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Abstract
Objective : This study was designed to identify the differentially expressed mRNA, microRNA (miRNA),
and long non-coding RNA (lncRNA) and their functions in pancreatic cancer (PC). Methods: The
expression data of PC and normal samples were downloaded from the GEO database. The expression
data of pancreatic head (H), body (B), and tail (T) were downloaded from the TCGA database. After data
preprocessing, the differential analyses between PC vs. Normal, H vs. B, H vs. T, and T vs. B were
performed. Overlapping genes between PC vs. Normal and the different locations (the union of genes
among T vs. B, T vs. H, and B vs. H) were selected. The competing endogenous RNAs (ceRNA) network
was constructed based on co-expression analysis and prediction of targets, followed by functional
enrichment analysis. Construction of an mRNA prognosis risk model and screening of prognostic factors
were performed using Cox univariate/multivariate regression analysis, followed by Nomogram model
construction. Finally, the gene-drug interactions were predicted for the DE-mRNA. Results: A �ve-mRNA
prognostic model (GRHL2+CACNA1A+GRM1+UPK1B+PKHD1) was constructed, and the risk score was
relatively increased with the increased expression of the GRHL2, PKHD1, and UPK1B, and the decreased
expression of CACNA1A and GRM1. Compared with pancreatic body/tail cancer, the expression of GRHL2
was increased, while the expression of CACNA1A and GRM1 was decreased in pancreatic head cancer.
LncRNA AC006369.2-miR-146a-5p-CACNA1A/GRM1 was a regulatory axis in the ceRNA network.
Verapamil was predicted to be an antagonist of CACNA1A. Conclusion: Our results provide a new
direction for the accurate diagnosis and treatment of PC and for investigating the mechanism of PC.

Background
Pancreatic cancer (PC) is a lethal disease and is the fourth leading cause of cancer-related deaths
globally [1]. The incidence and mortality of PC varies greatly in different countries and has been
increasing annually, with the highest rates reported in developed countries [2]. It is an aggressive cancer
that is di�cult to diagnose at early stages due to the lack of early clinical symptoms [3]. Up to 80% of PC
patients present locally advanced or late metastases at diagnosis; their median survival time is 4 months
or less [1, 3].

Surgical resection is the main treatment for PC patients. The 5-year overall survival (OS) rate is
approximately 5% (range, 2% to 9%) [2]. Survival of PC patients is correlated with various factors,
including tumor stage, therapy method, and tumor location [4]. PC originates from exocrine/endocrine
pancreatic cells and approximately 95% of PC cases display the histologic characteristics of pancreatic
ductal adenocarcinoma, which can be divided into pancreatic head and pancreatic body/tail cancer
based on anatomy [5, 6]. Accumulating evidence has highlighted the differences in pathological
properties and course, incidence, therapy, as well as prognosis between pancreatic head cancer and
pancreatic body/tail cancer [5, 7]. Compared with pancreatic head cancer, pancreatic body/tail cancer
displays a more aggressive tumor biology, lower 3-year survival rates, and is less resectable. In addition, it
is usually more advanced at diagnosis because of the lack of early symptoms of biliary obstruction [4, 8].
Considering that early diagnosis is less likely and the lack of effective therapies, prevention is considered
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a meaningfully strategy for PC [9]. Hampering this, the etiology of PC is not fully understood even though
several risk factors have been identi�ed, such as smoking, genetics, obesity, and others. It is necessary to
better understand the etiology and de�nitively identify the risk factors of PC.

Animal research has shown that the development of PC can be caused by the targeted activation of the
KRAS2 oncogene coupled with inactivation of tumor protein P53 or cyclin dependent kinase inhibitor 2A
[10]. Sequencing was used to demonstrate that partner and localizer of BRCA2 (PALB2) is a susceptibility
gene of PC; its truncating mutation is found in patients with familial PC [11]. In addition, non-coding
RNAs including microRNAs (miRNAs) and long non-coding RNAs (lncRNAs, which exceed 200 nucleotides
in length), have been reported to have important roles in various biological processes in PC [12, 13].
MiRNAs are a type of short ncRNAs that are crucial in PC progression. For example, miR-96 serves as a
tumor suppressor by directly targeting KRAS, which can drive PC [14]. Plasma miR-744 is highly
expressed in PC, and this expression is related to lymph node metastasis and recurrences, suggesting its
potential as a biomarker [15]. LncRNAs have been implicated in various cytological processes, tumor
metastasis, and tumor progression [16, 17]. Moreover, they can serve as competing endogenous RNA
(ceRNA) by competitively binding miRNAs to modulate the expression of miRNA targeted genes [17, 18].
One study reported the high expression of lncRNA regulator of reprogramming in PC, and its role as a
tumor promoter in PC as a ceRNA to modulate the expression of the Nanog transcription factor by
competitively binding miR-145 [19].

