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Abstract
Pancreatic adenocarcinoma remains a leading cause of cancer-related deaths. In 
order to develop appropriate therapeutic and prognostic tools, a comprehensive 
mapping of the tumor's molecular abnormalities is essential. Here, our aim was 
to integrate available transcriptomic data to uncover genes whose elevated ex-
pression is simultaneously linked to cancer pathogenesis and inferior survival. 
A comprehensive search was performed in GEO to identify clinical studies with 
transcriptome-level gene expression data of pancreatic carcinoma with overall 
survival data and normal pancreatic tissues. After quantile normalization, the 
entire database was used to identify genes with altered expression. Cox propor-
tional hazard regression was employed to uncover genes most strongly correlated 
with survival with a Bonferroni corrected p < 0.01. Perturbed biological processes 
and molecular pathways were identified to enable the understanding of underly-
ing processes. A total of 16 available datasets were combined. The aggregated 
database comprised data of 1640 samples for 20,443 genes. When comparing with 
normal pancreatic tissues, a total of 2612 upregulated and 1977 downregulated 
genes were uncovered in pancreatic carcinoma. Among these, we found 24 genes 
with higher expression which significantly correlated with overall survival length 
also. The most significant genes were ANXA8, FAM83A, KRT6A, MET, MUC16, 
NT5E, and SLC2A1. These genes remained significant after a multivariate analy-
sis also including grade and stage. Here, we assembled a large-scale database of 
pancreatic carcinoma samples and used this cohort to identify carcinoma-specific 
genes linked to altered survival outcomes. As our analysis focused on genes with 
higher expression, these could serve as future therapy targets.

Study highlights
WHAT IS THE CURRENT KNOWLEDGE ON THE TOPIC?
Despite recent advances in cancer treatment for various solid tumors, the progno-
sis in pancreatic cancer remains very poor. A deeper understanding of the disease 
will be necessary for further advancement in this field. To achieve this goal, here 
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INTRODUCTION

With more than 450,000 deaths every year, pancreatic 
cancer is the seventh leading cause of death from can-
cer. The occurrence of pancreatic cancer increased in re-
cent decades in both men and women.1 Due to extremely 
poor survival rates, nearly as many people die each year 
as are diagnosed. More than 95% of malignant tumors of 
the pancreas arise from the exocrine parts of the gland, 
and they are histologically in most cases pancreatic ductal 
adenocarcinomas (PDAC).2,3 Risk factors include older 
age, smoking, type 2 diabetes mellitus, and various ge-
netic syndromes.4 Unfortunately, most patients notice 
the symptoms only late during the course of the disease 
preventing the execution of surgery, the only curative 
treatment. In the last 30 years the prognosis of PDAC has 
improved significantly, but even now, the 5-year survival 
is only slightly over 4%.5 Even after pancreatectomy, the 
prognosis remains very poor, with a 25% 5-year survival 
rate.6,7 Notably, some patients can have rare non-ductal 
pancreatic tumors including pancreatic neuroendocrine 
tumor, solid pseudopapillary neoplasm, acinar cell car-
cinoma, and pancreatoblastoma. The prognosis of these 
tumors varies, but the expected survival is generally better 
than for ductal adenocarcinoma.8

Currently, apart from the CA-19-9 tumor marker, there 
is no widely used biomarker for pancreatic carcinoma. 
However, CA-19-9 cannot be used for tumor screening 
either, rather it is used to monitor remission after ther-
apy. Carcinoembryonic antigen (CEA), which is also used 
as a biomarker for other tumors, is frequently increased 
in PDAC.9 CA-125 (the product of the MUC16 gene), a 
marker with potential benefit for ovarian, breast, and lung 
tumors, is also increased in PDAC, but is less useful as a 
marker. Nevertheless, the combination of CA-125 and CA-
19-9 was able to detect the existence of a pancreatic tumor 
with higher sensitivity and specificity.10

