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Abstract. Pancreatic ductal adenocarcinoma (PDAC) is a 
highly aggressive malignant tumor with rapid progression 
and poor prognosis. In the present study, 11 high‑quality 
microarray datasets, comprising 334 tumor samples and 151 
non‑tumor samples from the Gene Expression Omnibus, 
were screened, and integrative meta‑analysis of expression 
data was used to identify gene signatures that differentiate 
between PDAC and normal pancreatic tissues. Following 
the identification of differentially expressed genes (DEGs), 
two‑way hierarchical clustering analysis was performed for 
all DEGs using the gplots package in R software. Hub genes 
were then determined through protein‑protein interaction 
network analysis using NetworkAnalyst. In addition, functional 
annotation and pathway enrichment analyses of all DEGs were 
conducted in the Database for Annotation, Visualization, and 
Integrated Discovery. The expression levels and Kaplan‑Meier 
analysis of the top 10 upregulated and downregulated genes 
were verified in The Cancer Genome Atlas. A total of 1,587 
DEGs, including 1,004 upregulated and 583 downregulated 
genes, were obtained by comparing PDAC with normal tissues. 
Of these, hematological and neurological expressed 1, integrin 
subunit α2 (ITGA2) and S100 calcium‑binding protein A6 
(S100A6) were the top upregulated genes, and kinesin family 
member 1A, Dymeclin and β‑secretase 1 were the top 

downregulated genes. Reverse transcription‑quantitative PCR 
was performed to examine the expression levels of S100A6, 
KRT19 and GNG7, and the results suggested that S100A6 was 
significantly upregulated in PDAC compared with normal 
pancreatic tissues. ITGA2 overexpression was significantly 
associated with shorter overall survival times, whereas family 
with sequence similarity 46 member C overexpression was 
strongly associated with longer overall survival times. In 
addition, network‑based meta‑analysis confirmed growth 
factor receptor‑bound protein 2 and histone deacetylase 5 as 
pivotal hub genes in PDAC compared with normal tissue. In 
conclusion, the results of the present meta‑analysis identified 
PDAC‑related gene signatures, providing new perspectives and 
potential targets for PDAC diagnosis and treatment.

Introduction

Pancreatic ductal adenocarcinoma (PDAC) is one of the 
most aggressive malignant tumors worldwide; it has a poor 
prognosis and a 5‑year survival rate of ~8% in the USA (1). 
The median survival time for patients with advanced PDAC 
is <7 months, even with active treatment (2). Statistics from 
the National Cancer Institute Surveillance, Epidemiology and 
End Results database (https://seer.cancer.gov) indicate that 
PDAC is the fourth leading cause of cancer‑related mortality, 
accounting for ~7% of all cancer deaths in the United States. 
The mortality rate of men with pancreatic cancer increased 
slightly from 2005 to 2014, at a rate of 0.3% per year (1). Based 
on this trend, Hezel et al predicted that pancreatic cancer would 
become the second most common cause of cancer‑related 
death by 2030 (3). Resection of pancreatic tumor tissue during 
the early stage is currently the only curative treatment method. 
However, as symptoms and biomarkers for early diagnosis 
are lacking, >80% of patients with PDAC are not diagnosed 
until they are in the advanced stage, thereby missing the best 
timeframe for curative treatment (4). Additionally, the lack of 
effective and credible interventions is another key cause of 
the high mortality rate in patients with PDAC (3). Thus, new 
targets for PDAC diagnosis and better therapeutics for PDAC 
treatment are urgently needed.
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Pancreatic cancer has many risk factors, including indi-
vidual, lifestyle‑related, disease and drug‑related factors, with 
PDAC being primarily caused by somatically acquired muta-
tions (5). Jones et al investigated gene mutations involved in 
pancreatic cancer and found an average of 63 mutated genes (6). 
A number of previous studies have examined gene mutations 
in pancreatic cancer. For example, Nagata et al reported and 
validated that mucins, such as mucin (MUC) 1, MUC5 and 
MUC6, were overexpressed in invasive ductal carcinoma (IDC) 
and in pancreatic intraepithelial neoplasia, which develops 
into IDC (7). Kirsten rat sarcoma viral oncogene homolog 
(KRAS) has been confirmed as the driver gene in PDAC (6‑8). 
By establishing a genetically engineered mouse PDAC model, 
Rozenblum  et  al demonstrated that SMAD4 is inactivated 
in most pancreatic cancers, which leads to inactivation of the 
tumor suppressor gene cyclin‑dependent kinase inhibitor 2A 
and activation of KRAS (9,10). p53, another tumor suppressor 
gene, has been found to be mutated in >50% of patients with 
PDAC (3,9). Fong and Winter systematically summarized the 
presence of various biomarkers in cancer cells and body fluids in 
patients with PDAC based on previous studies; these biomarkers 
included the genes KRAS, Fanconi anemia complementation 
group I (FANCI) and MUC1, and the proteins CA‑19‑9, CA‑125 
and CEA, as well as microRNA (miR)‑21 and miR‑210 (11). 
Unexpectedly, although >2,000 studies have been conducted on 
biomarkers for pancreatic cancer, the CA‑19‑9 serum level is 
the only widely used Food and Drug Administration‑approved 
tumor marker, albeit not for diagnosis. To date, no biomarkers 
are sufficiently accurate for widespread diagnostic use (12).

