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Several genes involved in the JAK-STAT pathway
may act as prognostic markers in pancreatic
cancer identified by microarray data analysis
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Abstract
Purpose: This study aimed to identify the underlying mechanisms in pancreatic cancer (PC) carcinogenesis and those as potential
prognostic biomarkers, which can also be served as new therapeutic targets of PC.

Methods: Differentially expressed genes (DEGs) were identified between PC tumor tissues and adjacent normal tissue samples
from a public GSE62452 dataset, followed by functional and pathway enrichment analysis. Then, protein–protein interaction (PPI)
network was constructed and prognosis-related genes were screened based on genes in the PPI network, before which prognostic
gene-related miRNA regulatory network was constructed. Functions of the prognostic gene in the network were enriched before
which Kaplan–Meier plots were calculated for significant genes. Moreover, we predicted related drug molecules based on target
genes in the miRNA regulatory network. Furthermore, another independent GSE60979 dataset was downloaded to validate the
potentially significant genes.

Results: In the GSE62452 dataset, 1017 significant DEGs were identified. Twenty-six important prognostic-related genes were
found using multivariate Cox regression analysis. Through pathway enrichment analysis and miRNA regulatory analysis, we found
that the 5 genes, such as Interleukin 22 Receptor Subunit Alpha 1 (IL22RA1), BCL2 Like 1 (BCL2L1), STAT1, MYC Proto-Oncogene
(MYC), and Signal Transducer And Activator Of Transcription 2 (STAT2), involved in the Jak-STAT signaling pathway were
significantly associated with prognosis. Moreover, the expression change of these 5 genes was further validated using another
microarray dataset. Additionally, we identified camptothecin as an effective drug for PC.

Conclusion: IL22RA1, BCL2L1, STAT1, MYC, and STAT2 involved in the Jak-STAT signaling pathway may be significantly
associated with prognosis of PC.

Abbreviations: BCL2L1 = BCL2 Like 1, DAVID = Database for Annotation, Visualization, and Integrated Discovery, DEGs =
differentially expressed genes, FC= fold change, GEO=Gene Expression Omnibus, GO=Gene Ontology, IL22RA1= Interleukin 22
Receptor Subunit Alpha 1, KEGG = Kyoto Encyclopedia of Genes and Genomes, MYC = MYC Proto-Oncogene, BHLH
Transcription Factor, PC = pancreatic cancer, PPI = protein–protein interaction, STAT1 = Signal Transducer And Activator Of
Transcription 1, STAT2 = Signal Transducer And Activator Of Transcription 2.
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1. Introduction

Pancreatic cancer (PC) is one of the most lethal malignancies
worldwide with an estimated 53,670 new cases diagnosed and
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43,090 deaths in the United States in 2017. Although great
progress has been made in the management of PC, the overall 5-
year survival rate for patients with PC remains disma—
approximately at 5% and the prognosis of PC is poor.[2] The
poor prognosis mainly results from delayed diagnosis, early
metastasis, and aggressive local invasion.[3] Therefore, it is of
great clinical value to improve understanding of the underlying
molecular and seek new biomarkers for more reliable and
treatments for patients with PC.
Several elements, such as smoking and inheritedmutations, have