Once systemic therapy is needed, it is very difficult 
to select drugs for pancreatic cancer. For a long time, 
the only chemotherapy agent given was gemcitabine. 
Current recommendations for treatment of patients 
with metastatic disease include the combination ther-
apy regimen FOLFIRINOX (folinic acid, fluoroura-
cil, irinotecan, and oxaliplatin) and gemcitabine with 
nab-paclitaxel or gemcitabine alone.11,12 Response to 
treatment can be evaluated based on imaging meth-
ods, serum markers (such as CA-19-9), and changes in 
tumor-related symptoms. Among targeted therapies, the 
epidermal growth factor receptor (EGFR) receptor an-
tagonist erlotinib is the only available option.13 Blocking 

we establish a large database for the integrative evaluation of pancreatic tumor 
tissue gene expression data and the associated survival.
WHAT QUESTION DID THIS STUDY ADDRESS?
We aimed to identify potential therapeutic targets for pancreatic cancer by an-
alyzing the largest available integrated transcriptomic database of pancreatic 
carcinoma. We planned to determine which genes were downregulated or over-
expressed in pancreatic cancer compared with normal pancreatic tissues and fil-
ter for those linked to shorter survival. Additionally, we aimed to identify the 
biological processes linked to pancreatic carcinoma.
WHAT DOES THIS STUDY ADD TO OUR KNOWLEDGE?
We expand the potential therapeutic targets for pancreatic cancer by identify-
ing seven genes whose increased expression is associated with shorter survival. 
We also found that biological processes linked to the significantly overexpressed 
genes include metabolic processes, cell cycle and organelle organization, and cel-
lular transport. Additionally, via the provision of a table of significant genes, we 
support the identification of future biomarker candidates.
HOW MIGHT THIS CHANGE CLINICAL PHARMACOLOGY OR 
TRANSLATIONAL SCIENCE?
The development of drugs targeting the identified genes could lead to more effec-
tive treatments for pancreatic cancer patients. Additionally, the identification of 
potential biomarker candidates could lead to earlier detection of relapse of pan-
creatic cancer, which could ultimately improve patient outcomes. Overall, the 
new therapeutic targets may support clinical pharmacology and translational sci-
ence by providing new avenues for drug development.



      |  1481STRONGEST PROGNOSTIC FACTORS IN PANCREAS CARCINOMA

cMET has recently emerged as a potential therapeutic 
target in pancreatic carcinoma, which can help to pro-
long overall survival.14

Transcriptomic analysis makes it possible to examine 
the entire genome without a preset hypothesis and reveal 
pathological processes altered at the molecular level. Two 
high-throughput techniques are the most widely used for 
studying gene expression: gene chip and RNA-seq. During 
a microarray analysis, mRNAs are converted into cDNAs 
by reverse transcription, labeled, and then these DNA 
fragments are hybridized to an in situ synthesized and 
immobilized nucleotide sequence.15 During RNA-seq, the 
fragments are identified using a high-throughput sequenc-
ing technique, and then the level of expression is quanti-
fied based on the number of reads aligned to a selected 
position in the genome.16 RNA-seq has some advantages 
over hybridization-based technologies, as it can provide 
consistent quantification in a larger dynamic range and 
without the need of predetermined sequence information. 
In addition to the quantitative measurement of gene ex-
pression, RNA-seq can also determine alternative splicing, 
single nucleotide polymorphisms (SNPs), and the pres-
ence of gene fusions. In contrast, microarrays have other 
advantages, for example they are cheaper, and their data 
analysis is more straightforward with established analysis 
tools and pipelines.17,18

In this study, we aimed to establish an integrated da-
tabase of transcriptome-level gene expression from pan-
creatic carcinomas by utilizing gene chip and RNA-seq 
studies of recent years. We set two specific goals to employ 
this database. First, we aimed to identify transcriptomic 
changes when comparing tumor and normal tissues to 
find biomarkers that could indicate the disease presence. 
Our second goal was to find altered genes linked with dis-
ease outcome that can serve as potential therapeutic tar-
gets in the future. Finally, we wanted to uncover biological 
processes that are perturbed in pancreatic carcinoma and 
could play a pathogenic role in the disease.

METHODS

Database setup

We searched the GEO repository (https://www.ncbi.nlm.
nih.gov/geo/) using the terms “pancreas cancer” and 
“pancreatic adenocarcinoma”; these searches yielded 
1097 results. We further filtered the search by defining 
the species from which the sample originates as Homo sa-
piens and the test type either as “Expression profiling by 
high throughput sequencing” or “Expression profiling by 
array” or “Protein profiling by protein array” or “Protein 
profiling by Mass Spec.” In addition, we only kept the 

datasets that contained at least 30 samples. With these, 
a total of 160 dataset hits were obtained. We reviewed 
these series and retained only those that contained over-
all survival (OS) or disease-free survival (DFS) informa-
tion in either the GEO database or the supplementary 
material of the related articles (Figure 1). In addition to 
the GEO datasets, we have also added projects from the 
International Cancer Genome Consortium Data Portal 
on pancreatic carcinomas that contain gene expression 
data. These include the Pancreatic cancer – Ductal ad-
enocarcinoma – Australia (PACA-AU), Pancreatic can-
cer – Ductal adenocarcinoma – Canada (PACA-CA), 
Pancreatic cancer – Adenocarcinoma – United States 
(PAAD-US), and Pancreatic cancer – Endocrine neo-
plasms – Australia (PAEN-AU) sets. The aggregated 
datasets contain gene expression data of tissue samples 
from pancreatic tumors.