Since the emergence of high‑throughput genomic technolo-
gies, including microarrays several decades ago, these techniques 
have been applied to study many diseases. For example, these 
technologies are used to identify disease subtypes (13), explore 
gene expression profiles of disease (14) and to identify poten-
tial novel pathogenic genes and diseases (15). Additionally, 
molecular signatures discovered by microarrays have become 
predictive biomarkers for certain diseases (16). An increasing 
number of studies have applied this technique to identify 
differentially expressed genes (DEGs) between tumor tissues 
and normal tissues (17). Although microarray technology has 
enabled the discovery of biomarkers, study results vary owing 
to inaccuracies or quality problems in microarray analyses and 
verification, and small sample sizes exacerbate this issue (18). 
A meta‑analysis, as a large‑sample study, has an advantage 
in addressing this limitation due to its enhanced statistical 
power (19). Prior meta‑analyses have been applied to study 
tumors to confirm DEGs between tumor tissue and normal 
tissue in glioma (20,21), lung cancer (22), bladder cancer (23), 
breast cancer  (24), osteosarcoma  (25), liver cancer  (26) 
and pancreatic cancer (27). In the present study, integrative 
meta‑analysis of expression data (INMEX) was used to conduct 
a meta‑analysis based on 11 qualified microarray datasets, with 
the aim to identify crucial DEGs between PDAC samples and 
normal pancreatic samples that may serve as biomarkers for 
PDAC treatment and prognosis.

Materials and methods

Patients and tissue collection. The mean age of patients was 
56.3 years (range, 39‑73). Paired normal pancreatic tissues and 

PDAC tissues were collected from 15 patients (female to male 
ratio, 4:11) with PDAC who underwent surgical procedures 
at the Union Hospital of Tongji Medical College, Huazhong 
University of Science and Technology (Wuhan, China) 
between July 2018 and September 2018. Human study proto-
cols were approved by the ethics committee of Tongji Medical 
College, Huazhong University of Science and Technology 
(Wuhan, China), and all patients in the study provided written 
informed consent. The pathological diagnoses of the speci-
mens were confirmed by two clinicopathological experts at the 
Department of Pathology, Union Hospital of Tongji Medical 
College, Huazhong University of Science and Technology 
prior to RNA extraction. Specimens were snap frozen in liquid 
nitrogen and stored at ‑80˚C. According to the American 
Joint Commission on Cancer Staging System for patients with 
pancreatic adenocarcinoma (28), patients were divided into 
three groups: i) Stage I (n=7); ii) stage II (n=7); and stage III 
(n=1).

Identification of PDAC microarray datasets and validation in 
The Cancer Genome Atlas (TCGA). The keywords ‘pancreatic 
cancer’ were used to search for gene chips to study in the Gene 
Expression Omnibus (GEO) datasets of the National Center 
for Biotechnology Information database (http://www.ncbi.
nlm.nih.gov/geo). The inclusion criteria for the qualified chips 
were as follows: i) The chip was a gene expression chip; ii) the 
genes were from normal pancreatic and/or PDAC tissues; iii) 
the GEO series (GSE) dataset included >3 samples. Gene chips 
that met any of the following criteria were excluded: i) Chips 
containing pancreatic cancer cell lines; ii) methylated gene 
chips; iii) genes originating from animals other than humans; 
iv) non‑microarray gene chips. Following the determination 
of the microarray datasets, the GSE number, information 
regarding the expression platform and sample number, source 
literature and the number of normal and pancreatic cancer 
samples were collected from the GEO database. To validate 
the results in TCGA (https://tcga‑data.nci.Nih.gov/tcga/), 
DNA expression levels in pancreatic cancer and normal tissues 
and patients' survival time were obtained from the database.

Elimination of batch differences and individual data analysis. 
INMEX (http://www.inmex.ca) is an online tool that supports 

Table I. Primer sequences.

Gene name	 Primer sequence (5'‑3')

GAPDH	 F: ACTTTGGTATCGTGGAAGGACTCAT
	R : GTTTTTCTAGACGGCAGGTCAGG
S100A6	 F: CCATCTTCCACAAGTACTCCGG
	R : GCAGCTTCGAGCCAATGGT
GNG7	 F: CGCATAGAAGCCGGGATTGA
	R : TTGTCCTTAAAGGGGTTCTCCG
KRT19	 F: AGAATTGAACCGGGAGGTCG
	R : CCTGATTCTGCCGCTCACTA

S100A6, S100 calcium‑binding protein; GNG7, G protein subunit 7; 
KRT19, keratin‑19.
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multiple microarray platforms and commonly used gene IDs; 
it has comprehensive processing capabilities for meta‑analysis 
of multiple gene expression sets  (29). The ComBat option 
using the empirical Bayes method in INMEX was applied to 
eliminate the differences between dataset batches on different 
platforms and on the same platform and to ensure that different 
microarray experiments were directly comparable to each 
other to avoid inaccuracies resulting from differences unre-
lated to the disease. Extremely high or low expression ratios 
for additional genes were robustly stabilized by contracting 
differences by the empirical Bayes method (30).

Meta‑analysis of microarray datasets. All selected microarray 
datasets were log2 transformed and each constructed relative 
expression value table was set to match INMEX's upload format: 
The rows contained gene information and the columns contained 
sample information; each table was then uploaded. The data 
were annotated, function IDs were matched, and outlier samples 
were determined from boxplots and principal component anal-
ysis plots to ensure normalized quantile data. The correctness 
and integrity of all datasets were checked prior to running the 
ComBat adjust batch effect function, and the meta‑analysis was 
performed. Considering the characteristics of each statistical 
method, the Cochran Q test was performed on the uploaded 
INMEX data, which revealed notable heterogeneity among 
different studies. Therefore, a random‑effects model combined 
with the moderated effect size (ES) and metaMA packages were 
selected for the DEG screening (31,32). The gplots package in R 
software (version 3.5.0; https://www.r‑project.org) was used to 
perform hierarchical cluster analysis of the DEGs.

