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ABSTRACT

Big data analysis holds a considerable influence on several aspects of biomedical health science. It permits
healthcare providers to gain insights from large and complex datasets, leading to improvements in the
understanding, diagnosis, medication, and restraint of pathological conditions including cancer. The in-
cidences of pancreatic cancer (PanCa) are sharply rising, and it will become the second leading cause of
cancer related deaths by 2030. Various traditional biomarkers are currently in use but are not optimal in
sensitivity and specificity. Herein, we determine the role of a new transmembrane glycoprotein, MUC13, as
a potential biomarker of pancreatic ductal adenocarcinoma (PDAC) by using integrative big data mining and
transcriptomic approaches. This study is helpful to identify and appropriately segment the data related to
MUC13, which are scattered in various data sets. The assembling of the meaningful data, representation
strategy was used to investigate the MUC13 associated information for the better understanding regarding
its structural, expression profiling, genomic variants, phosphorylation motifs, and functional enrichment
pathways. For further in-depth investigation, we have adopted several popular transcriptomic methods like
DEGseq2, coding and non-coding transcript, single cell seq analysis, and functional enrichment analysis. All
these analyzes suggest the presence of three nonsense MUC13 genomic transcripts, two protein transcripts,
short MUC13 (s-MUC13, non-tumorigenic or ntMUC13), and long MUC13 (L-MUC13, tumorigenic or
tMUC13), several important phosphorylation sites in tMUC13. Altogether, this data confirms that im-
portance of tMUC13 as a potential biomarker, therapeutic target of PanCa, and its significance in pancreatic

pathobiology.
© 2023 The Authors. Published by Elsevier B.V. on behalf of Research Network of Computational and
Structural Biotechnology. This is an open access article under the CC BY-NC-ND license (http://creative-
commons.org/licenses/by-nc-nd/4.0/).

1. Introduction

data analysis is becoming highly significant right from the prediction
of current trends of certain parameters to future events of disease(s).

Big data analysis portrays a decisive role in developing biome-
dical health science by accelerating the advancement of personalized
medicine, enhancing diagnostic and treatment resources, and ad-
vising in public health guidelines. As the amount of data created in
biomedicals and healthcare industries is increasing, the role of big
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Cancer is a complicated, multi-stepped and progressive disease
that contains distinct cellular and molecular processes.
Subsequently, the cancer exploring groups produce huge amounts of
molecular and phenotypic data to investigate cancer traits [1]. The
large-scale omics data generation is channelized by the discoveries
of high-throughput technologies. These breakthroughs have given
the concept of ‘big data’ in cancer. The perfect example of big data
accumulation is the assembling of The Cancer Genome Atlas (TCGA).
TCGA contains 2.5 petabytes of raw data. This huge amount of data is
2500 times higher than advanced personal computers [2]. Certainly,
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the blend of big data, bioinformatics and artificial intelligence has
managed to lead significant developments to our basic under-
standing of cancer mechanism and its translational uses. Further
rigorous effort needed among basic molecular biologists, data sci-
entists, physicians, and lawmakers for the best utilization of these
data in the development of diagnostic and therapeutic protocols [3].

Pancreatic cancer (PanCa) is a devastating and aggressive ma-
lignancy with the worst prognosis. By 2030 PanCa is projected to be
the second prominent cause of cancer related deaths in the United
State. PanCa has a very poor prognosis as only 11 % of PanCa patients
have a 5-years of survival rate, as a result, the mortality rate of PanCa
is almost equal to the incidence rate. The main clinical challenge
with PanCa is poor treatment outcomes due the late diagnosis.
Although there is availability of conventional biomarkers like CA19-
9, CA125, Mucin 1 (MUC1) and carcinoembryonic antigen (CEA), but
these biomarkers do not have optimal sensitivity and specificity for
PanCa [4].

Mucins are a group of glycoproteins primarily engaged in the
lubrication of epithelial cell surface, barrier protection and cell sig-
naling. However, the aberrant expression of mucins has been im-
plicated in various pathological conditions, including cancer, and
cancer diagnosis. Mucins have been found to have diverse expression
profiles amongst the gastro-intestinal cancers like colon, intestine,
gastric and pancreas [5,6]. Among all mucins, MUCT1 is recognized as
reference gene in gastro-intestinal cancers and its unusual upregu-
lation is observed in more than 60% of PanCa incidents, which cor-
elates with the poor prognosis of the patients. It has been observed
that MUC1 upregulation is also linked to the progression of different
types of cancer, such as ovarian, lung, liver, cholangiocarcinoma,
gallbladder, thyroid, colorectal, pancreatic and breast cancer [7].