been identified as risk factors for this disease.[4]However, the exact
causes were still not clear. Recently, Mao et al[5] showed that
change of granulocyte adhesion pathway and alteration of Keratin
16 (KRT16) were involved in the pathogenesis of PC. A study
revealed brain and muscle ARNT-like 1 (BMAL1) as an
antioncogene in PC by activating the p53 tumor suppressor
pathway.[6] Additionally, theNotch pathwaywas shown to play a
role in maintaining the cancer stem cell in PC.[7] Most prognostic
markers, such as tumor differentiation, lymph node status, and
micrometastasis, are not preoperatively accessible. Prognostic
genes can provide insights into themolecularmechanisms of tumor
progression and have potential as biomarkers, which are
informative regarding clinical outcomes.[8] A recent study
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indicated that overexpression of topoisomerase 2-alpha was in
association with a poor prognosis in pancreatic adenocarcino-
ma.[9] cyclin G2 expression inversely reflected cancer progression
and was reported to be a possible independent prognostic marker
in PC.[10]Moreover,miRNA-196bwas an independent prognostic
biomarker in patients with PC.[11]Multiple studies have confirmed
that carcinoembryonic antigen and carbohydrate antigen 19-9 can
be used for the diagnosis and follow-up of multiple diseases,
including PC.[12] However, these biomarkers are not sufficiently
sensitive or specific for use in PC.[13,14] Although tremendous
efforts have beenmade to explore the pathogenesis of PC, there still
lacks a overall understanding of underlying molecular events,
which help reveal key genes and identify prognostic genes for PC.
Moreover, the identification of novel PC-specific molecular
biomarkers is crucial for early effective diagnosis and prognosis.
To develop a better molecular understanding and select

prognostic biomarker candidates for PC, it is necessary to
investigate the gene expression profiles in PC tumor tissues and
nontumor tissues. In this study, differentially expressed genes
(DEGs) were identified between PC tumor tissues and adjacent
normal tissue samples from a public downloaded dataset, and
comprehensive bioinformatics analysis was conducted. Here we
aimed to identify the underlying mechanisms in PC carcinogene-
sis and those as potential prognostic biomarkers, which can also
be served as new therapeutic targets of PC.
2. Materials and methods

2.1. Data collection and DEGs screening

Two sets of gene expression profiles under the accession number
of GSE62452[15] and GSE60979[16] were downloaded from the
Gene Expression Omnibus (GEO) repository at the National
Center for Biotechnology Information[17] (http://www.ncbi.nlm.
nih.gov/geo/). The GSE62452 dataset contained 69 pancreatic
tumor tissue samples and 61 adjacent normal samples; the
GSE60979 dataset included 49 PC samples and 12 adjacent
normal samples. Platforms used for gene profiling of GSE62452
and GSE60979 are GPL6244 (Affymetrix) and GPL14550
(Agilent), respectively. GSE62452 was used as a major analytical
dataset for this analysis, while GSE60979 served as a validation
dataset for verifying gene expression values following screening
of important genes. This study just re-analyzed the microarray
data downloaded from public database and performed bioinfor-
matics analysis. No experiments were performed on humans or
animals for this investigation. Thus, ethics approval or consent to
participate was not applicable.
For the GSE62452 dataset, raw data in Affymetrix CEL files

were downloaded from the GEO database, which were then
preprocessed using the oligo package (Bioconductor) (http://
www.bioconductor.org/packages/oligo.html; version 1.40.2)[18]

in R3.1.3, including background correction and quantile
normalization. For the GSE60979 dataset, we downloaded
raw data provided as TXT format files. The probes were
annotated to corresponding genes according to information
from the annotation platform. If a gene can correspond to
multiple probes, average expression value of the multiple probes
was calculated as the expression value of the gene. Thereafter,
the data were log2 transformed using limma package[19] (version
3.32.5; http://bioconductor.org/packages/release/bioc/html/
limma.html) in R3.1.3 to approximately follow the normal
distribution, and then the data were normalized by the median
normalization method.[20]
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Then, the limma package was used to screen the significant
DEGs in the GSE62452 dataset, and the false discovery rate value
<0.05 and jlog2 fold change (FC)j>0.585 were selected as the
threshold for selecting the DEGs.
2.2. Two-way hierarchical clustering analysis of DEGs

Hierarchical clustering is a powerful data mining technique that
has been widely applied to search for groups (clusters) of genes
with similar expression patterns or conditions from gene
expression data.[21] Two-way hierarchical clustering of both
genes and samples can define patterns of genes that are expressed
across many samples, producing both gene clusters and sample
clusters.[22] In this study, the expression values of the significant
DEGs in each sample were extracted from the GSE62452 dataset,
and 2-way hierarchical clustering analysis was performed using
the pheatmap package[23] in R3.1.3 (version 1.0.8; https://cran.r-
project.org/package=pheatmap) based on the Euclidean dis-
tance.[24] The result was represented by a heatmap.
2.3. Functional and pathway enrichment analysis of genes
with differential expression