Functional enrichment analysis of the DEGs. To determine 
the potential functions of the screened DEGs, Gene Ontology 
(GO) terms and Kyoto Encyclopedia of Genes and Genomes 
(KEGG) pathway analyses were performed in the Database for 
Annotation, Visualization, and Integrated Discovery (DAVID; 
https://david.ncifcrf.gov) and the top 10 most enriched terms 
with P<0.05 were identified.

Network‑based meta‑analysis. To better understand DEG expres-
sion, protein‑protein interaction (PPI) networks were constructed 
using NetworkAnalyst with an extensive and high‑quality PPI 
database based in InnateDB (33). The Hub Explorer tool was used 
to retrieve information on node levels, betweenness centrality and 
expression levels. The types of data obtained were the degree of 
the node (number of connections to other nodes) and between-
ness centrality (number of shortest paths through the node). The 
expression was defined as the log fold change value of the corre-
sponding node. Nodes with the highest degree or betweenness 
values were considered crucial hub nodes.

Verification of gene expression and Kaplan‑Meier analysis. To 
verify the expression of the top ten upregulated and downregu-
lated genes in PDAC tissues compared with normal tissues, 
scatter plots of TCGA data were produced using GraphPad 
Prism 6 (GraphPad Software, Inc.). To explore the effects of 
DEGs on survival time, Kaplan‑Meier curves were constructed 
using GraphPad Prism 6 based on DNA expression profiles in 
the PDAC tissue samples and the corresponding survival times 
extracted from TCGA. The median expression level of each 
DEG was set as the cutoff value to split TCGA cohorts into 
high‑ and low‑expression groups. The log‑rank tests were used 
to assess the differences between groups of patients exhibiting 
low or high expression of the selected DEGs. P<0.05 was 
considered to indicate a statistically significant difference.

RNA extraction and reverse transcription‑quantitative PCR 
(RT‑qPCR). To confirm S100A6, KRT19 and GNG7 expres-
sion, PDAC tissues and paired normal pancreatic tissues 
from 15 patients with pathologically confirmed PDAC were 
collected. Total RNA was extracted from tissues using TRIzol 
reagent (Invitrogen; Thermo Fisher Scientific, Inc.) following 
the manufacturer's protocol. First‑strand cDNA was synthesized 
using the RevertAid First Strand cDNA Synthesis kit (Thermo 
Fisher Scientific, Inc.) following the manufacturer's instructions. 
RT‑qPCR was performed using the FastStart Universal SYBR 
Green master mix (Roche Diagnostics). The thermocycling 

Table II. Characteristics of datasets used in the meta‑analysis of pancreatic ductal adenocarcinoma vs. Normal tissue.

	N umbers
	 -------------------------------------
Author, year	 Source accession	C ountry	 Platform	 PDAC	N ormal	 (Refs.)

Badea et al, 2009	 GSE15471	 Romania	 GPL570	 39	 39	 (35)
Pei et al, 2009	 GSE16515	 USA	 GPL570	 36	 16	 (36)
Killary, 2011	 GSE22780	 USA	 GPL570	 8	 8	 N/A
Hussain  et al, 2012	 GSE28735	 USA	 GPL6244	 45	 45	 (37,38)
Donahue et al, 2011	 GSE32676	 USA	 GPL570	 25	 7	 (39)
Crnogorac‑Jurcevic et al, 2013	 GSE43288	 UK	 GPL96	 8	 6	 (40)
Crnogorac‑Jurcevic et al, 2013	 GSE43288	 UK	 GPL97	 8	 6	 (40)
Kim et al, 2013	 GSE43795	 South Korea	 GPL10558	 6	 5	 (41)
Raeder, 2017	 GSE46234	 Norway	 GPL570	 4	 4	 N/A
Jamieson et al, 2014	 GSE55643	 UK	 GPL6480	 45	 8	 (42)
Janky et al, 2016	 GSE62165	 Belgium	 GPL13667	 118	 13	 (43)

https://www.spandidos-publications.com/10.3892/mmr.2019.10414
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conditions were as follows: Initial denaturation at 95˚C for 
10 min, followed by 40 cycles of denaturation at 95˚C for 15 sec 
and annealing/elongation at 60˚C for 60 sec. The 2‑∆∆Cq quantifi-
cation method was used for analyzing the qPCR data (34). The 
primers used are listed in Table I. The gene expression levels in 
each sample were normalized to GAPDH.

Statistical analysis. The ES combined random‑effects model 
was used to perform the meta‑analysis, and the threshold to 
screen for DEGs was set at P<0.05. The Benjamini‑Hochberg 
false discovery rate was used to correct the P‑value to obtain 
more precise outcomes. The Mann‑Whitney U test was used 
to conduct validation of gene expression in TCGA. S100A6, 
KRT19 and GNG7 expression results for the paired PDAC and 
normal samples were compared using paired Student's t‑test or 
Wilcoxon test. P<0.05 was considered to indicate a statistically 
significant difference.