Due to lack of specific onco-antigen, the current scenario ur-
gently needs a biomarker for the clinical diagnosis of PanCa. Recent
reports have proposed that Mucin 13 (MUC13), a novel oncogene
exhibits high expression in PanCa while minimum expression in
normal pancreas. MUC13 is a high-molecular-weight transmem-
brane glycoprotein. Like other mucins, MUC13 can be distinguished
by a tandem repeat (TR) domain, which is one of the key features of
mucins. TRs domain comprises of numerous serine and threonine
residues that act as glycosylation sites. MUC13 also contains 3 epi-
dermal growth factor (EGF)-like domains and a highly versatile,
unique functional cytoplasmic tail which includes prospective
phosphorylation sites to control the cellular signal transduction
pathways [8]. The overexpression of MUC13 is also responsible for
augmenting tumorigenic and metastatic phenotypes. The char-
acteristics of PanCa cells may be mediated by physical interactions
between MUC13 and HER2/Neu receptor via tyrosine kinase activity.
MUC13 expression instigate the nuclear translocation of NF-xB p65
and phosphorylation of IkB, which upregulates the expression of
GLUT-1, c-Myc, and Bcl-2, that are implicated in glucose metabolism.
MUC13 has a direct crucial role in glucose metabolism, it stabilizes
the GLUT1 receptor in pancreatic cancer cells. [9,10]. But still there
are lots of opportunities to excavate the information about MUC13
from various OMICS databases.

2. Methods
2.1. Structural elucidation of MUC13

The homology modeling of human MUC13 (Uniprot ID: Q9H3R2)
protein was done using SPARKS-X, one of the prudent single-method
fold recognition and structure prediction server [11]. ModRefiner, a
high resolution protein structure refinement server was used for the
refinement of best modeled protein [12]. The best refined model was
selected on the basis of the more 90 % of residues fall in the most
favored region of Ramachandran plot by using ProCheck [13]. For
identification of highly conserved, exposed, and functional residues
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ConSurf server was used [14,15]. ConSurf functions on the algorithm,
for distinguishing functional residues of proteins by assessing the
degree of conservation of residues sites among their identical se-
quence’s homologs. Open target platform and previously published
article [8] was used to describe and elaborate different domains,
regions, unique and antigenic sequences of MUC13 genomic and
protein structure.

2.2. Normal organ specific protein expression coverage, tissue specific
gene expression analysis of MUC13 and MUC1 with its correlation

The organ specific protein expression coverage and tissue specific
gene level comparison of MUC13 and MUC1 in normal conditions
were performed by utilizing Human Protein Atlas and Genotype-
Tissue Expression (GTEx) server [16,17]. Clustal Omega 2.1 was used
for the sequence alignment between MUC13 and MUC1 (Uniprot ID:
P15941) [18]. The comparative gene expression of MUC1 (reference
gene) and MUC13 (test gene) in normal and pancreatic adenocarci-
noma (PAAD) condition was performed using GEPIA2 [19]. The ex-
pressions were measured on the scale of log2(TPM + 1). The total
sample size of tumor and normal samples was 179 and 171, re-
spectively. The log2FC cutoff value was 1 and p value cutoff was 0.01.
The pairwise gene correlation analysis was done between MUC13,
MUCT1 and S100A4 by using GEPIA2 correlation analysis plugin. The
spearman correlation coefficient was used to compute the correla-
tion. PAAD TCGA tumor, TCGA normal and GTEx databases were used
to get the correlation between both genes.

2.3. Data collection and processing for DEG analysis

The mRNA raw count profiles of PDAC patients were downloaded
from TCGA dataset (https://tcga-data.nci.nih.gov/tcga/). A total of
168 (164 PDAC and 04 normal) samples were available on TCGA, and
the full manifest files were procured from this portal. The count data
were normalized and visualized by using R packages “DEseq2
package” and “Enhanced Volcanic graph”. The differentially ex-
pressed genes (DEG) in PDAC samples and control tissues were
identified using R package “DESeq2” with a cut-off of |log2-fold
change| > 1 and Padj < 0.05 (P-value adjusted for multiple testing
using Benjamini-Hochberg method.

2.4. Copy number variation, gene expression by pathological stage and
disease-free survival plot

ONCOMINE gene expression array datasets (https://www.
oncomine.org/; last date of access 2nd March 2020), was a cancer
microarray database used to analyze the mRNA expression and copy
number variation of oncogenes like MUC13 in various clinical con-
ditions like blood, normal pancreas and pancreatic cancer condition
using a Student’s t test to generate a p value. The cutoff of p value
and fold change were defined as 0.01 and 2, respectively [20].
MUC13 gene expression in various pathological staging like stage
I-1IV and disease-free survival were done by using GEPIA2. In pa-
thological staging the MUCI3 expression was recorded on
log2(TPM + 1) level. In disease free survival analysis median was the
group cutoff with 95 % of confidence interval and hazard ratio.