In this study, the differentially expressed genes (including miRNA, lncRNA, and messenger RNA [mRNA])
associated with PC and cancer locations (pancreatic head, body/tail) were identi�ed, followed by the
construction of a ceRNA network and functional enrichment analysis. In addition, screening for
prognostic factors and construction of an mRNA prognosis risk model and Nomogram model
construction were performed to identify potential prognostic factors and crucial mRNAs, and to predict
their corresponding targeted drugs. The results should provide a theoretical basis and novel biomarkers in
the study and treatment of PC.

Methods
Data sources

The human PC related microarray datasets GSE86436  (expression data of mRNA and lncRNA) and
GSE85589 (expression data of miRNA) were downloaded from the Gene Expression Omnibus (GEO
(http://www.ncbi.nlm.nih.gov/geo/) database. There were six primary PC tissue samples and six adjacent
non-tumor tissue samples in the GSE86436 dataset, and all the samples were detected on the Arraystar
Human LncRNA microarray V2.0 platform (Agilent-033010 Feature Number version). In addition, blood
serum samples from 88 PC patients and 19 healthy individuals in the GSE85589 dataset were used, with
the [miRNA-4] Affymetrix Multispecies miRNA-4 Array platform.

In addition, related data for pancreatic adenocarcinoma (PAAD) in The Cancer Genome Atlas (TCGA) was
downloaded from the University of California Santa Cruz Genome Browser database

http://www.ncbi.nlm.nih.gov/geo/)


Page 4/22

(http://xena.ucsc.edu/) [20], including clinical data, gene expression RNAseq log2(count+1) data, and
miRNA expression log2(RPM+1) data. Pancreatic head, pancreatic body, and pancreatic tail samples
were selected based on sample clinical phenotype information. A total of 137 pancreatic head samples,
14 pancreatic body samples, 14 pancreatic tail samples as well as their corresponding gene expression
RNAseq log2(count+1) and miRNA expression log2(RPM+1) data were obtained.

Data preprocessing and lncRNA re-annotation

For the GSE86436 dataset, the standardized expression pro�le of mRNA and lncRNA, as well as probe
sequences, were downloaded. The sequences of the probes were mapped to the GRCh38 human
reference genome and “unique map” probes were selected. Then, the mapped gene for each probe was
obtained based on the corresponding position and positive/negative strand information on the
chromosome as well as the “Release 25” annotation �le. Probes with the annotation of “protein_coding”
were the corresponding mRNA corresponding, while probes with the annotations of “antisense”,
“sense_intronic”, “lincRNA”, “sense_overlapping”, and “processed_transcript” were the corresponding
lncRNA probes.

For the GSE85589 dataset, the standardized miRNA expression pro�le and annotation �les were
downloaded, followed by annotation of the probes. The probes with no mapped miRNA were removed,
and when multiple probes mapped to one miRNA, the mean expression value was considered as the
expression value of this miRNA.

For the data downloaded from the TCGA database, the gene expression RNAseq log2(count+1) data were
converted to count values. Genes with a count value of 0 in more than half of the samples were �ltered,
followed by gene annotation based on the “Release 25” annotation �le. Similarly, for the miRNA
expression log2(RPM+1) data, miRNAs with a log2(RPM+1) of 0 in more than half of the samples were
�ltered, followed by their annotation based on miRbase database.

Differential analysis

The expression pro�les of mRNA, lncRNA, and miRNA downloaded from the GEO database were analyzed
to determine differential expression between the PC and normal groups. The corresponding P-value and
log fold change (FC) were obtained using the classical Bayes method in the Limma package (Version
3.10.3, http://www.bioconductor.org/packages/2.9/bioc/html/limma.html). For the expression pro�les of
lncRNA and mRNA downloaded from the TCGA database, the raw count was standardized and converted
into logCPM value using the TMM method in the edgeR package [21, 22]  (Version: 3.4,
http://www.bioconductor.org/packages/release/bioc/html/edgeR.html) to perform the differential
expression analysis between pancreatic tail and vs. pancreatic body (T vs. B), pancreatic tail vs.
pancreatic head (T vs. H), and pancreatic body vs. pancreatic head (B vs. H). The classical Bayes method
in the Limma package was used to analyze the miRNA log2(RPM+1) between the three groups.

http://www.bioconductor.org/packages/2.9/bioc/html/limma.html).
http://www.bioconductor.org/packages/release/bioc/html/edgeR.html)
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Differentially expressed mRNA (DE-mRNA) and DE-lncRNA were selected with the threshold of P < 0.05
and |logFC| > 1, while P < 0.05 and |logFC| > 0.263 were considered as the threshold for DE-miRNA.
Overlapped mRNAs, lncRNAs, and miRNAs between PC vs. Normal and (union of genes among T vs. B, T
vs. H, and B vs. H) were considered as the DE-mRNAs, DE-lncRNAs, and DE-miRNAs, respectively, related
to PC and the locations of PC occurrence, and they were used in the subsequent analysis.