Database for Annotation, Visualization, and Integrated Discov-
ery (DAVID) bioinformatics resource is an easy-to-use web tool
for systematic and integrative analysis of large gene lists to
facilitate the functional annotation and analysis.[25] The DAVID
6.7 (https://david.ncifcrf.gov/) online search software was
applied in this study to identify significantly associated Gene
Ontology (GO) function and Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway of DEGs. The most significant
enrichment of biological annotations is based on the hyper-
geometric distribution algorithm, as shown below. The threshold
of over-represented GO terms and KEGG pathways of DEGs was
set as P< .05. (The functional and pathway enrichment analysis
methods used in the rest of this article are the same as those here.)

P ¼ 1�
Xx�1

i¼0

M
i

� �
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K� i

� �
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K

� �

N represents the total number of genes in the whole genome,M
represents the number of pathway genes, and K represents the
number of DEGs. Fisher score represents the probability that at
least x genes of the K DEGs belong to the pathway genes.

2.4. Construction of PPI network

With the advent of the postgenome era, protein research has
become an extremely important subject. Proteins are the direct
function executors of myriad life activities, and most biological
processes involve the precise regulation of protein. Protein–
protein interaction played an important role in protein
function.[26] Therefore, studying how proteins interact with each
other to form an intermolecular regulatory network will not only
help to understand various biological processes from the system
point of view, but also can be widely used to explore the
mechanism of disease.
In this analysis, protein–protein interaction (PPI) relationships

were derived from 3 PPI databases, STRING[27] (version: 10.0,
http://string-db.org/), BioGRID[28] (version: 3.4, https://wiki.
thebiogrid.org/), and HPRD[29] (release 9, http://www.hprd.org/
).We took the union of PPI information from these 3 databases as
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a background to get access to PPI relationships of DEGs. PPI
network was constructed and visualized through Cytoscape
3.3[30] (http://www.cytoscape.org/).
2.5. Screening of prognosis-related gene

Among the 69 PC samples in the main analysis dataset
GSE62452, a total of 65 tumor samples were found to carry
additional information on tumor prognosis. There into, death
and survival samples were 49 and 16, with an average survival
time of 20.203±16.684 months. Univariate and multivariate
Cox regression analyses of the survival package (version 2.41.3)
(http://bioconductor.org/packages/survival/)[31] in R3.1.3 lan-
guage were performed to screen for genes that are significantly
associated with prognosis. A P value< .05 based on the log-rank
test was selected as the screening threshold.

2.6. Construction of prognostic gene-related miRNA
regulatory networks

First, we used miR2Disease[32] (http://watson.compbio.iupui.
edu:8080/miR2Disease/index.jsp) database to search for miR-
NAs that had direct associations with PC. Each entry in
miR2Disease database (http://watson.compbio.iupui.edu:8080/
miR2Disease/index.jsp) includes detailed information on
miRNA-disease relationships, such as disease name, miRNA
ID, a expression pattern of miRNA in the disease state,
miRNA-disease relationship, and references.[32] In this study,
we used “pancreatic cancer” as the name of the disease to
search for miRNAs associated with the disease reported in the
literature.
We then searched the target genes for directly associated

miRNAs with the miRanda database[33] (http://www.microrna.
org/microrna/home.do). miRanda is the earliest miRNA target
gene prediction software. The prognosis-related genes were
mapped to the target genes regulated by miRNAs, and the
miRNA regulatory network was constructed. The functions and
pathways of the target genes regulated by miRNAs were enriched
and analyzed. Furthermore, Kaplan–Meier plots[34] were calcu-
lated for significant genes to assess the relationship between genes
and prognosis.
2.7. Search for the target gene-related drug molecules in
the regulatory network

In this study, Connectivity Map (CAMP, https://portals.broad
institute.org/cmap/) was used in cancer drug discovery.[35]

Prognosis-related target genes of miRNAs were used to query
the PC-related compounds. The drugs with jscorej>0.8 in this
article were retained as small-molecular drugs with high
correlation.