2.5. Location of MUC13 in single cell type cluster of pancreatic cells

The location of MUC13 in pancreas cell cluster was assessed by
single cell RNA sequencing (scRNA-seq) using Uniform Manifold
Approximation and Projection (UMAP) plot, from the Protein Atlas
database [4,17] based on healthy human tissues. Using this method,
the foretelling location of MUC13 was detected in specific cell
clusters of pancreatic cells from the range of 0-60 nTPM value and
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the number of included cells were expressed in the form of read
count and cell count.

2.6. Analysis of MUC13 isoforms and phosphorylation sites

The expression distribution (violin plot) and isoform structure of
MUC13 in PAAD condition was assessed by using isoform details sub
module of GEPIA2. The genomic transcript data of GEPIA2 was re-
trieved from the TCGA database. In GEPIA2 isoform classes module
exhibited total 60,498 various genes and theirs’ 198,619 isoforms
details like protein coding, retained intron and processed transcript
etc. Clustal Omega was used for the sequence alignment between
long form (Uniprot ID: Q9H3R2) and short form of MUC13 (Uniprot
ID: C9IZG1) [18]. PhosphoSitePlus was used to locate phosphoryla-
tion and ubiquitylation sites on MUC13.

2.7. Impact of socio-behavioral and demographic aspect on MUC13
expression in pancreatic cancer

Socio-behavioral aspects were recorded by using University of
Alabama at Birmingham CANcer data analysis Portal (UALCAN).
UALCAN is a broad, user-friendly, and interactive web resource for
analyzing cancer OMICS data. The backend programming is based on
PERL-CGI with high quality graphics using javascript and CSS. This
web server is intended to offer easy entry to publicly available cancer
OMICS data (TCGA, MET500, CPTAC and CBTTC) [21]. The variation of
MUC13 expression level in PAAD condition was assessed based on
race, age, gender, diabetes status, alcohol habit and pancreatitis
conditions. All input data was extracted from TCGA sample sets.

2.8. Functional enrichment of MUC13 and associated co-expressed
genes

LinkedOmics is an incredibly effective publicly accessible portal
that comprises multi-omics data from all 32 TCGA cancer types and
10 Clinical Proteomics Tumor Analysis Consortium (CPTAC) cancer
cohorts. The submodules of LinkedOmics like LinkFinder (for gene
association) and LinkInterpreter (for enrichment analysis) sub-
modules of LinkedOmics [ 16] were used for exploring the genes that
exhibited disparity in association with MUC13 in Pancreatic Cancer.
From the UNC Institute’s module, RNA-seq datasets, with 178 sample
sizes were selected and scrutinized using pearson correlation coef-
ficient and characterized in volcano plots. The positive or negative
correlated genes were screened by the p-value (p < 0.01). The co-
expressed genes were utilized for the gene enrichment analysis by
using the Gene Set Enrichment Analysis (GSEA) database (gsea_r-
esult_134411_1677868274.rnk.), under the Kyoto Encyclopedia of
Genes and Genomes (KEGG) Pathways plugin. The parameters for
enrichment analysis were lowest no. of IDs in the 25 categories,
lowest and highest no. of IDs in the categories were 3 and 2000
respectively, top 25 significance levels, 5000 number of permuta-
tions [4,22].

3. Results
3.1. Structural elucidation of MUC13

The amino acid sequence of MUC13 was obtained from the
uniport database (Uniprot ID: Q9H3R2). The obtained sequence was
considered as the input query sequence for the SPARKS-X (fold
recognition and structure prediction tool, details mentioned in
Supplementary Table 1) to model MUC13 protein. The selection of
best structure among all 10 predicted proteins was performed
based on z score. The highest ranked model (z score 8.17) was
considered for the energy minimization and refinement of protein.
ModRefiner was used to stabilize and refine the protein (Fig. 1a).
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After that the refined model of protein was uploaded for the quality
check using ProCheck software. The uploaded protein scored more
than 90 % of residues in most favored regions of the plot (90.5 %
amino acids), 7.7 % of residues in additional allowed regions, 1.1 % of
residues generously allowed regions and only 0.7 % of residues in
disallowed regions (Fig. 1b). The comparison of structural valida-
tion was also performed between SPARKS-X and AlphaFold2 gen-
erated MUC13 models using Ramachandran plot (Procheck).
Subsequent validation was found that SPARKS-X generated model
has better quality, which showed more than 90 % of residues in
favored region, whereas AlphaFold2 generated MUC13 model ob-
served only 78.5 % of residues were in favored or core region, that'’s
why SPARKS-X model was preferred over AlphaFold2 generated
MUC13 model. ConSurf was used for the identification of highly
conserved, exposed, and functional residues. After uploading
MUC13 sequence, ConSurf server predicted 63 out of 512 amino
acids as highly conserved, exposed, and functional residues
(Fig. 1c). Most of the highly conserved, exposed, and functional
residues are in cytoplasmic domain of MUC13, followed by SEA
domain, EGF like domains (1-3) and undefined region. The struc-
ture of MUC13 was minutely scrutinized by the Open Target plat-
form for the better elucidation of various important domains,
regions, and fragments (Fig. 2). In this elucidation MUC13 structure
was fragmented in various domains with exact location like Signal
peptides, Tandem repeat region, EGF like domain, SEA domain and
cytoplasmic domain. Apart from that glycosylated residues, dis-
ulfide bonds, antigenic regions, and unique peptide of MUC13 were
precisely mentioned in the figure.