We then uniformized the gene annotation across the 
various datasets so that each gene expression data was 
linked to the corresponding gene symbol. Before merging 
the data tables, the probe with the highest summated ex-
pression value across all samples within a given dataset 
was considered in case a gene was measured by multiple 
probes. Some samples were measured multiple times or 
there was more than one sample from the same tumor – in 
such cases only one measurement result was kept. We also 
utilized the symbol checker (https://www.genen​ames.org/
tools/​multi​-symbo​l-check​er/) to identify symbols that had 
changed and switched to the most recent versions of those 
symbols. Finally, the individual datasets were combined 
symbol-wise, thus a concatenated dataset was created.

Clinical data for the samples were collected in a sep-
arate table. In this, TNM status was converted to stage 
using the definition of the American Joint Committee on 
Cancer,19 by assigning M1 with any T or N state to stage 4, 
N2 without metastasis or T4 without metastasis to stage 3, 
N1 without metastasis (M0) and with a maximum of T3 
state to stage 2B, T3N0M0 to stage 2A, T2N0M0 to stage 
1B, and T1N0M0 to stage 1A.

Processing of transcriptomic data

We only kept the expression values of the samples for 
which any clinical data were available. Then, we reviewed 
the genes and kept only those with expression data in 
at least 50% of the samples. This was necessary because 
there were many genes in the processed data that were 
only measured in a few samples. This step also serves as 
a filtering stage, since there must be a consensus between 
the different studies to investigate only genes annotated 
with a meaningful identifier, thus we eliminated ambigu-
ous artifact transcripts.

https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://www.genenames.org/tools/multi-symbol-checker/
https://www.genenames.org/tools/multi-symbol-checker/
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Subsequently, we normalized the data with two al-
gorithms. First, we performed a quantile normalization 
to bring all datasets to an adjusted metric by using the 

preprocessCore package in the R environment (https://
www.r-proje​ct.org/). After that, we performed a scaling 
normalization, in which the average expression was set 

F I G U R E  1   Flowchart of dataset search and data processing. DFS, disease-free survival; OS, overall survival.

https://www.r-project.org/
https://www.r-project.org/
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to 1000 for each sample. This makes it easy to determine 
whether the expression of a given gene exceeds the aver-
age expression level across all genes. To make the calcula-
tions easier, the obtained expression values were rounded 
to whole numbers. Note that not every dataset had expres-
sion value for each gene, and therefore most genes had to 
be investigated in slightly different set of samples as we 
had to exclude samples with missing values from the anal-
ysis of a particular gene. The complete data processing is 
summarized in Figure 1.

Identification of genes showing altered 
expression between normal and 
tumor samples

As the datasets contained control pancreatic samples in 
addition to the tumor samples, we were able to identify 
expression changes between tumor and non-tumor pan-
creatic samples across all genes. Differentially expressed 
genes were determined using the Mann–Whitney U 
test. To determine significant genes, the following crite-
ria were used: the absolute value of the log2 transformed 
fold-change had to be higher than 0.585 (log21.5), the 
Bonferroni corrected p value of the Mann–Whitney U test 
had to be less than 0.01, the mean of the expression in at 
least one of the sample groups (normal or tumor) had to 
be higher than 500, and finally the mean expression in the 
other group had to be more than 50. The last requirements 
ensure that only genes that are meaningfully expressed in 
at least one of the cohorts and actually expressed in both 
cohorts are considered.