3. Results

3.1. Identification of DEGs

In the GSE62452 dataset, 1017 significant DEGs were identified
between PC samples and control samples, of which 311 were
down-regulated and 706 genes were up-regulated. A volcano plot
of the DEGs was shown in Fig. 1. Additionally, a heat-map
overview of the 2-way hierarchical clustering analysis of DEGs
was shown in Fig. 1B. From the heat map, we found that the
expression values of DEGs obtained can separate the different
types of samples and the color was clear, indicating that the
3

identified DEGs can be used to distinguish PC samples from
control samples.

3.2. GO and KEGG pathway enrichment analysis of DEGs

We performed GO and pathway enrichment analysis of DEGs to
investigate the involved functions, which revealed that 23 GO
terms and 22 KEGG pathways were enriched by all the DEGs
(Table 1 and Fig. 1). The most enriched GO terms were “cell
adhesion” (GO:0007155) and “biological adhesion”
(GO:0022610) in biological processes category (Table 1). On
the other hand, the DEGs were significantly enriched in the
pathways, such as “ECM-receptor interaction,” “Focal adhe-
sion,” “Cytokine-cytokine receptor interaction,” and “JAK
(Janus tyrosine Kinase)-STAT (Signal Transducer and Activator
of Transcription) signaling pathway.”
3.3. PPI network construction

In total, 1663, 847, and 386 PPI pairs of DEGs were obtained in
the STRING, BioGRID, and HPRD databases, respectively. A
total of 2061 pairs of interactions (the union of those from 3
databases) are used to construct the PPI network, as shown in
Fig. 2, which consisted of 462 nodes and 2061 edges
(interactions). The nodes contained 110 down-regulated genes
and 352 genes that were up-regulated.

3.4. Screening of prognostic-related genes from DEGs
and construction of miRNA regulatory network

Based on the gene expression values of 462 nodes in the PPI
network and prognosis information of samples, a total of 116
prognostic-related genes were identified using univariate cox
regression analysis. Ultimately, 26 important prognostic-related
genes were found using multivariate cox regression analysis
(Table 2), such as BCL2 Like 1 (BCL2L1) and Interleukin 22
Receptor Subunit Alpha 1 (IL22RA1).
A total of 24 miRNAs were found to be associated with PC by

searching in the miR2Disease database, and miRanda was used
to search for target genes of these 24 miRNAs. The target genes
were mapped to the important prognostic-related genes and 93
pairs of regulatory relationships were identified. Figure 3A shows
the miRNA regulatory network constructed based on the 24
miRNAs and their target prognostic-related genes, which
included 46 nodes, of which 24 miRNAs and 22 target
prognostic-related genes (4 down-regulated and 18 up-regulated
genes) were included, and 111 edges, of which 93 miRNA-gene
interactions and 18 gene–gene interactions were included. The
disease-related miRNAs and their target prognostic-related genes
were listed in Table 3.
The 22 target prognostic-related genes in the miRNA