Results

Meta‑analysis. Raw data from the following 11 microarray 
gene expression profile datasets were downloaded from the 

GEO database: GSE15471 (35), GSE16515 (36), GSE22780, 
GSE28735 (37,38), GSE32676 (39), GSE43288‑GPL96 (40), 
GSE43288‑GPL97  (40), GSE43795  (41), GSE46234, 

Figure 2. Two‑way hierarchical clustering. Two‑way hierarchical clustering 
based on 1,587 DEGs in PDAC vs. normal tissues across 11 datasets. PDAC 
samples, indicated in red label, and normal tissue, indicated in blue, were cate-
gorized into the two major clusters. PDAC, pancreatic ductal adenocarcinoma

Figure 1. Study workflow. (A) Identification of eligible gene expression datasets for meta‑analysis of PDAC. (B) Processing meta‑analysis. DEGs, differentially 
expressed genes; GEO, Gene Expression Omnibus; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; PDAC, pancreatic ductal 
adenocarcinoma; PPI, protein‑protein interaction; TCGA, The Cancer Genome Atlas.



Molecular Medicine REPORTS  20:  1901-1914,  2019 1905

GSE55643 (42) and GSE62165 (43). In total, 485 samples were 
analyzed (334 tumor samples and 151 non‑tumor samples); the 
two sample types were subjected to meta‑analysis to identify 
DEGs. Specific information for each dataset included the first 
author, country, publication date, platform and numbers of 
PDAC and normal pancreatic tissue samples. The complete 
information and reference numbers of each dataset are 
presented in Table II. The detailed screening and processing 
workflow is depicted in Fig. 1.

Eliminating differences between batches. As differences 
between platforms lead to inaccuracies, biases in these datasets 
must be eliminated to increase the precision and reliability of 
the results. Therefore, prior to the meta‑analysis, ComBat in 
INMEX was used to correct for differences between batches 
online. A principal component analysis plot demonstrated 
modest separation among the 11 datasets (data not shown).

Meta‑analysis of gene expression in PDAC. DEGs with low 
but continuous expression levels in all profile datasets were 

defined as gained genes, and DEGs that disappeared in the 
meta‑analysis but were expressed in individual analyses 
or in the meta‑analysis resulting from experimental errors 
in the platforms were defined as lost genes  (20,44,45). In 
total, one gained gene, unkempt family zinc finger‑like 
(UNKL), which was weakly expressed in all datasets (ES, 
‑0.25395), and 1,278 lost genes were identified. Through the 
meta‑analysis, 1,587 DEGs were identified, of which 1,004 
were upregulated and 583 were downregulated (data not 
shown). Unsupervised hierarchical clustering of the DEGs 
was performed, and the results demonstrated that PDAC 
and normal samples were partitioned into two major groups 
(Fig. 2). Among all DEGs, the top 10 upregulated genes were 
hematological and neurological expressed 1 (HN1), integrin 
subunit α2 (ITGA2), S100 calcium‑binding protein A6 
(S100A6), inhibin βA subunit (INHBA), keratin‑19 (KRT19), 
membrane‑bound O‑acyltransferase domain‑containing 2 
(MBOAT2), collagen type I α2 chain (COL1A2), collagen type 
III α1 chain (COL3A1), monoglyceride lipase (MGLL) and 
β‑actin (ACTB) (Table III). The top 10 downregulated genes 

Table III. Top 20 differentially expressed genes identified in the meta‑analysis of PDAC vs. normal tissues.

A, Top 10 upregulated genes in PDAC vs. Normal tissue

Entrez ID	 Gene 	 Gene name	C ombined ES	A djusted P‑value

51155	 HN1	 Hematological and neurological expressed 1	 2.4036	 7.5536x10‑10

3673	 ITGA2	 Integrin subunit alpha 2	 2.3434	 5.0162x10‑7

6277	 S100A6	 S100 calcium binding protein A6	 2.1598	 1.1665x10‑6

3624	 INHBA	 Inhibin beta A subunit	 2.1409	 2.4647x10‑5

3880	 KRT19	 Keratin 19	 2.0556	 5.215x10‑5

129642	 MBOAT2	 Membrane bound O‑acyltransferase	 2.046	 <0.001
		  domain containing 2
1278	 COL1A2	 Collagen type I alpha 2 chain	 2.0415	 4.4806x10‑5

1281	 COL3A1	 Collagen type III alpha 1 chain	 1.993	 1.0244x10‑4

11343	 MGLL	 Monoglyceride lipase	 1.8727	 1.1349x10‑12

60	 ACTB	 β actin	 1.8532	 1.0806x10‑4

B, Top 10 downregulated genes in PDAC vs. Normal tissue

Entrez ID	 Gene 	 Gene name	C ombined ES	A djusted P‑value

547	 KIF1A	 Kinesin family member 1A	 ‑1.9848	 7.0263x10‑7

54808	 DYM	 Dymeclin	 ‑1.8453	 3.6218x10‑7

23621	 BACE1	 β‑secretase 1	 ‑1.8387	 1.302x10‑4

4925	 NUCB2	 Nucleobindin 2	 ‑1.8176	 5.8813x10‑7

29968	 PSAT1	 Phosphoserine aminotransferase 1	 ‑1.809	 6.8582x10‑7

3977	 LIFR	 LIF receptor alpha	 ‑1.7681	 1.2712x10‑10

9024	 BRSK2	 BR serine/threonine kinase 2	 ‑1.7642	 6.1567x10‑4

3777	 KCNK3	 Potassium two pore domain channel	 ‑1.7365	 1.1409x10‑6

		  subfamily K member 3
54855	 FAM46C	 Family with sequence similarity	 ‑1.7315	 4.01x10‑11

		  46 member C
2788	 GNG7	 G protein subunit gamma 7	 ‑1.6543	 1.6178x10‑6

Differentially expressed genes were ranked according to the combined ES. ES, effect size; PDAC, pancreatic ductal adenocarcinoma.

https://www.spandidos-publications.com/10.3892/mmr.2019.10414
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were kinesin family member 1A (KIF1A), Dymeclin (DYM), 
β‑secretase 1 (BACE1), nucleobindin‑2 (NUCB2), phospho-
serine aminotransferase 1 (PSAT1), LIF receptor α (LIFR), 
BR serine/threonine kinase 2 (BRSK2), potassium two pore 
domain channel subfamily K member 3 (KCNK3), family with 
sequence similarity 46 member C (FAM46C) and G protein 
subunit γ7 (GNG7) (Table III).