3.2. Normal organ-specific protein coverage, tissue specific gene
expression and protein sequence similarity analysis of MUC13
with MUC1

Human Protein Atlas (HPA) was used for spotting the coverage of
MUC13 and MUCT in various organs at normal condition (Fig. 3a and
b). Total 30 organs (14 high expression, 08 medium expression and
08 low expression) were identified with the expression of MUCI.
Whereas only 05 organs have been noticed with the expression of
MUC13. GTEx server was used to compare the expression level of
MUC13 with a reference gene MUC1 in cancer and normal/disease
free conditions. Among various organs, normal pancreas was aimed
for comparative gene expression of both of genes. In this analysis
MUC1 showed 57.03 TPM, whereas MUC13 demonstrated a very
weak expression (only 1.603 TPM) in normal pancreas (Fig. 4a).
Further, to evaluate the sequence homology between MUC13 (test
protein) and MUC1 (reference protein), Clustal Omega was used for
the multiple sequence alignment analysis, which showed only
22.96 % sequence similarity, which is not a significant homology
among these two genes (Fig. 4b).

3.3. Differential gene expression (DEG) and correlation analysis
between MUC13 and MUC1

For preprocessing of DEG analysis, mRNA raw counts of 168 (164
PDAC and 04 normal) samples were extracted from TCGA database.
DEseq2 package was utilized for the spotting of differentially ex-
pressed genes in PDAC condition (273 upregulated genes and 207
negative regulated genes). MUC13 was found to be significantly
upregulated gene with 3.73 log2 fold change, p adj value
0.001442265 and 92 ranked among all upregulated genes. Whereas
MUC1 scored 2.52 log2 fold change, p adj value 0.031440648 and
192 ranked out of 273 upregulated proteins (list of all upregulated
genes along with their statistics mentioned in Supplementary
Table 2) (Fig. 5a). The comparative gene expression of MUC1 and
MUC13 in normal and pancreatic adenocarcinoma (PAAD) tumor
condition was done using GEPIA2, here MUC13 found around 6 time
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Fig. 2. Structural elucidation of various important fragments, domains and regions of MUC13.

over expressed in PAAD condition (Fig. 5b) while, MUC1 was found
only 1.5 times over expressed in PAAD condition (Fig. 5¢) in com-
parison of normal/disease free state. The pairwise gene correlation
analysis was done between MUC13, MUC1 and S100A4 in PAAD

condition. The computed value found a strong positive correlation
between MUC13 and MUC1 with 0.71R value and 5.9¢™>* p value
(Fig. 5d) and observed strong positive correlation between MUC13
and S00A4 with 0.75 R value and 3.9e7%* (Fig. 5e).

a Protein expression of MUC13 & MUC1 in various organs

MUC13

MUC1

0 5 10
Il High expression organs

15 20 25 30
I Medium expression organs [l

Low expression organs

Protein expression coverage of MUC13 & MUCL in various organs By using Human Protein Atlas (HPA)

Fig. 3. Protein expression coverage and positioning of MUC13 and MUC1: a) Degree of protein expression coverage of MUC13 and MUC1. b) Positioning of MUC13 and MUC1
coverage.
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Fig. 4. Expression and sequence similarity analysis of MUC13 and MUC1: GTEX server-based comparison of the mRNA expression level of test gene MUC13 with a reference gene

MUCT1 in normal/disease free conditions.

3.4. Copy number variation, gene expression by pathological stage and
disease-free survival plot

The oncomine data was extracted to identify the copy number of
MUC13 in normal pancreas, and pancreatic cancer. In this analysis
MUC13 copy number is significantly higher in pancreatic cancer
while it was almost negligible in normal pancreas (Fig. 6a). The in-
itial staging of PAAD showed very high expression of MUC13, spe-
cially in IA, IB, IIA and IIB stage, while among higher stages (III- IV) it
has shown relatively lesser MUC13 expression (Fig. 6b). In addition,
we determined the relationship of higher MUC13 expression (with
Hazard Ratio 0.65, Logrank p=0.05, among patient’s sample size
178)) with pancreatic cancer patients’ survival. In this analysis the
higher expression of MUC13 correlated with diminished or poor
patient’s survival (Fig. 6¢).