regulatory network were significantly enriched in 4 KEGG
pathways, hsa04630: Jak-STAT signaling pathway (P=
3.40E�04), hsa04512: ECM-receptor interaction
(8.59E�04), hsa05200: pathways in cancer (0.005558), and
hsa04510: focal adhesion (0.010277). In particular, the
regulated target prognostic-related genes were most signifi-
cantly involved in the Jak-STAT signaling pathway, with 5
genes involved: IL22RA1, BCL2L1, Signal Transducer And
Activator Of Transcription 1 (STAT1), MYC Proto-Oncogene,
BHLH Transcription Factor (MYC), and Signal Transducer
And Activator Of Transcription 2 (STAT2) (Fig. 4A). We
independently extracted the regulatory relationship between
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Figure 1. Identification of DEGs and functional enrichment analysis. (A) Volcano plot of the DEGs. Red horizontal dotted line represents the threshold line of false
discovery rate=0.05; red vertical dashed line indicates the threshold line of jlog2FCj>0.585. Red triangle represents significantly up-regulated gene, green inverted
triangle represents significantly down-regulated gene, and black dot indicates non-DEG. (B) Heat map of DEGs. Red indicates up-regulation and green indicates
down-regulation. In the above sample bar, the green represents adjacent normal samples and light purple indicates pancreatic cancer tumor tissue. Enriched Gene
Ontology biology process terms (C) and Kyoto Encyclopedia of Genes and Genomes pathways (D) of DEGs. The abscissa represents the number of genes involved
in the corresponding biological processes and pathways, and the ordinate indicates the biological process and the pathway. The color of the point from green to red
indicates a significant change in the value of P from small to large, and the size of the point indicates ratio (ratio=number of genes involved in function or pathway/
number of background genes). DEGs = differentially expressed genes, FC = fold change.
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these 5 genes from the miRNA regulatory network and
constructed the Jak-STAT signaling pathway-related miRNA
regulatory network (Fig. 3B), which included 14 miRNAs.
On the other hand, we performed Kaplan–Meier curves on the

5 prognostic-related genes involved in the Jak-STAT signaling
pathway, dividing the expression of each gene in all samples into
a high-expression group (expression above that in the sample
with the median expression values) and low-expression group
(expression less than that in the sample with the median
expression values). The results (Fig. 3C) showed that high-
expression group of STAT1, STAT2, and IL22RA1 genes had
better survival rate, and low-expression group of BCL2L1 and
MYC genes had better survival rate.
3.5. Screening of related small-molecule drugs

Several small-molecule drugs were found to have negative
correlation with PC using the CMAP database, such as
4

camptothecin (correlation score=�0.947), butein (correlation
score=�0.928), 8-azaguanine (correlation score=�0.921), and
alsterpaullone (correlation score=�0.921). Two small-molecule
drugs were found to have positive correlation with PC,
containing (correlation score=�0.836) and vigabatrin (correla-
tion score=0.85).

3.6. Validation of the 5 prognostic-related genes involved
in the Jak-STAT signaling pathway using GSE60979
dataset

In the dataset GSE62452, IL22RA1 and MYC genes were
significantly downregulated in PC tissue samples; BCL2L1,
STAT1, and STAT2 genes were significantly upregulated in
cancer samples. As shown in Fig. 4B, we used another
independent dataset GSE60979 to validate the expression
characteristics of these 5 genes in different types of samples.
As a result, we found that they presented differential expression



Table 1

Enriched GO terms and pathways of the identified differentially expressed genes.

Terms Count Ratio P

GO
GO:0007155: cell adhesion 108 8.19171 5.42E�18
GO:0022610: biological adhesion 108 8.19171 6.06E�18
GO:0009611: response to wounding 73 7.564767 1.41E�08
GO:0010033: response to organic substance 70 7.253886 .041627
GO:0001501: skeletal system development 48 4.974093 5.16E�06
GO:0006954: inflammatory response 40 4.145078 .021978
GO:0001944: vasculature development 37 3.834197 7.42E�04
GO:0001568: blood vessel development 35 3.626943 .003284
GO:0042060: wound healing 33 3.419689 8.67E�05
GO:0043062: extracellular structure organization 28 2.901554 .001216
GO:0030155: regulation of cell adhesion 25 2.590674 .001791
GO:0050878: regulation of body fluid levels 25 2.590674 .003056
GO:0032101: regulation of response to external stimulus 25 2.590674 .025969
GO:0031589: cell-substrate adhesion 23 2.38342 5.40E�05
GO:0070482: response to oxygen levels 23 2.38342 .034495
GO:0007160: cell-matrix adhesion 22 2.279793 4.38E�05
GO:0001666: response to hypoxia 22 2.279793 .049552
GO:0030198: extracellular matrix organization 21 2.176166 .003174
GO:0051604: protein maturation 21 2.176166 .039124
GO:0007596: blood coagulation 20 2.072539 .009384
GO:0050817: coagulation 20 2.072539 .009384
GO:0007599: hemostasis 20 2.072539 .022256
GO:0016485: protein processing 20 2.072539 .038044