Co-expression analysis

The DE-mRNAs and DE-lncRNAs were used to calculate the Pearson correlation coe�cient (r) of each
mRNA and each lncRNA by one-to-one correspondence of the samples. The lncRNA-mRNA interaction
pairs were selected with cut-offs of r > 0 and P < 0.05. Similarly, the r-value of each mRNA and each
miRNA was also calculated by one-to-one correspondence of the samples, and the miRNA-mRNA
interaction pairs were selected with cut-offs of r < 0 and P < 0.05.

ceRNA network construction

The miRNA-lncRNA interaction binding sites were predicted using miRanda software (version 3.3a), and
the miRNA-lncRNA pairs were selected with a threshold score > 140 and threshold Energy < -20. In
addition, the target genes of miRNAs were also predicted using miRWalk 2.0 (http://zmf.umm.uni-
heidelberg.de/apps/zmf/mirwalk2/). The miRNA-mRNA pairs predicted to appear in at least three of nine
databases (including miRWalk, Microt4, miRanda, miRMap, miRNAMap, PITA, RNA22, RNAhybrid, and
Targetscan) were selected. The overlapped miRNA-mRNA pairs between co-expressed miRNA-mRNA pairs
and predicted miRNA-mRNA pairs were considered the �nal miRNA-mRNA pairs. Finally, the lncRNA-
miRNA-mRNA interactions were obtained based on the lncRNA-miRNA pairs, mRNA-miRNA pairs, and the
co-expressed mRNA-lncRNA pairs, followed by the ceRNA network construction using Cytoscape software
(version 3.4.0, http://chianti.ucsd.edu/cytoscape-3.4.0/).

Functional enrichment analysis

To explore the involved function of the DE-mRNAs, lncRNAs, and miRNAs, the clusterPro�ler [23]  (version
3.8.1, http://bioconductor.org/packages/release/bioc/html/clusterPro�ler.html) in the R package was
used to enrich the biological processes in Gene Ontology (GO) annotation and the Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathways. The signi�cantly enriched function terms were selected with the
threshold of P.adjust < 0.05 and enriched gene count > 2. Notably, the functions of lncRNAs and miRNA
were obtained based on the functional enrichment of the mRNAs in co-expressed mRNA-lncRNA pairs
and in the �nal obtained mRNA-miRNA pairs, respectively.

Construction of mRNA prognosis risk model

The mRNAs in the ceRNA network were considered as the candidate mRNAs. Cox univariate regression
analysis was used to calculate the regression coe�cient and P-value between each candidate mRNA and
the survival time and state. The prognosis-related mRNAs were selected with the P-value threshold < 0.05,
combined with hazard ratio (HR) risk (theoretically, up-regulated genes between PC vs. Normal should be

http://zmf.umm.uni-heidelberg.de/apps/zmf/mirwalk2/
http://bioconductor.org/packages/release/bioc/html/clusterProfiler.html
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risk factors, corresponding to an HR > 1; otherwise HR < 1). The Risk Score was calculated as
βgene1*exprgene1 + βgene2*exprgene2 + ... +βgenen*exprgenen, in which β is the prognostic correlation
coe�cient and exprgene is the expression value of the corresponding gene. The mRNAs were added to
the model according to the P-value from small to large one-by-one. The high and low risk samples
classi�ed by the average value of the model constructed after adding an mRNA had the greatest
signi�cant correlation with survival (log-rank test). The area under the curve (AUC) of the high and low
risk samples was maximized according to the expression value of the selected mRNA. In this case, the
mRNA model was considered to be associated with prognosis.

Screening of prognostic factors and construction of Nomogram model

The clinical information of PC samples in the surveillance, epidemiology, and end results (SEER) and
TCGA databases were downloaded. Clinical factors, including age, gender, location of cancer, clinical
stage, and tumor histological grade, and the prognostic risk model score calculated as described above
were used as independent variables. OS was used as the dependent variable to perform Cox univariate
regression analysis for clinical factors having P < 0.05 to screen for prognostic factors. The Nomogram
model was constructed based on the results of multivariate regression analysis, including conversion and
assignment of regression coe�cients, Nomogram plotting, and calibration curve plotting.

Construction of drug-gene interaction network

The targeted drugs for DE-mRNA were predicted using the DGIdb online database
(http://www.dgidb.org/search_interactions) using the parameters settings of FDA Approved and
Antineoplastic. The drug-gene interaction network was constructed based on the obtained drug-gene
interactions using Cytoscape.