Identification of hub genes using network‑based meta‑analysis. 
Hub genes serve key roles in interrelationships among DEGs. 
To identify hub genes among the PDAC DEGs, a PPI network 
analysis was conducted using NetworkAnalyst, which included 
comprehensive data curated from the literature by InnateDB. 
One large subnetwork comprising 8,527 nodes and 37,579 
edges, and a smaller subnetwork containing 3 nodes and 2 
edges were obtained, and the top 10 hub genes in PDAC vs. 
normal tissue were identified (Table IV). To display the results 
more clearly, a zero‑edge network analysis was performed, 
which comprised 965 nodes and 2,806 edges (Fig. 3). Finally, 
hub genes in the network were ranked by degree. Growth 
factor receptor‑bound protein 2 (GRB2), with a combined 
ES of 0.76104 and an adjusted P‑value of 0.0053254, had the 
highest degree (90) and betweenness (53,725) among upregu-
lated DEGs. Histone deacetylase 5 (HDAC5), with a combined 
ES of ‑0.37624 and an adjusted P‑value of 0.0018425, had the 
highest degree (45) and betweenness (17,157) among down-
regulated DEGs.

Functional annotation and pathway enrichment analyses. To 
examine the functions of the identified DEGs, the DEGs were 
mapped in DAVID to perform GO term and KEGG pathway 
analyses. The following three aspects were included in the GO 
analyses: Biological process (BP), cellular component (CC) and 
molecular function (MF). In the GO analyses, DEGs identified 
between normal and PDAC tissues were notably enriched in 
‘cell‑cell adhesion’ (BP), ‘cytosol’ (CC) and ‘protein binding’ 
(MF) (Fig. 4A‑C). In total, 27 KEGG pathways were signifi-
cantly enriched (P<0.05) between normal and PDAC tissues. 
The top two enriched pathways with the lowest P value were 
‘ubiquitin‑mediated proteolysis’ (P=7.40x10‑9) and ‘pathways 
in cancer’ (P=6.23x10‑5) (Fig. 4D), which demonstrated that 
these DEGs may be strongly associated with pancreatic cancer 
occurrence.

TCGA validation. The top 10 upregulated and downregulated 
DEGs obtained by meta‑analysis were validated in TCGA 
using 147 PDAC samples and four normal samples. The results 
revealed that compared with the expression levels in normal 
samples, S100A6 and KRT19 were strongly upregulated in the 
PDAC samples (Fig. 5A and B). Compared with the expression 
levels in normal samples, LIFR and GNG7 were significantly 
downregulated in the PDAC samples (Fig. 5C and D).

Kaplan‑Meier analysis. The TCGA dataset comprised 157 
pancreatic cancer cases with detailed clinical and prognostic 
information and gene expression data. To determine the effects 
of the identified DEGs on the survival time of patients with 
PDAC, Kaplan‑Meier analysis was used for the top 10 upregu-
lated DEGs and the top 10 downregulated DEGs among the 
PDAC samples in the TCGA dataset. The results revealed that 
patients with high ITGA2 expression levels had shorter survival 
times compared with patients with lower ITGA2 expression 

Table IV. The top 10 hub genes in PDAC vs. Normal tissue.

A, Upregulated genes

ID	 Gene	 Degree	 Betweenness

2885	 GRB2	 90	 53,725
Q86VP6	 CAND1	 83	 40,684
Q13616	 CUL1	 82	 43,269
P08047	 SP1	 74	 47,977
P35222	 CTNNB1	 56	 27,401
P63279	 UBE2I	 45	 24,406
Q9UQL6	 HDAC5	 45	 17,157
Q9HCE7	 SMURF1	 41	 16,525
P22681	 CBL	 40	 11,550
Q92793	 CREBBP	 39	 14,026

B, Downregulated genes

ID	 Gene	 Degree	 Betweenness

Q9UQL6	 HDAC5	 45	 17,157
Q92793	 CREBBP	 39	 14,026

CAND1, cullin‑associated and neddylation‑dissociated 1; CBL, Cbl 
proto‑oncogene; CREBBP, CREB binding protein; CTNNB1, catenin 
β1; CUL1, cullin 1; GRB2, growth factor receptor‑bound protein 2; 
HDAC5, histone deacetylase 5; PDAC, pancreatic ductal adenocarci-
noma; SMURF1, SMAD‑specific E3 ubiquitin protein ligase 1; SP1, 
Sp1 transcription factor; UBE2I, ubiquitin‑conjugating enzyme E2 I.