KEGG
hsa04512: ECM-receptor interaction 33 3.419689 2.26E�18
hsa04510: focal adhesion 44 4.559585 9.22E�14
hsa04610: complement and coagulation cascades 16 1.658031 1.19E�05
hsa05200: pathways in cancer 34 3.523316 .002589
hsa04520: adherens junction 9 0.932642 .004759
hsa04060: cytokine–cytokine receptor interaction 21 2.176166 .00878
hsa04514: cell adhesion molecules 12 1.243523 .008993
hsa04115: p53 signaling pathway 7 0.725389 .011626
hsa04350: TGF-beta signaling pathway 8 0.829016 .013947
hsa04920: adipocytokine signaling pathway 6 0.621762 .019409
hsa04530: tight junction 10 1.036269 .021598
hsa05212: pancreatic cancer 6 0.621762 .022479
hsa03320: PPAR signaling pathway 10 1.036269 .023125
hsa04110: cell cycle 9 0.932642 .02484
hsa04270: vascular smooth muscle contraction 8 0.829016 .026484
hsa04630: Jak-STAT signaling pathway 10 1.036269 .030518
hsa04910: insulin signaling pathway 8 0.829016 .036271
hsa04310: Wnt signaling pathway 8 0.829016 .041193
hsa04010: MAPK signaling pathway 14 1.450777 .041991
hsa04020: calcium signaling pathway 9 0.932642 .042566
hsa04144: endocytosis 9 0.932642 .04413
hsa04062: chemokine signaling pathway 7 0.725389 .048796

GO = Gene Ontology, KEGG = Kyoto Encyclopedia of Genes and Genomes.
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in the PC tumor samples, and their change directions were exactly
the same as those in the GSE62452 dataset.
4. Discussion

Determining differences in gene expression in PC tissues
compared with controls is essential to a better knowledge of
keymoleculars involved in the occurrence and development of PC
that may help find a more effective treatment and effective
markers for PC patients. In the present study, 26 prognostic seed
genes were identified as key prognostic genes. Through pathway
enrichment analysis and miRNA regulatory analysis, we found
that the 5 genes, IL22RA1,BCL2L1, STAT1,MYC, and STAT2,
5

involved in the Jak-STAT signaling pathway were significantly
associated with prognosis. Moreover, the expression change of
these 5 genes was further validated using another microarray
dataset. In addition, we identified camptothecin as an effective
drug for PC.
Jak-STAT signaling pathway is one of the signal transduction

cascades for development and homeostasis in animals.[36]

Dysregulation of the JAK-STAT pathway affected regulation
of cell growth, proliferation, apoptosis, and multiple other
processes.[37] Previous study indicated that the JAK-STAT
pathway was involved in the anticancer agent-mediated gene
transcription in PC cell lines.[38] Thoennissen et al[39] demon-
strated that cucurbitacin B induced the apoptosis of PC cells by

http://www.md-journal.com


Figure 2. Protein–protein interaction network. Red triangle represents up-regulated gene, and the green inverted triangle represents down-regulated gene.

Pang et al. Medicine (2018) 97:50 Medicine
inhibition of the JAK-STAT pathway. In this study, we found that
the JAK-STAT pathway was significantly enriched by the target
prognostic genes in the miRNA regulatory network. In this
context, it is surmised that dysregulation of the JAK-STAT
pathway may be significantly associated with the development
and progression of PC.
Moreover, we found 5 prognostic genes, IL22RA1, BCL2L1,