Results
DE analysis

Table 1 lists the identi�ed miRNAs, mRNAs, and lncRNAs between PC vs. Normal, T vs. B, T vs. H, and B
vs. H. Firstly, 182 miRNAs, 1077 mRNAs, and 127 lncRNAs were obtained after merging the miRNAs,
mRNAs and lncRNAs between T vs. B, T vs. H, and B vs. H, respectively. Then, the overlapped miRNAs,
mRNAs, and lncRNAs among PC vs. Normal and merged genes (182 miRNAs, 1077 mRNAs, and 127
lncRNAs) were screened (Figure 1A). A total of 10 DE-miRNAs, 204 DE-mRNAs, and 17 DE-lncRNAs were
identi�ed that were considered to be related to PC and locations of PC occurrence. Figure 1B presents
heatmaps of these DE-miRNAs, DE-mRNAs, and DE-lncRNAs.

Co-expression analysis and ceRNA network construction

Co-expression analysis identi�ed 1097 and 1472 lncRNA-mRNA interaction pairs from the GEO and TCGA
databases, and a total of 679 overlapped lncRNA-mRNA interaction pairs were screened as the �nal co-
expressed lncRNA-mRNA pairs. Similarly, there were 1020 and 407 miRNA-mRNA negative correlation
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pairs identi�ed from the GEO and TCGA databases, and a total of 218 overlapped miRNA-mRNA negative
correlation pairs were screened. In addition, 131 predicted miRNA-lncRNA pairs and 55995 predicted
miRNA-mRNA pairs were selected as described above. A total of 40 miRNA-mRNA pairs were screened
among the 218 miRNA-mRNA negative correlation pairs and the 55995 predicted miRNA-mRNA pairs.

Finally, based on 679 lncRNA-mRNA pairs, 131 miRNA-lncRNA pairs, and 40 miRNA-mRNA pairs, a total
of 107 lncRNA-miRNA-mRNA interactions pairs were obtained. The ceRNA network consisted of seven
miRNAs, 14 lncRNAs, and 32 mRNAs (Figure 2), in which miR-183-3p regulated the most mRNA. Calcium
Voltage-Gated Channel Subunit Alpha1 A (CACNA1A), and Glutamate Metabotropic Receptor 1 (GRM1)
were regulated by miR-146a-5p, which interacted with lncRNA AC006369.2. In addition, Grainyhead Like
Transcription Factor 2 (GRHL2) and PKHD1 Ciliary IPT Domain Containing Fibrocystin/Polyductin
(PKHD1) were regulated by miR-346. MiR-1180-3p regulated Uroplakin 1B (UPK1B).

Functional enrichment analysis

The functional enrichment analysis for the 204 DE-mRNAs indicated that 44 GO_BP terms and eight
KEGG pathways were signi�cantly enriched. They included hsa04972~Pancreatic secretion,
GO:0002526~acute in�ammatory response, and GO:0055074~calcium ion homeostasis (e.g., GRM1).
Table 2 lists the top 10 enriched GO_BP terms and KEGG pathways.

The functions of lncRNAs and miRNAs were obtained based on the functional enrichment of the mRNAs
in co-expressed mRNA-lncRNA pairs and in the �nal obtained mRNA-miRNA pairs, respectively. A total of
85 GO_BP terms and nine KEGG pathways were signi�cantly enriched for four miRNAs. The top �ve terms
for each miRNAs are shown in Figure 3A. Similarly, 1938 GO_BP terms and 198 KEGG pathways were
signi�cantly enriched for 15 lncRNAs. The top �ve terms for each lncRNAs are shown in Figure 3B.

MiR-146a-5p was associated with various neural signal transduction processes, including long-term
depression, synaptic transmission, glutamatergic activity, taste transduction, and others. Those functions
were obtained based on the functional enrichment analysis of GRM1 and CACNA1A.

Construction of mRNA prognosis risk model

Cox univariate regression analysis was performed for the 32 mRNAs in the ceRNA network, and a total of
10 mRNAs were selected. These 10 mRNAs were added to the prognosis risk model according to their P-
values from small to large one-by-one. As shown in Table 3, after adding �ve mRNAs
(GRHL2+CACNA1A+GRM1+UPK1B+PKHD1), the high and low risk samples classi�ed by the average
value of the model had the most signi�cant correlation with survival (minimum P = 0.006), and the AUC
of the high and low risk samples was maximized according to the expression value of the selected mRNA
(maximum AUC = 0.999).

Figure 4A displays the distribution of Risk score, survival time, and gene expression values of the high
risk and low risk samples identi�ed by the Risk model constructed using the
GRHL2+CACNA1A+GRM1+UPK1B+PKHD1 mRNAs. The survival time of high_risk sample was lower than
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the that of low_risk sample, and the Risk score was relatively increased with the increased expression of
the GRHL2, PKHD1, and UPK1B, and with the decreased expression of CACNA1A and GRM1. A Kaplan-
Meier curve was plotted to verify the correlation of the Risk model with prognosis (Figure 4B). As
expected, the Risk model was highly correlated with prognosis, with a higher Risk score indicating lower
survival.