3.5. Location of MUC13 in single cell type cluster of pancreatic cells

The probable location of MUC13 in the pancreatic cell cluster was
demonstrated in this section. The maximum expression was ob-
served in the ductal cells followed by exocrine cells and mixed cell
types. These single cell type clusters were indicating the higher
expression of MUC13 in ductal cell clusters like CO (15.8 nTPM), C2
(50.5 nTPM), C6 (6.0 nTPM), C12 (1.6 nTM) and C13 (36.6 nTPM).
Remaining clusters like C11 belonged to pancreatic exocrine cells,
and C15 belonged to mixed cell types. This graph was plotted based
on a UMAP plot as shown in Fig. 7.

3.6. Isoforms and phosphorylation sites of MUC13

Total 05 transcripts of MUC13 were identified during the isoform
analysis of MUC13. ENST00000616727.4 and ENST00000478191.1
were protein coding transcripts, remaining ENST00000497378.1 was
processed transcript, ENST00000490147.1 and ENST00000462728.1
were retained intron or nonsense transcripts (Fig. 8a). Among all 05
transcript only 02 transcripts were protein coding transcripts those
were accountable for synthesis of long (Isoform ID:
ENST00000616727.4 and Isoform symbol: MUC13-001 or L-MUC13)
and short (Isoform ID: ENST00000478191.1 and Isoform symbol:
MUC13-003 or s-MUC13) form of MUC13. For better structural un-
derstanding of both forms, multiple sequence alignment (MSA) was
performed (Fig. 8b). This analysis clearly cited that long and short
form of MUC13 have 92.39 % of sequence homology. As comparing
the structural features of both forms of MUC13 we found that short
form has 184 amino acid sequences length and only three domains
(small TR domain, EGF Like domain and SEA domain), while long
form of MUC13 has 512 long amino acid sequences with all 5

domains (Signal peptide, TR domain, EGF like domain 1-3, SEA do-
main and Cytoplasmic domain) as shown in Fig. 8c. Interestingly, the
long form of MUC13 was much more prevalent in tumors as com-
pared to the short form (Fig. 8a), thus we considered long MUC13
isoform as tumorigenic (tMUC13) and short form as non-tumori-
genic (ntMUC13) PhosphoSitePlus was used to locate phosphoryla-
tion sites and we identified that S471, S482, T490, S495, Y501, S502,
506 & Y512 residues are involved in phosphorylation and K308 and
468 residues are ubiquitylation sites on MUC13.

3.7. Impact of socio-behavioral and demographic aspect on MUC13
expression in pancreatic cancer

The impact of socio-behavioral factors on MUC13 expression in
pancreatic cancer patients was evaluated by using UALCAN. In this
segment various factors were analyzed including race/ethinicity
(Fig. 9a). Interestingly, MUC13 expression was significantly higher in
African Americans (TPM median 173.66, p value 2.729700E-02), and
Asian (TPM median 133.24, p value 6.812700E-04) as compared to
the Caucasian (TPM median 67.80, p value 7.21E-12). The age factor
(Fig. 9b) is also an important factor. Higher expression of MUC13 was
noticed at age 61-80 years (TPM median 81.2, p value 3.76E-10)
followed by age range from 81 to 100 years (TPM median 78.52, p
value 3.48E-03) and lowest among age range from 41 to 60 years
(TPM median 76.4, p value 1.87E-09). Additionally, male pancreatic
cancer patients have shown higher MUC13 expression (TPM median
87.1, p value 5.58E-11) as compared to the female patients (TPM
median 69.1, p value 3.76E-09) as shown in Fig. 9c. Moreover, MUC13
expression is also likely to be influenced by life style factors such as
alcohal consumption (Normal-vs-Daily Drinker p value 8.383E-05,
TPM median 63.85; Normal-vs-Weekly Drinker p value 1.001800E-
02, TPM median 83.98; Normal-vs-Occasional Drinker p value
6.204100E-03, TPM median 94.93, Normal-vs-Social Drinker p value
1.354160E-02, TPM median 30.05) as shown in Fig. 9d and some
pathological conditions like diabetes (Normal-vs-Diabetic p value
4.839900E-04, TPM median 54.86) and pancreatitis satuts (Normal-
vs-Pancreatitis p value 7.93E-03, TPM median 83.92) as shown in
Fig. 9e and f.

