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Abstract

Background
We aim to develop core modules related to pancreatic cancer (PC) to predict the prognosis of PC patients
and explore their tumor microenvironment.

Method:
We merged 175 pancreatic cancer samples in the TCGA database with gene mutation expression,
methylation level distribution, mRNA expression and pancreatic cancer-related genes into a public
database, and then through weighted correlation network analysis (WGCNA), Two expression modules
associated with pancreatic cancer are combined. Then, by integrating these selected genes identi�ed
from the �rst 10 genes of the two co-expression modules, a model risk score is established, and patients
are divided into high-risk and low-risk subgroups. Kaplan-Meier survival analysis method is used to
analyze differences, analyze the correlation of survival between subgroups, and analyze prognostic
models. These selected core genes can divide early pancreatic cancer into two subgroups, compare the
prognosis of these two groups, and screen for differentially expressed genes. Use GO and KEGG
enrichment analysis to predict the function of differentially expressed genes. The differential expression
level and immune cell in�ltration level of these selected core genes were further analysis.

Results
Our �ndings shown nine core genes (MST1R, TMPRSS4, PTK6, KLF5, CGN, ABHD17C, MUC1, CAPN8,
B3GNT3) were prognostic biomarkers of pancreatic cancer. These 9 genes could divide early pancreatic
cancer into two subgroups, and the two subgroups had signi�cant differences in prognosis, and were
mainly different in functions such as digestion and extracellular cell adhesion. Further analysis revealed
that the expression of these 9 genes were expressed at high levels in pancreatic cancer tissues. In
addition, we validated pancreatic cancer cells and pancreatic epithelial cells through quantitative real-
time PCR (qRT-PCR), suggesting that the MST1R, PTK6, ABHD17C and CGN expressed higher in PC cells.
CIBERSORT analysis indicated that these genes expression were closely correlated with B-cell naive, CD8+

T cells, Macrophages M0 cells, suggesting that these genes may play a carcinogenic role in the
preservation of immune-dominant status for tumor microenvironment.

Conclusions
Our research identi�ed 9 key genes which may enhance our understanding of the molecular mechanisms
associated with pancreatic cancer.
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Background
Pancreatic cancer(PC) is the most invasive malignant tumor in the digestive system[1]. Its incidence is
low, but due to early metastasis to local lymph nodes and distant organs, the 5-year survival rate of
patients with PC is very low. The only treatment that may cure PC is surgical resection. However, about
80% of tumors are unresectable at the time of diagnosis[1–3]. For patients with advanced PC,
chemotherapy is the treatment of choice, but chemotherapy has a wide range of side effects[2, 3].
Therefore, early detection of PC is essential in order to provide patients with an optimal treatment.

Based on the analysis of single omics data, researchers had found many factors related to PC from
various aspects[4, 5]. As a complex regulatory system, the occurrence of diseases usually involved
genetic mutations, epigenetic changes, and abnormal gene expression. Therefore, it was very meaningful
and important to identify the prognostic biomarkers of PC through the integrated analysis of multi-omics
data.

Material And Methods
TCGA data download

Pancreatic cancer mutation data was downloaded using the R package TCGAbiolinks[6]
(https://bioconductor.org/packages/release/bioc/html/TCGAbiolinks.html). Screen the cancer type as
PAAD from http://�rebrowse.org/, download the SNP6 Copy Number segment data of PC samples and
the methylation chip data of PC samples (platform was illumina 450K chip). Both mRNA and miRNA
expression pro�les and sample clinical data were downloaded from the TCGA o�cial website
(https://portal.gdc.cancer.gov/). Finally, the data of 175 patients who included 5 data sets (mutation,
CNV, methylation, mRNA, miRNA) were analyzed. The clinical data of these 175 patients with PC were
shown in Table 1.