Screening of prognostic factors

The clinical information of PC samples in the SEER and TCGA databases were downloaded to perform
Cox univariate regression analysis. Age, neoplasm_histologic_grade, and pathologic_N were signi�cantly
correlated with prognosis in the two databases (Table 4). Hence, the three clinical factors, together with
the Risk score were included in the Cox multivariate regression analysis. Risk score (P = 0.016) and
pathologic_N (P = 0.019) were signi�cantly correlated with prognosis (Table 5).

Nomogram model construction

The nomogram assigned different factors to points, followed by addition to obtain the total points
corresponding to the survival rate. This clari�ed the results of the Coxph regression. The Nomogram
model was constructed for Risk score and pathologic_N (Figure 5A). In addition, the consistency index (c-
index) of each prognostic factor and composite factor (pathologic_N + Risk score) in the Nomogram
model was calculated to �t the Coxph model. As shown in Table 6, composite factor
(Nomogram_combined model) �t the Coxph model with a c-index of 0.641 and a maximum signi�cance
(P = 3.097E-05). Figure 5B displays the calibration curve of the Nomogram_combined model, which
suggested a better prediction ability (close to 45°)

Construction of drug-gene interaction network

The drug-gene interaction network contained 44 drugs, 26 genes (13 up-regulated genes and 13 down-
regulated genes), and 55 interactions (Figure 6). In this network, Tubulin Beta 2B Class IIb (TUBB2B),
Interleukin 2 Receptor Subunit Alpha (IL2RA), and Interleukin 6 (IL6) were predicted to be interact with
more drugs. Verapamil was predicted to be an antagonist of CACNA1A, a gene in the mRNA prognosis
risk model.

Discussion
We identi�ed 10 DE-miRNAs, 204 DE-mRNAs, and 17 DE-lncRNAs related to PC and locations of PC
occurrence based on the related data in the GEO and TCGA databases. After co-expression analysis and
prediction of targets, lncRNA-mRNA pairs, miRNA-lncRNA pairs, and miRNA-mRNA pairs were obtained,
and the ceRNA network was constructed. The network contained seven miRNAs, 14 lncRNAs, and 32
mRNAs. The functional enrichment analysis showed that the DE-mRNAs were enriched in pancreatic
secretion, calcium ion homeostasis (GRM1), and acute in�ammatory response. The main function of
miR-183-3p was in�ammatory response related processes, while miR-146a-5p participated in
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neurotransmission and calcium signaling pathways that involve CACNA1A and GRM1. The main
functions implicated for lncRNAs were digestion and pancreatic secretion, including RP1−60O19.1,
RP11−462G2.1, and RP11−528G1.2. The functional analysis suggested that the genes associated with
pancreatic secretion, in�ammatory response, and calcium signaling pathway were abnormally expressed
in PC via a ceRNA mechanism.

The mRNA prognosis risk model analysis indicated that Risk score was relatively increased with the
increased expressions of GRHL2, PKHD1, UPK1B, and decreased expressions of CACNA1A and GRM1,
suggesting poor prognosis. GRHL2 encodes one of the grainyhead like transcription family members,
which is crucial in epithelial morphogenesis and epithelial-speci�c functions [24]. GRHL2 has been
reported to be involved in several cancers due to its important role in the regulation of epithelial-
mesenchymal transition (EMT) [24, 25]. The overexpression of GRHL2 was observed in liver metastatic
cells compared with primary invasive cells of pancreatic ductal adenocarcinoma (PDAC), and the
proliferation of liver metastatic PDAC cells was inhibited by regulating EMT under the condition of GRHL2
knockdown [26]. These �ndings were consistent with our analysis. In addition, GRHL2 expression was
signi�cantly increased in pancreatic head compared with pancreatic tail, while the mRNA prognosis risk
model indicated that the high expression of GRHL2 corresponded to a high Risk score. These �ndings
might contribute to the accurate diagnosis and treatment of PC patients.