STAT1, MYC, and STAT2, involved in the Jak-STAT signaling
pathway. Jak-STAT signaling pathway has 3 components:
receptor, JAK kinase and STAT factor JAK belongs to a family
of nonreceptor protein tyrosine kinases, which is composed of 4
proteins, JAK1, JAK2, JAK3, and TYK2 (nonreceptor Protein
Tyrosine Kinase-2). STATs act as transcriptional factors that are
phosphorylated on tyrosine residues.[40] In combination with the
position of 5 genes involved in the pathway (Fig. 4A), IL22RA1 is
located in the stage of tyrosine kinase-related receptors, which is
responsible for the binding of cytokines in the pathway, and the
Table 2

Multivariate cox regression analysis of prognostic-associated genes

Gene Coef Hazard ratio P

CTSS �5.7572 0.00316 .000346
PLEC �7.0776 0.0008438 .00214
MKI67 4.48711 8.863862 .00469
MYC �0.4361 0.646555 .006695
BCL2L1 �0.4619 0.63012 .007107
IL22RA1 0.18932 1.20842 .007994
ALDH1A1 �2.6359 0.07166 .00808
SFRP4 �1.7997 0.1653447 .00849
IL2RG 0.18921 1.20829 .008713
STAT2 0.1735 1.1894591 .009267
STAT1 0.03401 1.03459 .009855
LAMB3 �3.475 0.030962 .00996
LAMC2 3.69361 4.18956 .01329

6

binding of cytokines to the corresponding receptors leads to
dimerization of the receptor molecules. STAT1 and STAT2 are
involved in the dimerization of the receptor molecule. BCL2L1
and MYC are involved in the effect phase and then participate in
the regulation of apoptosis and cell cycle. In this study, these 5
genes were identified as key prognostic genes for PC. A recent
study have demonstrated that IL22RA1/STAT3 signaling
promotes stemness and tumorigenicity in PC.[41] Sun et al[42]

showed that differential expression of STAT1 was shown to
predict the progression and prognosis of PC. In another study,
BCL2L1 was also demonstrated to be differentially expressed in
PC samples and normal-appearing tissue samples.[43] Addition-
ally, the findings of Farrell et al[44] indicated that MYC regulated
ductal-neuroendocrine lineage plasticity in pancreatic ductal
adenocarcinoma, contributing to poor survival and chemo-
resistance. Thus, it is noteworthy that IL22RA1, BCL2L1,
STAT1, MYC, and STAT2 may play critical roles in the
.

Gene Coef Hazard ratio P

ITGB8 3.09222 2.02595 .013461
CYB5A 5.48462 2.95662 .016358
FBXO32 2.27489 9.72689 .020213
EPHX1 �3.6478 0.02605 .024596
ASPM �3.0234 0.04863 .03171
ITGB4 �2.6132 0.0733 .034613
MUC17 �0.7288 0.482486 .0349
STIL �2.4477 0.0864923 .03567

CCNA2 �4.4667 0.01149 .03737
ATAD2 5.11749 1.9162 .04646
MBOAT2 �2.7957 0.061071 .04758
TPX2 3.33835 2.1727016 .04899
CD9 �3.4134 0.03293 .04973



Figure 3. miRNA regulatory networks and Kaplan–Meier curves of 5 genes involved in Jak-STAT signaling pathways. (A) miRNA regulatory network constructed
based on the 24 pancreatic cancer-related miRNAs and their target prognostic-related genes. The red triangle represents up-regulated gene, the green inverted
triangle represents down-regulated gene, and the white diamond represents the pancreatic cancer-related miRNA. The edge of arrow indicates that the miRNA-
gene interaction and the linkagewithout arrow indicates gene–gene interaction. (B) Jak-STAT signaling pathway-relatedmiRNA regulatory network. The red triangle
represents up-regulated gene, the green inverted triangle represents down-regulated gene, the white diamond represents the pancreatic cancer-related miRNA,
and the circular node represents the Jak-STAT signaling pathway. The edge with arrow indicates that the miRNA-target gene linkage, and the edge without arrow
indicates linkage between gene and the pathway. (C) The Kaplan–Meier curves of the 5 genes involved in the Jak-STAT signaling pathway. The red curve shows
high-expression group and the black curve shows low-expression group.

