of catechin to the modelled Tffl
protein. (A) 3D diagram of the complex. (B) 2D diagram of interactions of the ligand with the amino acid residues at the binding site. (C-E) Mapping of binding site
cavity according to the presence of H-bond donor-acceptor residue, hydrophobicity, and ionizability, respectively (F) 3D diagram of the complex. (G) 2D diagram of
interactions of the ligand with the amino acid residues at the binding site. (H-J) Mapping of binding site cavity according to the presence of H-bond donor-acceptor

residue, hydrophobicity, and ionizability, respectively.
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Fig. 10. Molecular docking study of catechin to the modelled S100p protein and molecular docking study of rutin to the modelled Muc13 protein. (A) 3D diagram of
the complex (B) 2D diagram of interactions of the ligand with the amino acid residues at the binding site (C-E) Mapping of binding site cavity according to the
presence of H-bond donor-acceptor residue, hydrophobicity, and ionizability, respectively (F) 3D diagram of the complex (G) 2D diagram of interactions of the ligand
with the amino acid residues at the binding site (H-J) Mapping of binding site cavity according to the presence of H-bond donor-acceptor residue, hydrophobicity,

and ionizability, respectively.
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3.98 0.28 A, suggesting a reasonably stable complex after initial
fluctuations. The RMSF analysis (Supplementary Fig. 15B) revealed an
average value of 1.11  0.51 A, indicating varied flexibility across the
amino acid residues. The PSA dynamics (Supplementary Fig. 15C) sta-
bilized around an average of 2580.7 65.6 A2, and the gyration radius
(Supplementary Fig. 15D) maintained an average of 18.1  0.20 A,
further supporting the structural integrity and compactness of the
Catechin-S100p complex.

The Rutin-MUC13 complex also exhibited stability during the MD
simulation, as shown by the RMSD plot (Supplementary Fig. 16A) with
fluctuations around 23.31 A. The RMSF analysis (Supplementary
Fig. 16B) exhibited an average of 3.91 A, reflecting the flexibility and
dynamic behaviour of the protein’s local regions. The PSA
(Supplementary Fig. 16C) and gyration radius (Supplementary Fig. 16D)
analyses remained relatively stable, with average values of 19479.8 A2
and 28.0 A, respectively, indicating consistent solvent accessibility and
overall compactness of the complex.

4. Discussion

With a low 5-year overall survival rate because of early lymph node
metastases and difficulties with early diagnosis, PanCa presents a sub-
stantial challenge. All aspects of PanCa patient care can benefit from the
combination of DL and machine Learning applications, including early
diagnosis, enhanced biomarker accuracy, therapy response monitoring,
prognostication of perioperative and survival outcomes, and resource
optimization [28]. The robust performance of the Random Forest model
corroborates our methodology for signature discovery and endorses the
prospective clinical applicability of our found indicators in pancreatic
cancer diagnosis.

CD36 was discovered intracellularly, in the plasma membrane, and
in conjunction with insulin granules in the pancreas. Reduced CD36
expression in PDAC is linked to larger tumor sizes and lower survival
rates, but it is not as strongly linked to TNM staging [29]. According to a
study by Jia et al., pancreatic cancer patients’ levels of CD36 gene
expression are low. Reduced TNM staging and CA19-9 levels are pre-
dicted by reduced CD36 expression, but bigger tumor size and a worse
prognosis for survival are. It has the potential to predict prognosis and
clinicopathological traits, but more research is need to fully understand
the discrepancy [7]. This was supported by our observation of CD36
down regulation across all datasets evaluated concerning multiple omics
spaces. The pan-cancer immune landscape highlighted T cells CD8 , T
cells CD4 Th_1, Tregs, cancer associated fibroblasts and hematopoietic
stem cells with significant correlation followed by B cells. This high-
lights the reason behind CD36 being the most clinically relevant gene as
was shown by our nomogram model which included survival parameters
too. The cancer-associated fibroblasts immune profile observation also
matches with our scRNA observations depicting appropriate relevant
outcomes. This clearly justifies the relevance of CD36 observations as
mentioned in Figs. 4 and 5.