3.8. Functional enrichment of MUC13 and associated co-expressed
genes

LinkedOmic, was used to investigate the functional and pathways
enrichment analysis of MUC13 along with its associated genes in a
cohort of 178 patient sample size, total of 19,774 genes were en-
riched in this study, of them, 11,057 genes showed negative corre-
lations (green dots) with MUC13 and the remaining 8717 genes
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Fig. 5. Transcriptomics of MUC13 and MUCT1: a) Differentially expressed genes (DEG) among 168 patients (164 PDAC +04 Normal tissues). Among all 60,660 transcripts that are
screened, total 273 genes are significantly upregulated in this analysis. MUC13 has secured 92nd ranked with a 3.73 Log2Fold change and 0.001442 p value, while ranked 192 with 2.52
Log2Fold change and 0.031441 p value. b and c) GEPIA generates box plots with 0.4 jitter value and p cut off 0.01 for comparing the expression in PAAD and normal pancreas expression
for MUC13 & MUCT. Total sample size normal n=171, and Tumor n=179). d) Correlation analysis of MUC1 and MUC13, R value was 0.71 and p value 5.9 e™°, which showed strong
positive association. e) Correlation analysis of MUC13 and S100A4, R value was 0.75 and p value 3.9 ¢4, which showed strong positive association. (Correlation coefficients guidelines:
https://sphweb.bumc.bu.edu/otlt/MPH-Modules/PH717-QuantCore/PH717-Module9-Correlation-Regression/PH717-Module9-Correlation-Regression4.html).

showed significant correlation (red dots) with MUC13 (Fig. 10a). The
list of gene set along with their respective pathways was listed in
Supplementary Table 3. The most positive and negative corelated
genes asociated with MUC13 are represented in heatmap (Fig. 10 b
and c). For functional and pathway enrichment of the corelated
genes with MUC13, enrichment studies were executed using GSEA
method and KEGG pathways category in the LinkInterpreter sub-
module of LinkedOmics. As exhibited in Fig. 10d, the MUC13 core-
lated genes have positive involvement in chemical carcinogenesis,
lipid and glucose metabolism (ether lipid metabolism, glycerolipid
metabolism mucin type O-glycan biosynthesis, pentose and glucur-
onate interconversions, sphingolipid metabolism), pancreatic se-
cretion, bile secretion and maturity onset of diabetes among the
young patients. Whereas, DNA replication, mismatch repair,
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nucleotide excision repair, RNA polymerase, Fanconi anemia
pathway, FoxO signaling pathway, RNA surveillance pathways
showed a negative correlation with MUC13. The enrichment plots of
some important positive and negative enriched functional and
pathways are demonstrated in Fig. 10e.

4. Discussion

Pancreatic cancer (PanCa) patients suffer from extremely low
survival and high mortality rate, due to the late diagnosis, lack early
and specific detection biomarkers, appropriate molecular level un-
derstanding of the disease progression, and availability of effective
therapeutic modalities to manage the advance disease conditions.
Thus, urgent investigations are highly desirable in these areas to
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improve the management of PanCa. Towards this effort, herein, we
described the role of a new transmembrane glycoprotein, MUC13, as
a potential biomarker of PanCa, defined its structural features,
genomic variance, and involvement in disease progression by using
big transcriptomic data mining and computational systems biology
approaches. Investigations published from our lab and others have
suggested oncogenic role of MUC13. The high expression of MUC13
is observed in PanCa, while undetectable in normal pancreatic
tissue [9].

Through literature survey, the comparative ROC of MUC1, MUC13
and CA-19.9 were also observed. Published literature suggests ROC
value of CA-19.9 around 72 % sensitivity, 62 % specificity [23], MUC1
87 % sensitivity, 75.5% specificity [24]. However, in a small cohort

though, MUC13 has shown sensitivity 90, specificity 100% in early
lesions of pancreatic cancer (PanINs) and 94 sensitivity, 90 % speci-
ficity in pancreatic ductal adenocarcinoma samples in relation to
healthy controls [9]. This observation reinforce the oncogenic
alignment of MUC13 in PanCa among other popular biomarkers.
MUC13 has very unique structural features as compared to other
transmembrane mucins like MUC1 and MUC4. The observed struc-
tural differences was observed between MUC1 (Uniprot ID: P15941),
MUC4 (Uniprot ID: Q99102) and MUC13 (Uniprot ID: Q9H3R2) using
Uniprot database. As per this analysis, MUC1 contains TR domain,
SEA module and a functional cytoplasmic domain, while MUC4
contains TR domain, EGF like domains with a very short, almost non-
functional cytoplasmic tail. MUC13, however holds all the unique