Mutation (SNV) analysis

MutSigCV was used to analyze high-frequency mutation genes in tumors. By screening genes with higher
mutation frequencies, more mutations, and mutations that occur more frequently in conservative sites.
The analysis was performed by the corresponding MutSigCV module in the online analysis tool
GenePattern[7] (https://cloud.genepattern.org/gp/pages/index.jsf) developed by the Broad Institute.
Various types of mutations can occur in cancer, including six basic mutations: C>A, C>G, C> T, T> A, T> C,
T>G. In order to study different types of mutations, the researchers proposed the concept of mutational
signatures[8]. First, based on six basic types of mutations, and then consider 1 base upstream and 1 base
downstream of the mutation site. There were four cases of A, T, C, and G, so a total of 96 mutation types
(4 * 6 *4) may be obtained. The frequency of these 96 mutation types was different in different cancers.
Non-negative matrix factorization was performed on the frequency of 96 mutation types in each sample
to obtain mutation signatures for PC. Here we use the R package maftools[9]
(https://bioconductor.org/packages/release/bioc/html/maftools.html),somatic signatures[10]
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(https://bioconductor.org/packages/release/bioc/html/Somatic Signatures.html) for mutation signature
analysis of tumor samples. Then unsupervised hierarchical clustering was performed on the samples
based on the contribution of each label, and the clinical characteristics of the sample subgroups with
different mutation characteristic labels were observed.

Difference analysis

The limma[11] package in R was used for differential methylation site analysis, and gene annotation was
performed based on the position information of the site. Similarly, the limma package was used to
analyze the mRNA and miRNA expression pro�le data of cancer samples and control samples to screen
for differential mRNA and miRNA.

Identify candidate gene sets

The differentially expressed genes were searched together with pancreatic cancer-related genes searched
in the GENE database, the OMIM database, and the KEGG database, and genes that appeared at least
once were selected as the object of investigation. Then, the genes annotated in the differential
methylation site analysis and the markedly mutated genes obtained by the MutSigCV analysis were
added to further expand the scope of the investigation and �nally obtain a candidate gene set. The
expression pro�le data of candidate gene sets in TCGA in PC samples were selected for analysis of
weighted co-expression networks in the next step.

Weight co-expression network analysis and cluster analysis

WGCNA[12] is a systems biology method using gene expression data to construct a scale-free network.
Using the WGCNA package of R, a weighted co-expression network is constructed on the expression
pro�le data of the candidate gene set obtained in the previous step. Screen for modules related to PC,
construct an interaction subnet for the co-expressed gene sets within the module, and screen candidate
core genes for PC based on the network node degree. All clustering heatmaps were completed using the R
package pheatmap. The clustering method selected is ward.D.

Survival analysis

According to the clinical data downloaded and compiled by TCGA, Kaplan-Meier analysis was performed
on candidate core genes of PC to �nd genes that had a signi�cant effect on patient prognosis (P<0.05).

Function and path enrichment analysis

GO and KEGG enrichment analysis was performed on the gene set of interest using R package cluster
pro�ler (https://bioconductor.org/packages/release/bioc/html/cluster Pro�ler.html)[13].

Immune correlation
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CIBERSORT analysis tool was applied for estimate the abundance of immune cells in 175 tumor samples,
and the correlation between nine core genes and immune in�ltration level.

Quantitative real-time PCR

Expression levels of MST1R, PTK6, ABHD17C and CGN were detected by ABI 7500 Real-time PCR System.
Relative expression levels were normalized to β-actin which is internal control.

Statistical analysis

We used R software (3.5.3) for statistical analysis. The T test was used to compare subgroups. We
carried out a Chi-square test to describe clinical parameters and compare patient characteristics.
Pearson's correlation was applied to analyze the correlation between genes and the level of immune
in�ltration. K-M survival curves were used to analyze OS between different groups. Enrichment analysis
was accomplished by using the hypergeometric test.

Results
Sample and clinical data

The study included omics data and clinical information of 175 patients in total, including mutation
results and CNV results of 175 samples, methylation expression pro�le data including 175 tumor
samples and 10 control samples, and mRNA expression pro�le data including 175 of the tumor samples
and 4 control samples, the miRNA expression pro�le data included 175 tumor samples and 4 control
samples. The analysis process of our study is shown in Fig. 1.