Figure 3. Identification of hub genes using network‑based meta‑analysis. 
‘Zero order’ interaction network for DEGs by meta‑analysis of PDAC in 
comparison with normal tissue in a forced atlas layout. CAND1, cullin‑asso-
ciated and neddylation‑dissociated 1; CBL, Cbl proto‑oncogene; CREBBP, 
CREB binding protein; CTNNB1, catenin β1; CUL1, cullin 1; GRB2, growth 
factor receptor‑bound protein 2; HDAC5, histone deacetylase 5; SMURF1, 
SMAD‑specific E3 ubiquitin protein ligase 1; SP1, Sp1 transcription factor; 
UBE2I, ubiquitin‑conjugating enzyme E2 I.
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levels (Fig.  6A). KRT19, MBOAT2 and MGLL exhibited 
similar results to ITGA2 (Fig. 6C‑E). By contrast, patients with 
high FAM46C expression had longer survival times compared 
with patients with low FAM46C expression (Fig. 6G). These 
findings further demonstrated that high expression levels of 
upregulated DEGs, such as ITGA2, KRT19, MBOAT2 and 
MGLL, may represent a risk factor for poor survival in PDAC. 

By contrast, high expression levels of downregulated DEGs, 
such as FAM46C, may positively influence survival times of 
patients with PDAC.

Validation of genes with significantly different expression in 
TCGA by RT‑qPCR. To validate S100A6, KRT19 and GNG7 
expression, RT‑qPCR was performed using paired normal 

Figure 4. GO term and KEGG pathway analyses of differentially expressed genes. GO term analyses of (A) biological process, (B) cellular component and 
(C) molecular function. (D) KEGG pathway analysis. GO, Gene Ontology; HIF‑1, hypoxia‑inducible factor 1; KEGG, Kyoto Encyclopedia of Genes and 
Genomes; PDAC, pancreatic ductal adenocarcinoma; SMAD, Smad family of genes.

https://www.spandidos-publications.com/10.3892/mmr.2019.10414
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pancreatic tissues and PDAC tissues, which were collected 
from 15 patients. Among the three genes, S100A6 was signif-
icantly upregulated in PDAC tissues compared with normal 
pancreatic tissues (Fig. 7A). By contrast, the expression of 
KRT19 and GNG7 (Fig. 7B and C) PDAC did not signifi-
cantly differ from normal tissues, although enhanced/low 
expression levels of these genes were detected in some PDAC 
tissues.

Discussion

With the rapid development of high‑throughput genomic 
technology, researchers have explored gene mutations in 
pancreatic cancer over the past two decades, including 
oncogenes such as KRAS, SMAD4, proto‑oncogene c‑Myc 
and RAD51 recombinase (46), as well as tumor suppressor 
genes such as cyclin‑dependent kinase inhibitor (CDKN2A) 

Figure 5. TCGA dataset validation of S100A6, KRT19, LIFR and GNG7. (A) S100A6 and (B) KRT19 were upregulated genes. (C) LIFR and (D) GNG7 
were downregulated genes. *P<0.05; **P<0.01; ****P<0.0001. GNG7, G protein subunit γ 7; KRT19, keratin‑19; LIFR, LIF receptor α; PDAC, pancreatic ductal 
adenocarcinoma; S100A6, S100 calcium‑binding protein; TCGA, The Cancer Genome Atlas.
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and p53 (6). Although these studies initially identified several 
pancreatic cancer‑related gene mutations, DEGs derived from 
individual studies may be unreliable due to the limited quality 
and quantity of microarray chips. Identifying specific genes 
that can be used as biomarkers to diagnose pancreatic cancer 

or for targeted therapies is the key to reducing pancreatic 
cancer‑related death and improving pancreatic cancer prog-
nosis. Tang et al identified 205 pancreatic cancer‑related genes 
(142 upregulated and 63 downregulated) by screening and 
merging DEGs from four transcriptome microarray datasets 

Figure 6. Kaplan‑Meier survival curve analysis. Kaplan‑Meier analysis of overall survival for patients with PDAC with high expression levels of upregulated 
and downregulated genes. (A) ITGA2, (B) S100A6, (C) KRT19, (D) MBOAT2 and (E) MGLL were upregulated genes. (F) LIFR, (G) FAM46C and (H) GNG7 
were downregulated genes. Red lines represent high expression of DEGs and green lines represent low expression of DEGs. The censored subjects are marked 
with ticks on the Kaplan‑Meier survival curves. DEG, differentially expressed gene; FAM46C, family with sequence similarity 46 member C; GNG7, G protein 
subunit 7; ITGA2, integrin subunit α2; KRT19, keratin‑19; LIFR, LIF receptor; MBOAT2, membrane‑bound O‑acyltransferase domain‑containing 2; MGLL, 
monoglyceride lipase; PDAC, pancreatic ductal adenocarcinoma; S100A6, S100 calcium‑binding protein.
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(226 PDAC samples and 65 normal pancreatic tissue samples) 
in the GEO database  (27). Through functional analysis, 
including GO, KEGG pathway, Kaplan‑Meier survival and PPI 
network analyses, the authors identified DKK1 and HMGA2 as 
candidate genes in PDAC. Notably, these two genes were not 
identified as DEGs in the present study. In the present study, a 
meta‑analysis was performed using 11 high‑quality microarray 
datasets (334 tumor samples and 151 normal samples) from 
the GEO database to identify reliable PDAC‑related DEGs; 
1,587 DEGs were identified, including 1,004 upregulated 
and 583 downregulated genes. One gained gene, UNKL, was 
identified with a combined ES value of ‑0.25395. This gained 
gene was previously unreported. Additionally, based on the 
PPI network, GRB2 and HDAC5 were identified as pivotal hub 
genes in PDAC. In addition to the aforementioned functional 
analysis by Tang et al (27), the expression of several top genes 
was verified by TCGA analysis and RT‑qPCR.