RNA expression of MUC13 in Pancreas the single cell type clusters identified in this tissue visualized by a

w-lk UMAP plot.
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features of both MUC1 and MUC4 mucins, like TR, SEA, EGF like
domains and a long functional cytoplasmic tail with several phos-
phorylation sites. Due to these unique features, MUC13 appears to
have a different place among all the transmembrane mucins. In this
article, big data analysis, was utilized to made an attempt to com-
prehensively arrange all the scattered information about mucin
MUC13. This study was initiated by elucidating the putative struc-
tural features of MUC13. Since there is no crystal structure available
for MUC13 in public domain, we have modeled it through compu-
tational and systems biology approach to visualize its various do-
main and identify various exposed and functional residues.
Approximately 63 highly conserved, exposed and functionally active
residues are identified in MUC13 through this analysis. Most of these
residues are present in cytoplasmic domain, which clearly suggest
the crucial role of MUC13 cytoplasmic tail in cellular signaling. The
structure of MUC13 was minutely scrutinized and observed for the
precise location of all domains and regions. Total 6 glycosylation
sites were observed, out of which, 2 residues in Tandem repeat re-
gion (151, 169), 2 residues in EGF like-1 domain (193, 206), 1 residue
in SEA domain (284) and 1 residue in EGF like 2 domain (332). Hyper
glycosylation in tandem repeat region leads to bulky MUC13 struc-
ture which will be equal in weight to heavy Mucins (MUC1, MUC4,
MUC15 & MUC16) [8]. However, EGF like domains were recognized
as, rich in disulfide bonds. The same domains along with SEA and
cytoplasmic domains also hold some unique natured peptides,
which create the unique positioning of MUC13 in proteomics. The
antigenic sequence found from 107 to 287 was also scattered from
tandem repeat domain to SEA domain. The antigenic region of
tandem repeat domain potentially will be responsible for the anti-
body recognition.

This study indicates high expression level of MUC1 in normal
pancreas which is almost 50 times higher than the MUC13 expres-
sion. MUC1 is one of the oncogene in PanCa [25] and other cancers
[7], thus MUC1 holds the gold standard cancer biomarker status.
Therefore, MUC1 was used as reference gene for the correlation
analysis with MUC13. S100A4 is known metastatic biomarker that
why MUC13 correlation was done t identify the metastatic potential
of MUC13 in pancreatic cancer condition. In this investigation,
MUC13, MUC1 and S100A4 have shown strong and positive ex-
pression correlation. Following this, multiple sequence alignment
was performed between MUC1 and MUC13 and found only 22.96 %
sequence similarity. This analysis clearly revealed that MUC1 and
MUC13 had diverse sequences, even in global protein sequence
BLAST, MUC13 did not get homology with any other proteins listed in
non-redundant protein sequences database. In the PanCa condition
expression level (via DEGseq2 of TCGA-PAAD data set) of both pro-
teins was cross validated, interestingly, a better expression profile of
MUC13 (~ 3.73 fold differential expression) was observed in PanCa
patients as compared to MUC1 (~ 2.52 fold differential expression).
Moreover, MUC13 has shown almost six fold higher expression in
pancreatic tumors as compared to normal pancreas tissues, while
MUC1 was only 1 fold higher. This differential expression profile
suggest better specificity of MUC13 in PanCa with respect to MUC1.
The copy number of MUC13 was found relatively higher in PanCa
condition as compared to normal healthy condition. MUC13 ex-
pression analysis in the different tumor staging also provides a clear
view regarding relatively higher MUC13 expression in early stages
(IA, 1B, IIA and IIB) of PanCa, as compared to the advance stages (III
and IV). The higher expression of MUC13 has also shown a positive
correlation with lower disease-free survival in PanCa patients. This
data indicates that the higher expression of MUC13 in initial stage
can be harnessed as an early detection biomarker of PanCa.

The protein atlas based single cell seq analysis clearly presents
the MUC13 position over ductal cells in pancreas. The detailed iso-
form analysis concluded that MUC13 has total five transcripts,
among them, two transcripts (ENST00000616727.4 and
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ENST00000478191.1) of MUC13 are coding transcripts, while re-
maining are non-coding. Interestingly, ENST00000616727.4 tran-
script which is coding for the long form of MUC13 (L-MUC13) with
512 residues is the prevalent form of MUC13 that is expressed in
tumors, thus we considered it as tumorigenic MUC13 (tMUC13).
While, ENST00000478191.1 transcript encodes for the short form of
the MUC13 (s-MUC13) with a protein of 184 residues, which has
shown fairly less expression in tumors. After deep comparative
analysis of long and short form of MUC13, we found that short form
of MUC13 had missing parts in tandem repeat, EGF like 1,2,3 do-
mains and also does not contain cytoplasmic tail which would be
responsible for downstream cellular signal transductions as it con-
tains all important phosphorylation sites. The MUC13 cytoplasmic
domain contains total of 8 phosphorylation sites, among these 2 are
the most important tyrosine phosphorylation sites (501 & 512) re-
maining others were serine (482, 495, 502), threonine (490) and
ubiquitylation phosphorylation sites. The cytoplasmic tail of the long
form of MUC13 could be responsible for the oncogenesis, as tyrosine
phosphorylation sites synchronize various cellular functions related
to cellular growth and differentiation [26]. The tumor-antigenicity of
both forms of MUC13 were evaluated using VaxiJen portal which
exhibited that the long form of MUC13 was probable-tumor anti-
genic by crossing the threshold level of 0.4, while short form of
MUC13 was found to be probable non tumor antigen with scoring
0.2133. Based on these analysis, we considered short form of MUC13
as non-tumorigenic (nt-MUC13) isoform of MUC13.