Table1 TCGA pancreatic cancer patient characteristics
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characteristics Number(n)

Age(years)

<65

79

>=65 96

Gender  

Male 96

Female 79

Histological type  

Pancreas-Adenocarcinoma-Other Subtype 25

Pancreas-Adenocarcinoma Ductal Type 144

Pancreas-Colloid (mucinous non-cystic) Carcinoma 4

Pancreas-Undifferentiated Carcinoma 1

Discrepancy 1

Status  

Alive 84

Dead 91

T  

T1 7

T2 24

T3 139

T4 3

TX 1

Not Available 1

N  

N0 49

N1 117

N1b 4

NX 4

Not Available 1
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M  

M0 78

M1 4

MX 93

Stage  

Stage I 1

Stage IA 5

Stage IB 15

Stage IIA 28

Stage IIB 116

Stage III 3

Stage IV 4

Not Available 3

Grade  

G1 30

G2 94

G3 47

G4 2

GX 2

Mutant genes and mutation characteristics

Many somatic mutations occur during the development of cancer. A few gene mutations directly promote
tumorigenesis and development. These genes were called driver genes. MutSigCV was used to predict
mutations in 175 tumor samples. When the signi�cance threshold P<0.05, a total of 991 candidate driver
genes were screened, including SMAD4, TP53 and other genes related to cancer development.

Table 2 Results of correlation between gene module characteristics and phenotype
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Module Cor P value

turquoise -0.292345297 7.16E-05

black 0.226804486 0.002265162

green 0.127502617 0.088967995

magenta 0.095603005 0.203004528

DNA methylation

The limma package was used to screen the methylation chip data of 175 cancer samples and 10 control
samples for differential methylation sites. When the signi�cance threshold was 0.05 and |logFC|>0.3, a
total of 1106 differential methylations were screened. The methylation level of 351 methylation sites
decreased, and the methylation level of 755 methylation sites increased.

Analysis of mRNA differentially expressed genes and mutations

Differential gene analysis was performed on the mRNA expression pro�les of 175 cancer samples and 4
control samples. When the signi�cance threshold was 0.05 and | logFC|>1, a total of 246 differentially
expressed genes were screened. The effect of each mutation site on genes was different. We counted the
effects of mutations on genes in all samples of each gene. These effects could be divided into the
following categories, including frame_shift_del, frame_shift_ins, in_frame_del, missense_mutation,
nonsense_mutation, nonstop_mutation, splice_site, translation_start_site. statistical analysis by t test
found that the distribution of mutation types was signi�cantly different in frame_shift_del (P=1.56e-12),
in_frame_ins (P=3.95e-11), nonstop_mutation (P=6.22e-05) and splice_site (P =0.005), which indicated
that SNV has a certain effect on gene expression. Further enrichment analysis was performed on the
differential genes and the signi�cant mutation gene set analyzed by MutSigCV. The hypergeometric
distribution test showed that the differential genes were signi�cantly enriched into the signi�cant
mutation gene set analyzed by MutSigCV and p value was 0.037.

Candidate mRNA gene set and construction of weighted co-expression networks for candidate gene sets

The differentially expressed genes were searched in the pancreatic cancer-related genes searched in the
GENE database, the OMIM database, and the KEGG database. The relationship between the genes and
differential genes in the database was shown in the Fig. 2a, of which 216 gene were identi�ed in the
differential analysis, and these genes might be related to the onset of PC. In order to further expand the
scope of the investigation, the 501 genes annotated in the differential methylation site analysis and the
991 signi�cant mutant genes obtained by MutSigCV analysis were added to �nally obtain a candidate
gene set with a total of 3284 genes. The PC sample expression data of 3284 genes in TCGA were
selected for the next analysis of weighted co-expression networks.
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The WGCNA software package of R was used to construct a weighted co-expression network for
candidate gene sets. To ensure that the network was scale-free, we choosed the optimal β=5 (Fig. 2b). We
used average-linkage hierarchical clustering method to cluster genes, and obtained 13 modules in total.