CACNA1A encodes the α1A subunit of voltage-dependent calcium channels, which regulate the transport
of calcium ions and various calcium-related pathways [27]. CACNA1A expression in neuronal tissue is
abundant to regulate the release of neurotransmitter [28]. GRM1 encodes one of the metabotropic
glutamate receptors (mGluRs) that regulate the glutamatergic neurotransmission by G-protein-coupled
receptors [29]. L-glutamate serves as the main excitatory neurotransmitter in the central nervous system
and can activate mGluRs [30]. Regulation of voltage-dependent Ca2+ channels by mGluRs is considered a
crucial event in the release of neurotransmitter [31]. Nicotinic acetylcholine receptors are positioned in the
cytoplasmic membrane and undergo a conformational change upon the binding of an agonist that leads
to the opening of the ion channel followed by the entry of ions into cells [32]. This in turn causes an
autocrine neurotransmitter loop and signaling cascades [33]. Data from Schuller et al. indicates the
central regulatory role of neurotransmitters and their receptors in PC, and dysfunction of the
neurotransmitter receptor may be a vital contributor in the development and progression of PC [6].

Nevertheless, PC is a heterogeneous disease involving individual differences in lifestyle, genetic, and
environmental factors. For instance, smoking is a well-established causative factor for PC and is related
with decreased survival [34, 35]. Nicotine promotes PC cell proliferation and migration by stimulating the
production and release of stress neurotransmitters followed by activation of downstream signal
cascades [36]. Nicotine also triggers the self-renewal of PC stem cells by increasing stress
neurotransmitters coupled with decreased γ-aminobutyric acid [37]. Psychological stress can also
mediate the release of stress neurotransmitters and γ-aminobutyric acid, as well as their downstream
effectors [38, 39]. A close association of depression and PC has been reported[40]. Postsynaptic
depolarization and calcium ion internal �ow are reportedly essential for striatal long-term depression, and
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the reduction of neurotransmitter (glutamate) release from presynaptic terminals can promote the
expression of long-term depression at striatal synapses [41]. In our study, CACNA1A and GRM1 were
enriched in long-term depression, glutamatergic synaptic transmission, and calcium signaling pathway. In
addition, comparison of pancreatic body and pancreatic tail cancer revealed that CACNA1A and GRM1
were expressed in low levels in pancreatic head cancer, suggesting that CACNA1A and GRM1 are
speci�cally down-regulated genes in pancreatic head cancer. The mRNA prognosis risk model analysis
indicated that the Risk score was relatively increased with decreased expression of CACNA1A and GRM1,
suggesting a poor prognosis. The collective data support the conclusion that the decreased expression of
CACNA1A and GRM1 might contribute to the progression of pancreatic head cancer by mediating the
production and release of excitatory neurotransmitter as well as their downstream effectors.

Notably, CACNA1A and GRM1 were target genes of miR-146a-5p. No reports have focused on the
associations between miR-146a-5p and these two genes, but the effects of miR-146a in PC have been
reported. The expression of miR-146a was shown to be decreased in PC cells, while its overexpression
inhibited tumor cell invasion and metastasis [42]. Moreover, animal experiments revealed that decreased
expression of miR-146a can promote cell growth by increasing the expression of epidermal growth factor
receptor in PC [43]. Presently, lncRNA AC006369.2 interacted with miR-146a-5p, and was co-expressed
with CACNA1A and GRM1. Despite the lack of knowledge of lncRNA AC006369.2, we speculate that
AC006369.2 might function as a ceRNA in PC to mediate the expression of CACNA1A and GRM1 by
competitively binding miR-146a-5p. The AC006369.2- miR-146a-5p- CACNA1A / GRM1 regulatory axis
might be a potentially important mechanism. This must be veri�ed in future studies.

The gene-drug network analysis we conducted supports the role of verapamil as an antagonist of
CACNA1A. Verapamil is a calcium ion (Ca2+) channel blocker that inhibits the growth of PC cells by
blocking Ca2+ in�ux [44]. Similarly, Zhao et al. suggested that verapamil represses the proliferation and
metastasis, and induces apoptosis of chemotherapy-resistant PC cells [45]. Our results, which indirectly
veri�ed the important effect of CACNA1A, are consistent with these reports. In both pancreatic body and
pancreatic tail cancer, CACN1A was expressed at a signi�cantly high level compared with pancreatic
head cancer. As an antagonist of CACNA1A, we suggest that verapamil might be more useful in the
treatment of pancreatic body/tail cancer.

Although several novel points were proposed in our study, there were some limitations. All the results were
obtained by bioinformatics analysis, so further experimental veri�cation is needed. Secondly, the
predicted ceRNA mechanism and the corresponding functions need to be further explored. Thirdly, the
gene-drug interactions should be further analyzed.