Among the upregulated genes, HN1 had the highest 
combined ES value of 2.4036. The present study was consis-
tent with a previous study by Tang et al (27). In addition, many 
studies have confirmed that HN1 mutations are related to 
cancer occurrence. For example, Lu et al reported that HN1 is 
mutated in ovarian carcinoma epithelial tissue and can be used 
as a biomarker for ovarian cancer (47). Laughlin et al estab-
lished a mouse glioma model and confirmed that murine HN1 
depletion led to a significant reduction in glioma volume (48). 
They also demonstrated that HN1 was associated with the 
melanoma phenotype and regulated cell proliferation and 
melanogenesis (48). HN1 is overexpressed in breast cancer and 
can promote invasion and metastasis in breast cancer (49) and 
prostate cancer cells (50). These studies illustrate that HN1 gene 
expression is related to the proliferation, invasion and metastasis 
of tumor cells. The results of the bioinformatics analysis in the 
present study demonstrated that HN1 was upregulated in PDAC 
samples, which indicated that PDAC occurrence may be related 
to HN1 overexpression. This result is consistent with the previ-
ously studied mechanism of action of HN1 (49). Conversely, 
RT‑qPCR analysis of HN1 did not demonstrate a significant 

difference between PDAC samples and normal pancreatic 
tissue. Despite the lack of a statistical difference between PDAC 
patients with high levels and low HN1 expression levels in the 
TCGA dataset, since the present study suggested that HN1 
expression is associated with PDAC, further exploration of the 
association between HN1 gene expression, PDAC progression 
and patient survival is important.

ITGA2 is a collagen receptor expressed on cell membranes 
that mediates cell‑cell and cell‑matrix adhesions. A number 
of previous studies have indicated that ITGA2 expression is 
upregulated in normal epithelial cells, and its expression 
changes when tumorigenesis occurs (51‑53). Ramirez et al 
revealed a loss of ITG α2β1 in breast and prostate cancer (51). 
Previous studies have also reported that loss of ITGA2 serves 
a critical role in colon cancer metastasis (52) and that ITGA2 
is strongly expressed in PDAC (53). The results of the present 
study are consistent with previous studies on pancreatic cancer 
in that ITGA2 expression was significantly higher in PDAC 
tissue compared with normal pancreatic tissue.

S100A6, or its product calcyclin, has been identified to 
be associated with various malignancies, such as osteosar-
coma (54), gastric cancer (55) and malignant melanoma (56). 
Upregulation of S100A6 expression in tumor tissue is associated 
with cell proliferation (57). In addition, Ohuchida et al quanti-
tatively analyzed S100A6 and demonstrated that the S100A6 
expression level was markedly higher in pancreatic cancer 
tissues compared with normal pancreatic tissue (58). S100A6 is 
one of the 158 PDAC‑related DEGs identified by Logsdon et al 
using microarray datasets (59). In the present study, S100A6 
expression was upregulated in PDAC samples compared with 
normal tissue, which was verified by TCGA and RT‑qPCR; the 
findings were consistent with previous studies. Unfortunately, 
no association was observed between S100A6 gene expression 
and patient survival time in the TCGA dataset.

In the present study, KIF1A was identified as the most 
strongly downregulated gene, with a combined ES of ‑1.9848. 
The protein encoded by KIF1A is microtubule‑dependent 
molecular motor involved in important intracellular functions 

Figure 7. Enhanced expression of S100A6, KRT19 and GNG7 mRNA in PDAC. Scatter plots illustrate the relative expression of (A) S100A6, (B) KRT19 and 
(C) GNG7 mRNA normalized to GAPDH mRNA in each sample. *P<0.05. GNG7, G protein subunit 7; KRT19, keratin‑19; PDAC, pancreatic ductal adenocar-
cinoma; S100A6, S100 calcium‑binding protein.
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such as organelle transport and cell division (60). De et al (61) 
found that KIF1A is highly expressed in breast cancer and 
its upregulation is associated with breast cancer resistance to 
docetaxel. By contrast, Hattori et al demonstrated that KIF1A 
expression was upregulated in human and murine adrenal 
tumors compared with normal adrenal tissue (62). However, 
few studies have shown that the PDAC occurrence is related 
to the downregulation of KIF1A, although mutation of KIF1A 
is strongly associated with cancer (63). In the present study, 
KIF1A was the most strongly downregulated DEG in PDAC, 
further indicating that KIF1A may be related to the disease.

DYM encodes a Golgi‑related protein transported 
within cells, and previous studies have shown that DYM 
loss of function is closely related to microcephaly in 
Dyggve‑Melchior‑Clausen syndrome (64,65). In the present 
study, DYM was the second most downregulated gene, with 
a combined ES value of ‑1.8453, which suggested that it may 
have potential protective functions against PDAC. KIF1A and 
DYM expression levels were validated by TCGA, although 
no significant differences between PDAC and normal tissues 
were observed. In addition, RT‑qPCR analysis of KIF1A and 
DYM was performed multiple times. The expression of these 
two genes could not be detected in some normal or PDAC 
tissues, potentially owing to sub‑threshold expression levels of 
these two genes, or high sensitivity of the genes to pancreatin, 
leading to a certain extent of degradation. Additional speci-
mens need to be collected for further study.

Overexpression of BACE1, which hydrolyzes transmem-
brane amyloid precursor protein into amyloid‑b protein, has 
been demonstrated to serve an important role in Alzheimer's 
disease (66). Excessive amyloid‑b protein aggregation damages 
neurons (67). Chen et al reported that the long non‑coding RNA 
BACE1 antisense RNA (BACE1‑AS) may be used as a novel 
target of anisomycin to inhibit the proliferation and invasion of 
ovarian cancer stem cells; the authors also demonstrated that 
the increased BACE1 levels caused by silencing of BACE1‑AS 
resulted in poor cancer suppression by anisomycin  (68). 
Therefore, BACE1 may be a tumor suppressor. In the present 
study, BACE1 was downregulated in PDAC compared with 
normal pancreatic tissues. Nonetheless, the relationship between 
BACE1 and cancer, especially in PDAC, requires further study.