According to the findings of Feng et al., UGT1A1 may be a viable
target and predictive biomarker for PanCa patients. Future research is
necessary to corroborate our results and advance the UGT1A1’s clinical
relevance in PanCa [30]. Umemoto et al., suggest that in advanced PanCa
patients of Japanese origin (n  31) with UGT1A1-DV treated with
FOLFIRINOX, irinotecan should be provided at a starting dose of 120
mg/m?. This dysregulation of UGTIAI was in concordance with our
study and also suggested us to do drug targeting analysis using molec-
ular dynamics, which lead us to the finding of apigenin-7-O-glucuronide
which is a more suitable drug target for UGTIA1 and has shown higher
efficiency in silico than the above-mentioned drugs [31]. UDP1Al’s
binding site, characterized by a mix of hydrophilic and hydrophobic
residues, provides an environment suitable for diverse interactions with
Apigenin-7-O-glucuronide. This may potentially influence the catalytic
activity of UDP1A1 in detoxification processes. Similarly, TFF1 and
S100P exhibit binding sites with balanced hydrophilic and hydrophobic
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residues, allowing for various interactions with Catechin and Epi-
catechin, respectively. These proteins play crucial roles in gastrointes-
tinal tract integrity and cellular processes, with their overexpression
linked to pancreatic cancer progression. MUC13’s binding site,
composed of hydrophilic and hydrophobic residues, creates a favourable
environment for binding the highly hydroxylated Rutin molecule. As a
transmembrane mucin glycoprotein overexpressed in various cancers,
MUC13 promotes cancer cell proliferation, migration, and invasion. The
binding of these ligands to their respective targets could potentially
modulate protein activity, offering therapeutic avenues for targeting
these enzymes and proteins in pancreatic cancer treatment by poten-
tially inhibiting their cancer-promoting functions or interfering with
their overexpression-related effects. More details about the functional
relevance of the identified binding sites for the target proteins UDP1A1l,
TFF1, S100P, and MUC13 are mentioned in the supplementary infor-
mation segment.

S100P expression in pancreatic, cervical, and prostate cancer is
regulated by epigenetic modifications. The anti-histaminic medication
cromolyn inhibits the SIOOP-RAGE interaction, which decreases the
growth of pancreatic tumors and boosts the efficacy of the chemo-
therapy medication gemcitabine [32,33]. SI00P is a Ca® binding pro-
tein that has been identified as a putative tumour biomarker due to its
overexpression in a number of malignancies. SIOOP was shown to be
broadly expressed in both normal and malignant tissues in a study by
Parkkila et al. [34]. Given that it is highly expressed in certain malig-
nancies, this molecule could be a viable target for upcoming medical
diagnostic and therapeutic uses. Excellent stability is a must for a suc-
cessful biomarker. In this regard, it has been demonstrated that the
expression of the SI00P gene or protein is correlated with patient sur-
vival in cases of lung and breast cancer, and it has been suggested that
this gene or protein is an early embryonic marker of pancreatic carci-
nogenesis [33]. Using gene-specific priming and quantitative real-time
RT-PCR, S100P expression in cancer has been studied. SI00P expres-
sion in PanCa and intraductal papillary mucinous neoplasm (IPMN) is
notably higher than in non-neoplastic pancreatic tissue. Pancreatic juice
from IPMN and cancer tissue has a higher concentration of SI00P than
juice from pancreatitis. Measurement of S100p in pancreatic juice can
help distinguish between neoplastic illness and chronic pancreatitis,
according to receiver operating characteristic curve analysis (area under
the curve  0.837; 95 % CI: 0.749-0.903). S100P was found to be
positive in 32 cases of PDAC and cases with suspicious diagnoses (n  6),
but only one of 14 cases of benign or reactive ductal epithelium was
positive, and there was no expression of S100P in the endocrine tumour.
These findings are documented by Ohuchida et al., on the screening of
PDAC using fine-needle aspiration biopsy (FNAB) [35]. Our results
based on S100P upregulation followed by single cell observation
reporting signature presence in ductal cell type highlights the
above-mentioned observations along with its significance in immune
modulation.