Conclusions
The �ve-mRNA prognostic model (GRHL2+CACNA1A+GRM1+UPK1B+PKHD1) was dependable in the
prediction of PC survival. The high expression of GRHL2 and low expression of CACNA1A and GRM1
might be indicators of poor prognosis for patients with PC, especially pancreatic head cancer. Verapamil
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might be more useful in the treatment of pancreatic body/tail cancer. Finally, the AC006369.2- miR-146a-
5p-CACNA1A/GRM1 regulatory axis might be a potentially important mechanism in PC progression.
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Tables

Table 1. Numbers of differentially expressed miRNAs, mRNAs, and lncRNAs in each comparable group.
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Comparable group miRNAmRNAlncRNA
PC vs. Normal 187 1661 661

Pancreatic body vs. Pancreatic head 141 760 83
Pancreatic tail vs. Pancreatic head 54 461 53
Pancreatic tail vs. Pancreatic body 36 136 24

 

Table 2. Top 10 enriched GO_BP terms and KEGG pathways
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Terms ID Description P value CountGene
GO:0002526acute inflammatory

response
3.35E-09 13 CCR7, SAA1, C4BPA, SERPINA3, REG3A, DEFB1, LBP,

REG3G, IL6, CFB, SAA2, CFP, F3
GO:0007586digestion 3.88E-09 14 CELA3A, CLPS, PPY, PRSS2, PLA2G1B, CTRL, SERPINA3,

CTRB1, PNLIP, AMY2A, CTRB2, PRSS3, AMY2B, PRSS1
GO:0070098chemokine-

mediated signaling
pathway

2.96E-07 9 CCL22, CCL19, XCR1, CCR7, CCR4, CCL23, CCL18, CXCR1,
CXCL11

GO:0009235cobalamin
metabolic process

3.12E-06 5 CTRC, CTRB1, CTRB2, PRSS3, PRSS1

GO:0060326cell chemotaxis 3.63E-06 13 CCL22, CCL19, CCR7, CCL23, CCL18, CXCR1, PLA2G1B,
SAA1, LBP, CXCL11, IL6, HOXB9, SAA2

GO:0030593neutrophil
chemotaxis

4.10E-06 8 CCL22, CCL19, CCR7, CCL23, CCL18, PLA2G1B, SAA1, LBP

GO:1990266neutrophil
migration

6.97E-06 8 CCL22, CCL19, CCR7, CCL23, CCL18, PLA2G1B, SAA1, LBP

GO:0050727regulation of
inflammatory
response

7.05E-06 14 CCR7, CCL23, CCL18, TLR10, CD28, SAA1, C4BPA, LBP,
IL6, IL2RA, FABP4, CFB, CFP, PTGIS

GO:0055074calcium ion
homeostasis

7.82E-06 16 CCL19, PKHD1, XCR1, GRM1, CCR7, CCR4, CCL23,
PLA2G1B, SAA1, KEL, TRPV6, CXCL11, SCGN, CACNA1A,
CD52, CD19

GO:0006874cellular calcium ion
homeostasis

2.15E-05 15 CCL19, PKHD1, XCR1, GRM1, CCR7, CCR4, CCL23,
PLA2G1B, SAA1, KEL, CXCL11, SCGN, CACNA1A, CD52,
CD19

ID Description pvalue CountgeneID
hsa04972 Pancreatic

secretion
1.13E-18 20 CELA3A, CPB1, PLA2G10, PRSS2, PLA2G1B, CELA3B,

CELA2B, CTRL, CTRB1, SLC4A4, CELA2A, PNLIP, CPA2,
AMY2A, PRSS3, CPA1, CFTR, AMY2B, PNLIPRP1, PRSS1

hsa04974 Protein digestion
and absorption

1.24E-11 14 CELA3A, SLC3A1, CPB1, PRSS2, CELA3B, CELA2B, CTRL,
CTRB1, CELA2A, XPNPEP2, CPA2, PRSS3, CPA1, PRSS1

hsa04975 Fat digestion and
absorption

0.0002176455 CLPS, PLA2G10, PLA2G1B, PNLIP, PNLIPRP1

hsa04062 Chemokine
signaling pathway

0.00025048510 CCL22, CCL19, XCR1, CCR7, CCR4, CCL23, CCL18, CXCR1,
CXCL11, WAS

hsa00982 Drug metabolism -
cytochrome P450

0.0004206456 UGT2B17, GSTA2, ADH4, GSTA1, UGT2B15, CYP2B6

hsa00980 Metabolism of
xenobiotics by
cytochrome P450

0.0005632666 UGT2B17, GSTA2, ADH4, GSTA1, UGT2B15, CYP2B6

hsa04060 Cytokine-cytokine
receptor
interaction

0.00062639312 CCL22, CCL19, XCR1, CCR7, CCR4, CCL23, CCL18, CXCR1,
IL2RG, CXCL11, IL6, IL2RA

hsa00590 Arachidonic acid
metabolism

0.0016102175 PLA2G10, PLA2G1B, ALOX15, CYP2B6, PTGIS

 

Table 3. Construction of mRNA prognosis risk model
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Model P value AUC
GRHL2 0.023 1.000