In this study we also considered to investigate impact of the
socio-behavioral and demographic factors on MUC13 expression. It
was observed that, ethnicity, age and gender are important factors
for higher expression of MUC13 in PanCa condition. Our analysis
suggests that African American and Asian PanCa patients expressed
relatively higher MUC13 as compared to Caucasian patients.
Additionally, male patients have shown higher expression level of
MUC13 as compared to female patients. The reason for this male vs
female disparity could be due to protective female hormones [27].
According our analysis, alcohol consumption, diabetic status and
inflammation in pancreas may also be responsible for the higher
MUC13 expression in PanCa patients. So lifestyle and socio-beha-
vioral factors could be important risk factors in pancreatic patho-
biology. Finally, the functional enrichment analysis was done to
understand the involvement of MUC13 and its associated genes in
various functional pathways. As per the system biology approach
single gene or protein cannot work in the isolation. Fluctuation in
expression of a particular protein/gene mediates sweeping change in
entire gene/protein circuit [28]. Thus, the functional and pathways
enrichment analyses had provided us with the cumulative and col-
lective changes in entire MUC13 associated interactome. Further-
more, it was elucidated that the higher expression of MUC13 leads to
modulation of several important pathways like upregulation of
chemical carcinogenesis, maturity onset diabetes of the young,
pancreatic-bile secretion and several glucoses, lipid metabolism
associated pathways. Some studies suggest that around 80% of
PanCa patients suffer with either early onset of diabetes or dereg-
ulation of glucose metabolism at the time of PanCa diagnosis [4].
Consequently, it can be assumed that in future, MUC13 and its as-
sociated genes can be deemed as biomarkers to ascertain the dia-
betes associated PanCa. Meanwhile, DNA repair related pathways
like mismatch repair, nucleotide excision repair, Fanconi anemia and
FoxO signaling pathways were down regulated in this enrichment
analysis. This point clearly cited that the upregulation of MUC13 in
PanCa may lead the deregulation of DNA repair pathways, which
may accumulate and lead to the progression of cancer [29]. However,
we completely understand that being a transmembrane mucin it
might have certain limitations as it has shown relatively lower ex-
pression in poorly differentiated or late stage of PDACs in compar-
ison to the well differentiated and moderately differentiated or early
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stage of cancers. Despite that, we strongly believe MUC13 has very
high potential to effectively aid pancreatic cancer diagnosis and
treatment in future. Although the big transcriptomics analysis is very
fascinating and generates huge data sets which is helpful to scan
every aspect of the study. But still, Omics data are inconsistent be-
tween cohorts, it may vary from batch to batch, thats why to cross
validate the omics data; specific experimental platforms are man-
datory to make this methodology more significant and reliable. The
data scale gap is one of the most important problem of omics studies
because most of clinical trials do not collect omics data just to reduce
the cost of the overall study. Decreasing the cost of the sequencing,
the omics data collection can become mandatory and standard re-
quirement of any clinical study. This action will open huge avenues
to explore and investigate the data set in various aspects. Ad-
ditionally, existing data repositories, like as ClinicalTrials.gov and
NCBI GEO, should come up with the common metalanguage stan-
dards for the better data integration [3,30].

5. Conclusion

This work gives insight into the use of big data analyses that
could be applied to improve diagnosis of cancers as well as clarify
the hot point indicators like structural, functional, and genomic
properties of any biomarker at a mechanistic level. This study clearly
demonstrates that MUC13 can be a new early diagnostic biomarker
for PanCa, and it also has potential to improve the efficacy of the
existing biomarker panel. Current analysis will improve the under-
standing about the role of MUC13 in PanCa that will ultimately help
develop additional therapeutic strategies for the management of
PanCa and reduce its burden. Further, the big data analysis approach
is opening an important avenue for the discoveries of specific and
significant biomarkers not only for PanCa but can also be useful for
other malignancies.
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