Survival analysis

To identify genes associated with altered survival, we 
computed Cox proportional hazards regression20 for 
each gene using the overall survival information when-
ever this was available. We first trichotomized the data, 
that is, we assigned the samples into three cohorts based 
on the tertiles of gene expression and then excluded the 
middle cohort. The sample was assigned into the “upper 
tertile” cohort in cases where the gene expression levels 
were higher than the upper tercile and into the “lower 
tertile” in cases where the gene expression was lower 
than the lower tercile. It is a common method in the 
evaluation of clinical parameters to distinguish between 
a low, a high, and an intermediate group. Although there 
are other methods for determining cutoff points (e.g., 
using upper/lower quartile or median, or the computa-
tion of the best cutoff with combination of a false dis-
covery rate computation),21 we aimed to select a method 

that is similar to Food and Drug Administration (FDA)-
approved diagnostic tools where a significant proportion 
of patients are not classified to increase the robustness 
of the analysis – see for example tests for breast, lung, 
and prostate cancer.22–24 Univariate and multivariate Cox 
models were carried out in a Python environment using 
the ‘lifelines’ package. The expression of a gene was con-
sidered significant if the obtained hazard ratio exceeded 
1.66 or was less than 0.60, and the Bonferroni corrected p 
value was less than 0.01.

Determining potential therapeutic targets

Our goal was to uncover target gene products that have 
the potential for future therapeutic intervention. Since it 
is only possible to therapeutically influence genes with el-
evated expression, we only considered genes differentially 
expressed in the positive direction. Furthermore, it was a 
second important criterion that overexpression of the gene 
was significantly linked to reduced survival, so we selected 
only genes with a hazard ratio over 1.66. Multivariate Cox 
proportional hazard regression was performed to compare 
gene expression and the role of sex, grade, and stage in 
relation to overall survival. The trichotomized lower and 
upper terciles expression data were used for each gene in 
the multivariate analysis also.

Network analysis

Gene ontology enrichment analysis was performed 
using the Database for Annotation, Visualization, and 
Integrated Discovery tool (DAVID: http://david.abcc.
ncifc​rf.gov/). Enriched molecular functions and biologi-
cal processes were identified for the previously identified 
differentially expressed genes. Gene ontology terms were 
considered enriched if the Benjamini–Hochberg-based 
false discovery rate was below 5% and the fold enrichment 
(FE) was higher than 1.5. The networks of biological pro-
cesses enriched among genes were created by BINGO25 
and visualized with Cytoscape.26

RESULTS

Processing of the datasets

We identified 12 datasets in total during our GEO search 
that matched our criteria, and added four more datasets 
from the International Cancer Genome Consortium Data 
Portal. A complete list of the included cohorts is presented 
in Table 1.

http://david.abcc.ncifcrf.gov/
http://david.abcc.ncifcrf.gov/
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The GSE84219 dataset included Illumina probe iden-
tifiers and the associated gene symbols are based on the 
description in the corresponding (GPL14951) platform. 
The GSE78229, GSE28735, and GSE62452 datasets used 
the GPL6244 platform, and the gene IDs were paired using 
the platform description. The GSE57495 and GSE85916 
datasets were measured using Affymetrix gene arrays and 

the corresponding gene symbols were linked according 
to the GPL15048 and GPL13667 platforms. Only Entrez 
ID were found without gene symbols in the case of the 
GSE57495 dataset – here we searched for the correspond-
ing symbols by employing the mygene python package. In 
the GSE124230 and the GSE79668 datasets the genes were 
annotated with Ensembl ID and gene read counts values 

T A B L E  1   Clinical cohorts included in the final integrated database.

Dataset Project title Platform Genes (n)
Samples 
(n)

GSE84219 Expression analysis in ductal adenocarcinoma in 
patients with low and high survival after tumor 
resection

GPL14951 19,252 30

GSE78229 Microarray gene-expression profiles of 50 
pancreatic tumors tissue from patients with 
pancreatic ductal adenocarcinoma

GPL6244 19,988 50

GSE179351 Radiation therapy enhances immunotherapy 
response in microsatellite-stable colorectal and 
pancreatic adenocarcinoma in a phase II trial

GPL18573 20,210 12

GSE172356 Tumor microbiome contributes to an aggressive 
phenotype in the basal-like subtype of 
pancreatic cancer

GPL20795 19,240+ 53

GSE57495 Microarray analysis of 63 patients with pancreatic 
cancer tissues resulted in the identification of a 
15-gene signature to predict overall survival

GPL15048 19,874 63

GSE79668 RNA-sequencing of human pancreatic 
adenocarcinoma cancer tissues

GPL11154 19,175 51

GSE85916 Patients with human resected pancreatic cancer GPL13667 19,322 80

GSE28735 Microarray gene-expression profiles of 45 matching 
pairs of pancreatic tumor and adjacent non-
tumor tissues from 45 patients with pancreatic 
ductal adenocarcinoma