GRHL2+CACNA1A 0.019 1.000
GRHL2+CACNA1A+GRM1 0.015 0.997

GRHL2+CACNA1A+GRM1+UPK1B 0.024 0.997
GRHL2+CACNA1A+GRM1+UPK1B+PKHD1 0.006 0.999

GRHL2+CACNA1A+GRM1+UPK1B+PKHD1+CFTR 0.015 0.997
GRHL2+CACNA1A+GRM1+UPK1B+PKHD1+CFTR+CPLX2 0.015 0.995

GRHL2+CACNA1A+GRM1+UPK1B+PKHD1+CFTR+CPLX2+KBTBD12 0.008 0.990
GRHL2+CACNA1A+GRM1+UPK1B+PKHD1+CFTR+CPLX2+KBTBD12+TMPRSS13 0.007 0.988

GRHL2+CACNA1A+GRM1+UPK1B+PKHD1+CFTR+CPLX2+KBTBD12+TMPRSS13+OLFM4 0.009 0.992

 

Table 4. The results of Cox univariate regression analysis

TCGA SEER
  HR lower.95upper.95 p.val HR lower.95upper.95 p.val

age 1.023 1.001 1.045 0.045 1.024 1.021 1.027 0.000
gender 0.825 0.540 1.261 0.375 1.060 0.999 1.125 0.053

neoplasm_histologic_grade 1.394 1.031 1.884 0.031 1.462 1.407 1.519 0.000
Head 1.623 0.859 3.064 0.135 1.013 0.954 1.075 0.677
Body 0.466 0.170 1.274 0.137 1.053 0.980 1.133 0.161
Tail 0.820 0.376 1.787 0.618 0.937 0.872 1.005 0.070

pathologic_T 1.547 0.954 2.507 0.077 0.904 0.874 0.936 0.000
pathologic_N 2.483 1.437 4.289 0.001 0.910 0.858 0.966 0.002
tumor_stage 1.312 0.872 1.972 0.192 1.421 1.327 1.523 0.000
RiskScore 2.141 1.272 3.604 0.004        

 

Table 5. The results of Cox multivariate regression analysis

  HR lower.95upper.95p.value
RiskScore 2.054 1.142 3.693 0.016

age 1.020 0.998 1.041 0.070
neoplasm_histologic_grade 1.237 0.916 1.670 0.166

pathologic_N 1.936 1.116 3.362 0.019

 

Table 6. The consistency index (c_index) of Nomogram factors fitting Coxph model



Page 17/22

  c_indexlower.95upper.95 P value
Nomogram_combind model 0.641 0.575 0.707 3.097E-05

Prognostic model 0.613 0.548 0.679 7.068E-04
pathologic_N 0.670 0.539 0.800 1.080E-02

 

Figures

Figure 1

Results of differential expression analysis A, Venn diagram of differentially expressed miRNAs, mRNAs,
and lncRNAs. B, Heatmaps of differentially expressed miRNAs, mRNAs, and lncRNAs in the two
databases. Red represents normal samples, blue denotes tumor samples, yellow denotes pancreatic tail
samples, orange denotes pancreatic head samples, and purple denotes pancreatic body samples.
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Figure 2

The ceRNA network Red circles represent up-regulated mRNAs and green octagonals represent down-
regulated mRNAs. The light purple parallelogram represents up-regulated lncRNA, while the dark blue
diamond represents down-regulated lncRNAs. Gray inverted triangles represent down-regulated miRNAs,
while yellow positive triangles represent up-regulated miRNAs. Purple T-shaped lines represent the
regulatory relationship between lncRNA-miRNA. Yellow arrows represent the regulatory relationship
between miRNA-mRNA. Green dotted lines represent the co-expression relationship between mRNA and
lncRNA.
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Figure 3

Results of functional enrichment analysis for miRNA and lncRNA A, Functional enrichment analysis
including GO BP functional annotation(above) and KEGG pathway enrichment(below) for miRNA. B,
Functional enrichment analysis including GO BP functional annotation(above) and KEGG pathway
enrichment(below) for lncRNA. Colors ranging from blue to red indicate the decrease of p value, and
bubble size indicates the number of genes.
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Figure 4

Results of mRNA prognosis risk model construction A, The distribution of Risk score, survival time, and
gene expression values of the high risk and low risk samples identi�ed by the Risk model constructed by
GRHL2+CACNA1A+GRM1+UPK1B+PKHD1. B, Kaplan-Meier survival curve of the high risk and low risk
groups.
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Figure 5

Nomogram predicting 1-, 2- and 3-year overall survival for patients with PC A, Nomogram and B,
calibration curve of the Nomogram_combined model.
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Figure 6

Gene-drug interaction network Red circles represent up-regulated mRNAs, green octagons represent down-
regulated mRNAs, green arrows represent agonist effect, yellow arrows represent inhibitor effect, light
blue arrows represent ligand effect, and dark blue represents effect of adhesives.