The top 10 upregulated and downregulated genes were 
validated by performing a meta‑analysis on a dataset from 
TCGA. The results demonstrated that high expression levels 
of ITGA2, KRT19, MBOAT2, and MGLL were associated with 
shorter survival times, whereas high FAM46C expression was 
associated with longer survival times. Dong et al (69) reported 
that ITGA2 is associated with the tumor, node and metastasis 
classification system and staging of gastric cancer, and that 
the expression level of ITGA2 was increased in metastatic 
lymph nodes and distant metastases. They demonstrated 
that increased ITGA2 levels were associated with reduced 
overall survival rates in patients with gastric cancer. Previous 
studies have shown that KRT19 is a marker associated with 
metastasis and poor prognosis of pancreatic ductal adenocar-
cinoma (70,71). Badea et al (35) combined gene expression 
analysis of whole‑tissue and microdissected PDAC, and 
found that upregulation of MBOAT2 is inversely correlated 
with patient survival. Transcriptomic analyses identified that 
MGLL overexpression is an unfavorable prognostic marker in 

primary gastrointestinal stromal tumors (72). The results of 
Caba et al (73) suggested that FAM46C was downregulated 
in patients with PDAC and could be used as prognostic indi-
cator in these patients. The present results are consistent with 
previous studies and suggested that these genes may be novel 
targets for diagnosing and treating PDAC.

Using NetworkAnalyst for PPI network analysis, GRB2, 
with a degree of 90, and HDAC5, with a degree of 45, were 
identified as two hub genes among the upregulated and down-
regulated DEGs, respectively. The GRB2 protein contains 
one Src homology 2 domain and is a linker protein in the 
tyrosine kinase receptor signaling pathway (74). GRB2 expres-
sion directly affects cell proliferation and differentiation (75). 
Liang et al found that GRB2 expression was higher in hepatocel-
lular carcinoma compared with normal liver tissue and that high 
GRB2 expression levels were associated with shorter survival 
times (76). This is consistent with the GRB2 expression profile 
in PDAC described in the present study, although the expression 
level of GRB2 did not appear to be significantly associated with 
overall survival rates in the present study. In addition, a previous 
study has confirmed that Grb2 may be used as a therapeutic 
target for pancreatic cancer (77). Wang et al demonstrated that 
GRB2 is a target of miR‑329 through the GRB2/pERK pathway, 
which may lead to novel therapies for pancreatic cancer (78). 
The results of these studies verify the accuracy and credibility 
of the results of the present study and further demonstrate that 
GRB2 is a potential target for treating pancreatic cancer.

Histone deacetylases are epigenetic regulators that 
suppress transcription by acting on gene promoters. HDAC1, 
HDAC2, HDAC3 and HDAC8 are targets of multiple 
epigenetic inhibitors, such as the REST corepressor 1, the 
nucleosome remodeling deacetylase and the SIN3 histone 
deacetylase complexes (79). A number of studies have reported 
high HDAC5 expression in various tumors, including medul-
loblastomas ( GSE15471, GSE16515, GSE22780, GSE28735, 
GSE32676, GSE43288‑GPL96, GSE43288‑GPL97, GSE43795, 
GSE46234, GSE55643 and GSE62165.) (80), breast cancer (81) 
and pancreatic neuroendocrine tumors  (82). In addition, 
HDAC5 overexpression is associated with tumor cell prolifera-
tion and invasion, as well as poor prognosis (80‑82). He et al 
demonstrated that HDAC5 is overexpressed in and promotes 
the proliferation of colorectal cancer cells by upregulating 
delta‑like canonical Notch ligand 4 expression (83). However, 
Özdağ et al reported the opposite finding that, with the excep-
tion of high HDAC5 expression levels in two samples of rectal 
cancer, HDAC5 expression in all other rectal cancers was mark-
edly downregulated and that HDAC5 expression could be used 
to distinguish between rectal tumors and normal tissues (84). 
These results are similar to the results of the present study, 
which demonstrated that HDAC5 was downregulated in PDAC 
tissues compared with normal tissues. Overall, findings to date 
demonstrate that HDAC5 may serve a key role in tumorigen-
esis, but its role in PDAC requires further study.

In conclusion, 1,587 DEGs were identified in the present 
meta‑analysis. HN1, ITGA2 and S100A6 were the top 
upregulated genes and may be promising potential targets for 
diagnosing and treating PDAC. HN1, which had the highest 
combined ES, has rarely been reported as being important in 
PDAC; thus, this gene should be further investigated. KIF1A, 
DYM and BACE1 were the most markedly downregulated 
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genes in this study, providing new perspectives regarding 
PDAC mechanisms and targeted treatment. GRB2 and HDAC5 
were identified as hub genes, serving the most pivotal roles 
in PDAC. However, a lack of adequate validation in vitro or 
in vivo is a limitation of this study. As the number of PDAC 
cases in the TCGA database is limited, the present results 
need to be confirmed by further experiments. Therefore, 
future research will include experimental verification of the 
meta‑analysis results using immunohistochemistry and cell 
proliferation assays, and identification of genes associated 
with PDAC progression by screening differentially expressed 
genes at different stages.
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