GPL6244 17,546 90

GSE124230 Pancreatic cancer prognosis is predicted by 
chromatin accessibility

GPL11154 19,745 49

GSE102238 Gene expression signatures associated with 
perineural invasion in pancreatic ductal 
adenocarcinoma

GPL19072 8735 100

GSE62452 Microarray gene-expression profiles of 69 
pancreatic tumors and 61 adjacent non-tumor 
tissue from patients with pancreatic ductal 
adenocarcinoma

GPL6244 19,988 130

GSE71729 Virtual microdissection of pancreatic ductal 
adenocarcinoma reveals tumor and stroma 
subtypes

GPL20769 18,229 252

PACA-AU Pancreatic cancer – ductal Adenocarcinoma –  
Australia

GPL10558 & Illumina Hi seq 20,082+ 269

PACA-CA Pancreatic cancer – Ductal adenocarcinoma –  
Canada

GPL10558 19,757+ 234

PAAD-US Pancreatic cancer – Adenocarcinoma – United 
States

Illumina Hi seq 19,689 145

PAEN-AU Pancreatic cancer – Endocrine neoplasms –  
Australia

GPL10558 & Illumina Hi seq 20,058+ 32
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were available only. We downloaded the GRCh38 (release 
106) complete human gene set and calculated the lengths 
of the genes with the gtftools python package. Then, we 
performed transcript per million (TPM) normalization by 
using the median gene length for the calculation. In the 
GSE102238 dataset the probes were available with Agilent 
IDs. The associated platform available in GEO (GPL19072) 
did not contain the gene symbol or any gene ID, only the 
probe sequences, and we had to determine the Ensembl ID 
based on data from another platform (GPL26898). In the 
GSE71729 and PAAD-US the expression data were given 
with gene symbols so no further action was required. In 
the PACA-AU, PACA-CA, and PAEN-AU datasets the ex-
pression sequencing dataset used Ensembl ID as identifier 
enabling a direct link with gene symbols. The expression 
array dataset contained the expression data with Illumina 
probe IDs. By linking the data with the appropriate plat-
form (GPL10558), we obtained the symbols for these 
genes as well. In the case of the GPL6244, GPL13667, and 
GPL26898 platforms, many probes were annotated with 
multiple gene IDs. As our aim was to avoid missing poten-
tially significant genes, we assigned the measured inten-
sity values to each corresponding gene in these samples.

Complete integrated database

In the final table already filtered for genes and samples, 
we obtained gene expression data for a total of 1640 sam-
ples and 20,433 genes. Of the samples, a total of 1435 
were pancreatic carcinoma samples, and the remaining 
205 samples were controls from healthy (non-tumorous) 
pancreatic tissues. The controls included not only pan-
creatic samples from healthy patients, but also parts of 
the pancreas from cancer patients that were not infil-
trated by tumors. From the histopathologic aspect, 94% 
of the tumor samples were PDAC tumors. Note that for 
a proportion of patients, histology was not available. To 
increase the sample number with available gene expres-
sion data, all tumors classified as pancreatic cancer were 
included in the analysis regardless of histological diagno-
sis. Furthermore, in many cases, the sampling was per-
formed during surgical resection of the tumor, but the 
sample acquisition is not described for several datasets. 
Similarly, only a few datasets mention information re-
lated to treatment.

Among the tumorous samples, 8.9% were grade 1 (well 
differentiated), 52.1% grade 2 (moderately differentiated), 
37.0% grade 3 (poorly differentiated), and 2.0% grade 4 
(undifferentiated). The stage distribution was similar 
with 12.6% stage 1, 78.5% stage 2, 5.0% stage 3, and 3.9% 
stage 4. We had survival data for a total of 1245 patients, 
of which 812 died during the study (mean overall survival 

time ± SD: 16.9 ± 15.8 months) and 433 were censored 
(mean time until censoring ± SD: 24.4 ± 22.4 months).

Genes with perturbed expression pattern

When comparing normal tumor tissues and pancreatic 
carcinoma, we found a total of 4589 genes whose expres-
sion was changed, of which 2612 genes were upregu-
lated, while roughly the same number, 1977 genes, were 
downregulated. Genes with the most significant upregu-
lation were SERPINB5 (log2FC: 3.39, p: 1.36e-90), MLPH 
(log2FC: 3.28, p: 9.76e-90), and TRIM29 (log2FC: 3.72, p: 
4.30e-85). The most significant genes with lower expres-
sion were PNRC1 (log2FC: −1.34, p: 8.17e-81), LONRF2 
(log2FC: −1.78, p: 2.61e-80), and PRKAR2B (log2FC: 
−2.57, p: 5.25e-80). The complete list for all genes is pro-
vided in Table S1. Note that even with our strict thresh-
olds, more than 22% of the analyzed transcripts were 
significantly changed.