Pang et al. Medicine (2018) 97:50 www.md-journal.com
pathogenesis of PC and may be correlated with the prognosis of
PC. Furthermore, we used another dataset to validate the
expression change of these 5 genes and we found that their
change directions were exactly the same as those in the
GSE62452 dataset. Nevertheless, further investigation is required
to evaluate the clinical utility of these genes.
In addition, through the screening of drug molecules, we

found the potential antitumor activity of camptothecin to PC.
7

Camptothecin is a natural inhibitor of DNA topoisomerase I
for clinical use.[45] It has become a hot research topic in
anticancer drugs after paclitaxel. Inhibition of DNA topoisom-
erase I blocks DNA replication and affects cancer cells.[46]

Evidence has indicated efficacy of camptothecin in many
cancers, such as colon cancer,[47] gastrointestinal cancer, and
bladder cancer.[48] Considering the predictive role of this drug-
targeting prognostic genes of PC, PC-specific genes, it is highly

http://www.md-journal.com


Table 3

Disease-related miRNAs and their target prognostic-related genes.
Disease miRNA No. of targeted DEGs Targeted prognostic DEGs

hsa-miR-130b 4 CCNA2, ITGB8, LAMB3, LAMC2
hsa-miR-141 3 ITGB8, LAMC2, SFRP4
hsa-miR-143 6 CYB5A, ITGB8, MBOAT2, MKI67, SFRP4, STAT2
hsa-miR-145 5 CCNA2, IL22RA1, ITGB8, MKI67, MYC
hsa-miR-146a 6 LAMB3, LAMC2, MUC17, STAT1, STAT2, STIL
hsa-miR-148a 3 CCNA2, SFRP4, STAT1
hsa-miR-148b 2 CCNA2, SFRP4
hsa-miR-150 3 CCNA2, LAMC2, STAT1
hsa-miR-155 3 CYB5A, SFRP4, STAT1
hsa-miR-18a 2 MBOAT2, MKI67
hsa-miR-196a 2 ALDH1A1, ATAD2
hsa-miR-196b 2 ALDH1A1, ATAD2
hsa-miR-203 10 ATAD2, CCNA2, CTSS, IL22RA1, ITGB8, LAMC2, MBOAT2, MKI67, SFRP4, STAT1
hsa-miR-205 2 MBOAT2, STAT1
hsa-miR-217 2 ATAD2, FBXO32
hsa-miR-221 4 ALDH1A1, ITGB8, MKI67, STAT2
hsa-miR-222 2 ALDH1A1, STAT2
hsa-miR-223 8 ALDH1A1, ATAD2, CYB5A, LAMC2, MBOAT2, MYC, STAT1, STAT2
hsa-miR-224 5 ASPM, CCNA2, IL22RA1, MKI67, STIL
hsa-miR-29c 4 CCNA2, IL22RA1, LAMC2, TPX2
hsa-miR-31 5 BCL2L1, ITGB8, MBOAT2, MYC, STAT2
hsa-miR-375 2 LAMC2, SFRP4
hsa-miR-93 7 ATAD2, CTSS, ITGB4, ITGB8, LAMC2, MUC17, SFRP4
hsa-miR-96 1 SFRP4

DEGs = differentially expressed genes.

Figure 4. Jak-STAT signaling pathway (A) and data validation using GSE60979 (B).

Pang et al. Medicine (2018) 97:50 Medicine
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[16] Sandhu V, Bowitz Lothe I, Labori KJ, et al. Molecular signatures of

Pang et al. Medicine (2018) 97:50 www.md-journal.com
likely that camptothecin produces antitumor activity in PC
cells.
In conclusion, we suggested that the JAK-STAT pathway may

be significantly associated with the development and progression
of PC. Besides, several key genes (IL22RA1, BCL2L1, STAT1,
STAT2, and MYC) may be associated with the prognosis of PC.
While our study provides insight into some prognostic genes, the
functions of these key genes need to be validated by further
experimental investigations in future.
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