In order to determine the correlation between the genetic module and the disease, calculate the Pearson
correlation coe�cient of each module and the sample characteristics (cancer or normal) (the higher the
module was more important) and the signi�cance P value of the corresponding correlation. The results of
the correlation coe�cient between gene module characteristics and phenotypes were shown in Table 1.
Subsequently, the gene signi�cance (GS) value of each gene module was calculated (Fig. 2c, d). The
larger the GS value, the more relevant the module was to the disease. Through correlation analysis and
GS value calculation, two modules related to PC were �nally selected. These two modules were turquoise
and black, respectively.

Based on the expression relationship of the genes in the two co-expression modules analyzed above, we
construct a co-expression network for each module separately. In the end, we selected the top10 gene as
the key gene in the co-expression network, that was, the key gene related to PC.

Survival analysis

In order to determine whether the 20 key genes associated with PC obtained in the previous analysis were
signi�cantly correlated with prognosis. We performed Kaplan-Meier survival analysis based on the
clinical data of these 175 PC samples in TCGA and the expression of these genes in the samples. When
the signi�cance threshold was set to 0.05, a total of 9 module core genes, including MST1R(P=0.047),
TMPRSS4(P=0.0077), PTK6(P=0.0027), KLF5 (P=0.00019), CGN(P=0.014), ABHD17C(P=0.026),
MUC1(P=0.039), CAPN8 (P=0.024), B3GNT3 (P=4e-04) were related to prognosis (Fig. 3).

Further multi-factor Cox regression analysis was performed on these 9 genes, and a regression model
Score=-0.0877*MST1R-0.0325*TMPRSS4+0.0693*PTK6 +0.1893*KLF5-0.0634*CGN-
0.1143*ABHD17C+0.1589*MUC1-0.2122*CAPN8+ 0.3480*B3GNT3. According to the R package maxstat,
then determined the classi�cation's best score threshold point was 2.110527 and divided the sample into
high score and low score groups according to 2.110527 (Fig. 4). Then Kaplan-Meier analysis was
performed based on the survival time and status of the samples, and the analysis results showed that
there were signi�cant differences in the prognosis of the samples with high and low groups (P=0.00035).

Driver genes mediate molecular typing of early pancreatic cancer

We selected 150 early PC samples (Stage I, Stage II) from TCGA, and used the expression of the 9
prognostic-related genes (MST1R, TMPRSS4, PTK6, KLF5, CGN, ABHD17C, MUC1, CAPN8, B3GNT3) in
the early cancer samples analyzed in the previous step to perform unsupervised clustering analysis (Fig.
5a). As shown in the Fig. 5b, all PC samples could be divided into two categories, and the two types of
samples had signi�cantly different prognosis.
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In order to further analyze the differences of these key genes in different subgroups, the average
expression value of each gene in each type of sample was used as the expression value of the gene in
that category. After t-test analysis, it was found that these 9 genes related to prognosis genes were
differentially expressed in two subclasses (Fig. 6).

Functional differences in early pancreatic cancer subgroups

The limma package in R was used for differential gene analysis of the two types of PC samples obtained
in the previous step. When the signi�cance threshold was 0.05 and |logFC|>1, a total of 563 differentially
expressed mRNAs were screened (Fig. 7). Perform functional and pathway enrichment analysis of these
genes (Fig. 8). These differential gene results show that these genes mainly were related to various
digestion and absorption and cell adhesion functions. The KEGG pathway shown that these genes were
related to pancreatic secretory function. It was inferred that the process of PC was related to various
digestive disorders and changes in extracellular cell connections.

The analysis of these genes combined with clinical characteristics and the proportion of tumor in�ltrating
leukocytes (TILs)

These genes of expression level in PC tissues were higher in those of paracancerous tissues (P <0.05)
(Fig. 9a). These genes showed high expression levels in stage III/IV of PC, but it
is not statistically signi�cant (Fig. 9b). It may be because of the sample size was not large enough to pick
up a statistical difference. In order to further con�rm the correlation between the expression of these nine
genes and the immune microenvironment, CIBERSORT algorithm was used to analyze the correlation of
22 kinds of TILs proportion with these 9 genes expression. Among them, B-cell naive, CD8+ T cells, and
Macrophages M0 cells were correlated with these 9 genes expression (Fig. 10). These results support that
the expression levels of these nine genes affect the immune activity of tumor microenvironment. Later,
according to the drug-target interactions recorded in the drug-bank database, MUC1, PTK6 were the target
genes of 2 drugs (Potassium nitrate, Vandetanib). 