Genes linked with altered 
survival outcome

Using the Cox proportional hazards model, we found 24 
genes whose expression significantly was linked to altered 
survival length. The majority of genes (n = 21) correlated 
with shorter survival (top three genes according to haz-
ard ratio [HR]: ANXA8 [HR: 1.99, p: 1.15e-12], KRT6A 
[HR: 1.94, p: 7.38e-14], and MET [HR: 1.91, p: 4.59e-13]) 
and only a few genes (n = 3) were good prognostic factors 
(LOC113230 [HR: 0.53, p: 1.97e-7], RGS5 [HR: 0.57, p: 
2.37e-10], and RETREG1 [HR: 0.59, p: 7.32e-10]; Table S2).

Potential targets

By using genes with elevated expression in cancerous 
tissues and linked with increased hazard rate in the sur-
vival analysis we identified the nine most robust target 
genes, ANLN (log2FC: 2.33; HR: 1.67), ANXA8 (log2FC: 
2.87; HR: 1.99), FAM83A (log2FC: 3.13; HR: 1.76), KRT6A 
(log2FC: 3.49; HR: 1.94), MET (log2FC: 0.99; HR: 1.91), 
MUC16 (log2FC: 3.79; HR: 1.85), NT5E (log2FC: 1.38; 
HR: 1.69), SLC2A1 (log2FC: 1.90; HR: 1.88), and SLTM 
(log2FC: 1.28; HR: 1.74). To check the independence of 
genes in relation to survival, we performed multivariate 
Cox regression using gene pairs. We found that each gene 
pair remained significant, with the exception of SLTM and 
ANLN when they were examined together with the MET 
gene, so we discarded these genes (Table  S3). Their ex-
pression difference compared to the controls is depicted 
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in Figure  2 and the association between expression and 
survival is depicted in Figure 3. In our multivariate analy-
sis, we found that the role of genes also remained signifi-
cant while grade and stage were also significantly linked 

to survival outcome. Gender did not have a significant as-
sociation with survival (Table 2). These results prove that 
the selected top genes and the clinical variables capture 
different, clinically relevant features of the tumors.

F I G U R E  2   Boxplots of the selected candidate therapeutic target genes showing the highest difference in expression between normal and 
tumorous pancreatic tissues. log2FC represents the log 2 of the fold-change and p represents the significance in the Mann–Whitney U test.
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Molecular functions and biological  
processes perturbed in pancreatic  
carcinoma

We separated the significantly changed genes according 
to whether they were upregulated or downregulated com-
pared to the controls and searched for the gene ontology 

molecular function and biological processes in DAVID. 
When using the upregulated genes, we found 45 enriched 
molecular functions, the top three including cell adhesion 
molecule binding (FE: 2.38, p: 1.88e-28), cadherin bind-
ing (FE: 2.72, p: 9.58e-26), and macromolecular complex 
binding (FE: 1.57, p: 1.26e-15). The most significant en-
riched biological process terms were regulation of cellular 

F I G U R E  3   Kaplan–Meier survival plots of the selected candidate therapeutic target genes. HR, hazard rate.

T A B L E  2   Multivariate analysis results for the selected genes in combination with stage, grade, and gender.