Debernardi et al. conducted a study wherein they examined the ef-
ficacy of an enhanced urine biomarker panel consisting of LYVEI,
REG1B, and TFF1 in a broader set of specimens [36]. The results showed
that the panel could reliably distinguish patients with early stages of
PDAC from both control subjects and patients having benign hep-
atobiliary diseases. PDAC precursor lesions, also known as pancreatic
intraepithelial neoplasias (PanINs), have been found to have increased
levels of this protein, which is linked to cancer growth and metastasis.
Shen et al. used a transgenic model of PanINs to show that early lesions
and lymphatic vessels are linked to lymphangiogenesis and endothelial
remodelling. Previously, we found that TFF1 overexpression was present
in early PanINs in familial pancreatic cancer (FPC) before cancer
development [36,37]. According to a study by Jahan et al., Tissue and
serum tests confirmed a considerable rise in TFF levels in precursor le-
sions and early stages of PanCa [38]. Previous research has revealed
TFF1 to be a functional biomarker in a number of different tumor types,
including gastric, esophageal squamous cell, and breast cancer. TFFI
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also showed correlation with multiple immune cell types, showing its
immune modulatory capacity precisely in the ductal cell types hence
indicating direct influence on PDAC. TFF1 was found to show similar
results in our multi-omics-based observations too, demonstrating vali-
dation of outcome using our models and probable utility as a biomarker.

Mucin 13 (MUC13) is a glycoprotein that is surface-expressed and
plays a role in the carcinogenesis of several cancers, such as colorectal,
renal, and PanCa. According to research by Pang et al., MUC13 may
function as an oncogenic glycoprotein to speed up the development of
lung cancer by abnormally activating the ERK/JNK/p38 signalling
pathway [39]. It may also be a useful target for lung cancer therapy
[39]. Sheng et al. s demonstration that MUC13 increases NF-xB signal-
ling in response to TNF and chemicals that damage DNA offers a novel
molecular target for the targeted suppression of NF-kB activation. These
findings suggest that treating metastatic malignancies with a combina-
tion of chemotherapy and MUC13 antagonist may be more effective [9].
The ductal cells had the highest expression, followed by the exocrine
cells and the mixed cell types. These single cell type clusters demon-
strated that ductal cell clusters such as CO (15.8 nTPM), C2 (50.5 nTPM),
C6 (6.0 nTPM), C12 (1.6 nTM), and C13 (36.6 nTPM) expressed MUC13
at higher levels. The remaining clusters, such as C11, represented mixed
cell types, and C15 represented pancreatic exocrine cells. According to
Dhasmana et al., there are two protein transcripts, short MUC13
(s-MUC13, non-tumorigenic or ntMUC13) and long MUC13 (L-MUC13,
tumorigenic or tMUC13), three nonsense MUC13 genomic transcripts,
and numerous significant phosphorylation sites in tMUC13. All things
considered, our result supports the significance of tMUC13 in pancreatic
pathobiology as well as its potential as a biomarker and therapeutic
target of PanCa [40,41].

Single cell RNA-seq data showcased promising role of TFF1, S100P
and MUC13 as they were found to be ductal cell type specific enhancing
their targeting capability as biomarkers [42]. Followed by this we ob-
tained a very prominent data concerning again TFF1 and SI100P as we
found them to be dysregulated across precancerous lesions to pancreatic
cancer to metastasis. These genes are likely to be grouped together in the
same module if they exhibit a progressive upregulation in pancreatitis,
metastatic PanCa, PanCa, and normal pancreas. Hence this shows that
our data obtained have significant potential to be used as diagnostic cell
type specific biomarkers. Lastly, we also checked in our own Indian
patient data obtained using 450K methylation array containing 7 paired
PDAC and found that these signatures were not available there [4]. The
variations in both epigenetic and genetic signatures are observed when
Indian data is compared with western world data. NPY and FAIM2 were
found to be significant methylated in Indian patients but they are not
significant in western data as observed in TCGA. Our earlier study, Saha
et al., 2020, explained that while KRAS hotspot mutations were found in
low frequency in the Indian PDAC population, studies conducted in
Australia, the USA, Canada, and other European and Asian countries
showed that KRAS was a high-frequency gene, accounting for 90 % of
cases of the same disease. The patient pool led by a combination of
characteristics, including ethnicity, environment, lifestyle, and occu-
pational risk factors, may have contributed to this somewhat variable
profile [4,18]. No significant data was obtained from GDSC. The reason
being that epigenetic signatures vary based on population de-
mographics, ethnicity, lifestyle and occupation.

The potential limitations of our study revolve around Indian patient
sample-based validation for real-time implication accuracy data gener-
ation which will give a clearer input into our signature’s efficacy in daily
diagnostics and therapeutics.
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