MST1R, PTK6, ABHD17C and CGN is highly expressed in PC cells

We next investigated the expression level of four of these genes in cancer cell lines and pancreatic
epithelial HPDE lines, MST1R, PTK6, ABHD17C and CGN were expressed relatively high in BxPC-3, Panc-1
and PATU-8988(Fig. 11, Table 3).

Table 3 Primers designed for the qRT-PCR validation of candidate gene mRNA levels and β-actin
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Symbol Forward primer (5 ‘to 3 ) Reverse primer (5 ‘to 3 )

MST1R CATACCGCCACATTGACCCT CTGCATCACTTGGTACAGAGAAT

PTK6 GCTATGTGCCCCACAACTACC CCTGCAGAGCGTGAACTCC

CGN CGAGGAAAAAGTCTCACGGCT GTCTTCAGGTCCTTGTTCTGTCTCT

ABHD17C GCCGTCGAGGTCTTCTTCTC GACTCACGCCATACCGGG

β-actin CCTGGCACCCAGCACAAT GCTGATCCACATCTGCTGGAA

Discussion
A study by Mishra et al. used multi-omics data to explore genes related to survival. This study is the �rst
analysis of pancreatic ductal adenocarcinoma methylome data based on TCGA[14]. Recently, Chen et al.
used multiple datasets to screen DEGs related to DNA methylation. SULT1E1, IGF2BP3, MAP4K4 were
potential prognostic biomarkers of PC and selected to construct a prognostic model[15]. In this study, we
integrated multi-omics data of 175 cases of PC from TCGA database to generate the feature matrix of
genes, which include genomic mutation, methylation and pancreatic cancer-related genes. These four
kinds of data comprehensively provide 3284 genes. By WGCNA analysis, we identi�ed two PC related
modules. Eventually, by comparing the selected genes in two modules with prognostic values, 9 genes
(MST1R, TMPRSS4, PTK6, KLF5, CGN, ABHD17C, MUC1, CAPN8 and B3GNT3) were identi�ed as hub
genes. Studies have found that a 15 gene set was associated with the prognosis of PC, and the high
expression of the CAPN8 gene in this gene set was associated with a poor prognosis[16]. MST1R kinase
was overexpressed in more than 80% of PC, and its effect on epithelial cells and macrophages which can
accelerate the progression of PC[17]. However, some studies have found that although RON (also known
as MST1R) was involved in the progress of PC in experimental models and may constitute a therapeutic
target, its expression was not related to the prognosis of patients with PC who have undergone surgical
resection[18, 19]. The prognostic effect of MST1R on early PC has not been found in the literature. PTK6
promotes tumor migration and invasion in PC cells that rely on the ERK signaling pathway[20], and no
prognostic effect of PTK6 on early PC has been reported in the literature. Studies have analyzed the
expression pro�le data of PC in GEO and found that TMPRSS4 can be combined with other genes as
candidate markers for the prognosis of PC[16]. ABHD17C and CGN have not been reported to be related
to the prognosis of PC. MUC1 was associated with tumor invasion and metastasis, and was highly
expressed in PC, and its expression was related to overall prognosis[21]. KLF5 expression was increased
in pancreatic ductal adenocarcinoma, which can promote mouse cell proliferation, acinar-ductal
metaplasia, pancreatic epithelial neoplasia and tumor growth in mice[22]. Other studies reported patients
with high expression of KLF5 had shorter overall and tumor-free survival time, and KLF5 promoted cell
cycle progression of PC cells[23]. The high expression of glucosyltransferases B3GNT3 plays an
important role in the self-renewal of PC stem cells[24]. The absence of B3GNT3 leads to increased
proliferation and invasion of PC cells[25], and it was related to prognosis[26]. This indicates that the
unreported genes (including MST1R, PTK6, ABHD17C and CGN) can be used as potential driver genes for
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PC. Using qPCR, we elucidated its expression in cell lines. Four hub genes were expressed relatively high
in PC cell lines. At the same time, we analyzed the potential links between these two modules and 68
differentially expressed miRNAs and found that four differential miRNAs were associated with these two
modules. Among them, hsa-miR-375 is related to KLF5.