KRT6A MET NT5E ANXA8 SLC2A1 FAM83A MUC16

Stage pKRT6A: 2.6e-8
pstage: 8.3e-3

pMET: 1.9e-5
pstage: 3.3e-3

pNT5E: 3.3e-9
pstage: 5.7e-3

pANXA8: 3.9e-8
pstage: 1.0e-2

pSLC2A1: 3.4e-8
pstage: 4.5e-3

pFAM83A: 6.0e-6
pstage: 3.6e-3

pMUC16: 4.2e-6
pstage: 8.2e-5

HRKRT6A: 2.06
HRstage: 1.34

HRMET: 1.78
HRstage: 1.34

HRNT5E: 2.15
HRstage: 1.36

HRANXA8: 2.11
HRstage: 1.34

HRSLC2A1: 2.06
HRstage: 1.31

HRFAM83A: 1.73
HRstage: 1.35

HRMUC16: 1.81
HRstage: 1.48

Grade pKRT6A: 3.5e-6
pgrade: 2.1e-4

pMET: 1.5e-2
pgrade: 2.8e-2

pNT5E: 4.8e-3
pgrade: 5.0e-4

pANXA8: 8.8e-6
pgrade: 1.9e-2

pSLC2A1: 6.1e-4
pgrade: 2.3e-4

pFAM83A: 2.5e-4
pgrade: 4.5e-3

pMUC16: 3.7e-4
pgrade: 1.2e-2

HRKRT6A: 1.91
HRgrade: 1.39

HRMET: 1.40
HRgrade: 1.21

HRNT5E: 1.49
HRgrade: 1.35

HRANXA8: 1.96
HRgrade: 1.24

HRSLC2A1: 1.60
HRgrade: 1.37

HRFAM83A: 1.64
HRgrade: 1.29

HRMUC16: 1.67
HRgrade: 1.27

Sex pKRT6A: 8.7e-9
psex: 4.8e-1

pMET: 1.0e-6
psex: 2.5e-1

pNT5E: 1.2e-6
psex: 2.7e-2

pANXA8: 7.8e-10
psex: 3.3e-1

pSLC2A1: 4.8e-7
psex: 3.0e-1

pFAM83A: 1.2e-9
psex: 4.4e-1

pMUC16: 2.7e-7
psex: 4.5e-1

HRKRT6A: 2.02
HRsex: 0.92

HRMET: 1.83
HRsex: 0.87

HRNT5E: 1.81
HRsex: 0.77

HRANXA8: 2.41
HRsex: 0.88

HRSLC2A1: 1.88
HRsex: 0.88

HRFAM83A: 2.23
HRsex: 0.91

HRMUC16: 1.92
HRsex: 0.91

Abbreviation: HR, hazard ratio.
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component organization (FE: 1.51, p: 3.50e-27), cellular 
protein localization (FE: 1.52, p: 1.15e-18), and cellular 
macromolecule localization (FE: 1.51, p: 2.17e-18). The 
complete set of biological processes influenced by the up-
regulated genes is provided in Figure 4 (high resolution in 
Figure S1). In the case of downregulated genes, we found 
18 enriched biological processes but no significantly al-
tered molecular functions. The three most significant bio-
logical processes were detoxification (FE: 2.68, p: 5.53e-6), 
muscle cell proliferation (FE: 2.01, p: 1.37e-5), and detoxi-
fication of copper ion (FE: 6.77, p: 1.56e-5).

DISCUSSION

The identification of differentially expressed genes in pan-
creatic cancer is critical for developing new markers for 
detection and treatment in this highly lethal tumor. Our 
findings confirm that several previously identified highly 
expressed genes, many of which offer potential clinical 
targets, are overexpressed in pancreatic cancer. These dif-
ferentially expressed genes can form the basis for screen-
ing methods to detect the disease at an earlier, potentially 

curable stage, or serve as new targets for drug develop-
ment or imaging.

In the course of our work, we combined 16 datasets, 
and used this integrated database for correlating gene 
expression and survival. Genes linked with the poor-
est prognosis were ANXA8, KRT6A, and MET whereas 
the best prognostic genes were LOC113230, RGS5, and 
RETREG1. During the data analysis, we identified seven 
genes, the expression of which was higher in pancre-
atic carcinoma, and this higher level is also linked to 
shorter survival, including ANXA8, FAM83A, KRT6A, 
MET, MUC16, NT5E, and SLC2A1. We also found that 
these genes, with the exception of SLTM and ANLN, 
independently affect overall survival. The results of the 
multivariate analysis show that there is a correlation be-
tween the MET gene and the ANLN and SLTM genes in 
terms of survival, so the prognostic role of the genes is 
not independent of each other.

ANXA8 (annexin A8) and its paralogous gene, 
ANXA8L1 (annexin A8 like 1) had the highest hazard 
ratio in the Cox regression. The overexpression of these 
genes has been previously described in several tumors,27,28 
and they also have an important function in promoting 