Afterwards, we constructed a multi-factor Cox regression analysis of these 9 genes and divided the
sample into high score and low score groups. Our study found that there were differences between high
and low score group in the prognosis. We further con�rmed these 9 genes were differentially expressed in
two subclasses. Enrichment analyses demonstrated that various digestion, absorption and cell adhesion
functions were important pathways. In particular, KEGG pathway demonstrated that these differential
gene were closely associated with pancreatic secretory function. It may infer that potential connection
existed between the process of PC with various digestive disorders and changes in extracellular cell.

In addition, we con�rmed gene expression in PC tissues, and performed CIBERSORT analysis revealed
that these 9 genes were negatively correlated with immune in�ltrating level of B cell, and CD8+ T cell. The
high expression of T cell and B cell is related to the prolonged overall survival rate, which can be predicted
in many types of tumors including PC[27]. Our study also found that MUC1, PTK6 were the target genes
of 2 drugs (Potassium nitrate, Vandetanib). Vandetanib was a multi-target oral small molecule inhibitor
that inhibited tumor cells by inhibiting different intracellular signaling pathways during rearrangement
during VEGF, EGFR, RET tyrosine kinase transfection, growth and angiogenesis[28]. There are some
limitations in current research. First, the number of normal samples of patients is too small. Second,
these genetic screenings are based on public data sets. In order to further con�rm that these genes are
related to prognosis, clinical cohorts need to con�rm.

In conclusion, we constructed a co-expression network by using WGCNA and obtained 9 core genes,
which can provide theoretical basis for studying dearly PC. In future research, we need to use molecular
biology methods to verify our �ndings. Moreover, functional studies on key genes are needed.

Abbreviations
PC: pancreatic cancer; FC: Fold change; RT-qPCR: Real time‐quantitative polymerase chain reaction;
GSEA: Gene set enrichment analysis; KEGG: Kyoto Encyclopaedia of Genes and Genomes; GO: Gene
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Figure 1

Analysis work�ow of this study
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Analysis work�ow of this study
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Figure 2

Hub module selection. a Genes related to pancreatic cancer from different platforms. b Network soft
threshold β determination. c co-expression module. d Mean distribution of GS in different gene modules
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Hub module selection. a Genes related to pancreatic cancer from different platforms. b Network soft
threshold β determination. c co-expression module. d Mean distribution of GS in different gene modules
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Figure 3

gene expression survival curves
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gene expression survival curves
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Figure 4

Survival curves of two types of samples based on the comprehensive score of 9 gene expressions
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Survival curves of two types of samples based on the comprehensive score of 9 gene expressions
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Figure 5

prognostic-related genes. a Expression of prognostic genes in early samples. b Prognostic difference
between two subgroups
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Figure 6

genes differentially expressed in two subgroups.

Figure 6

genes differentially expressed in two subgroups.
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Figure 7

Volcano map of differentially expressed genes in two types of early pancreatic cancer
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Figure 7

Volcano map of differentially expressed genes in two types of early pancreatic cancer
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Figure 8

Enrichment analysis.a KEGG enrichment analysis. b GO enrichment analysis
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Figure 8

Enrichment analysis.a KEGG enrichment analysis. b GO enrichment analysis
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Figure 9

The expression level of 9 key genes. a Relationships between the 9 genes and the cancer status among
PC patients. b Expression of four genes by grade in PC patients.
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Figure 10

Immune in�ltration of 9 genes
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Figure 10

Immune in�ltration of 9 genes

Figure 11
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The expression level of MST1R, PTK6, ABHD17C and CGN in cancer cell lines and pancreatic epithelial
HPDE lines

Figure 11

The expression level of MST1R, PTK6, ABHD17C and CGN in cancer cell lines and pancreatic epithelial
HPDE lines