F I G U R E  4   Perturbed biological processes for genes upregulated in pancreatic carcinoma. Circle sizes relate to the number of genes 
involved in the biological processes and colors refer to p values according to the color code. White bubbles represent non-significant 
categories connecting other biological processes. High resolution image is provided as Figure S1.
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invasion and proliferation.28,29 Keratin 6A (KRT6A) be-
longs to the keratin protein family, which is an essential 
component of the cytoskeleton. It may affect the pen-
tose phosphate pathway, that was described to promote 
tumor growth and metastasis in lung cancer.30 Although 
the molecular mechanism by which KRT6A promotes 
tumor progression is not fully understood, a high level 
of KRT6A is also associated with poor clinical outcome 
in pancreatic cancer.31 SLC2A1 (solute carrier family 2 
member 1), also known as GLUT-1 (glucose transporter 
protein type 1), was previously linked with the presence 
and prognosis of pancreatic cancer in multiple stud-
ies.32–34 NT5E (5′-nucleotidase ecto, also called CD73) has 
immunosuppressive properties, and NT5E inhibitors are 
currently under development.35 As here we show higher 
NT5E expression in pancreatic cancer, our results suggest 
that NT5E inhibitors might also be potentially effective in 
PDAC.

The PI3K-AKT signaling plays a major role in the 
pathophysiology of pancreatic cancer, which is also sup-
ported by our discovery of multiple genes linked to this 
pathway. The AKT kinase promotes cell survival, ini-
tiation of cell division, increased metabolism, growth, 
angiogenesis, and DNA repair through the phosphory-
lation of many other proteins.36 The PI3K-AKT pathway 
is affected by MUC16,37 FAM83A,38 and NT5E,39 which 
all have been previously identified as poor prognostic 
factors in pancreatic cancer40–44 and as potential thera-
peutic targets.45–49 However, MET is currently the most 
significant gene in this regard, according to our clinical 
knowledge. The MET proto-oncogene encodes the pro-
tein MET (c-MET), a membrane tyrosine kinase recep-
tor. First, MET binds to its ligand, hepatocyte growth 
factor (HGF). Then, HGF is released by stromal cells, 
dimerizes, and by this it gets into an activate state where 
it can activate the PI3K/AKT pathway.50 There are MET 
inhibitors already in use or under clinical development, 
including small molecule MET receptor inhibitors (e.g., 
crizotinib, savolitinib, tepotinib, cabozantinib), MET re-
ceptor monoclonal antibodies (e.g., onartuzumab), and 
antibodies against the HGF ligand (e.g., ficlatuzumab).51 
It has been known for a long time that the c-MET gene 
expression and serum HGF levels are significantly in-
creased in PDAC.52,53 However, cMET upregulation 
worsens patient survival, as it increases resistance to 
gemcitabine, promotes tumor cell motility, and the se-
cretion of angiogenic factors, which ultimately affect 
disease progression. The preclinical data indicate that 
the most effective results can be achieved by simultane-
ously blocking the ligand and the receptor in combina-
tion with chemotherapy.

Our further goal was to explore the changes in bio-
logical processes in pancreatic carcinoma. According to 

our analysis, altered metabolic processes, cell cycle alter-
ations, and growth became very pronounced. However, 
other processes that are also crucial for the functioning 
of the tumor have also changed, such as apoptosis, the re-
sponse to stimuli, or alteration in regulatory mechanisms.

In our study we identified seven genes that could serve 
as potential therapeutic targets for pancreatic carcinoma. 
The fact that these genes share excessive similarity with 
previous findings validates the strength of our discovery. 
The identified biological processes are well-known char-
acteristics of tumor and provide further evidence of the 
importance of our identified genes in the disease.

The advantage of our analysis is that we integrated the 
results of multiple previous expression cohorts to examine 
the expression changes observed in pancreatic carcinoma, 
which was not possible in preceding studies. Nevertheless, 
we must mention a few limitations of our study. Since we 
combined different studies, not all platforms had expres-
sion values for all genes. Thus, we had to omit analysis of 
some genes which might have a pathogenic role in the de-
velopment of pancreatic carcinoma. A second limitation 
is that although we collected both overall survival and 
relapse-free survival (RFS) data, only a fraction of tumors 
had RFS data – for this reason, our analysis was restricted 
to overall survival.

In conclusion, the expression level of a significant pro-
portion of genes varies considerably in pancreatic cancer 
and these genes impact a wide range of biological pro-
cesses. A number of genes previously recognized as highly 
expressed were confirmed by the thorough characteriza-
tion of the most overexpressed genes in ductal pancreatic 
adenocarcinomas, and it is now clear which genes have 
the greatest promise for further study. We found that the 
PI3K-AKT signaling pathway plays a central role, includ-
ing the MET gene, therapeutic targeting of which may 
have clinical benefits. We analyzed a patient cohort that 
had a sufficient size to enable a robust comparison and 
ranking of all potentially relevant genes.
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