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Background: Pancreatic adenocarcinoma (PAAD) is a highly aggressive malignant tumor with a poor 
prognosis. Integrin subunit genes (ITGs) serve as biomarkers for various types of cancers; however, to 
date, no prognostic research has been conducted on the ITGs in PAAD. This study aims to fill this gap by 
investigating the role of ITGs in PAAD prognosis.
Methods: RNA-sequencing data, clinicopathological features, and survival information from The Cancer 
Genome Atlas (TCGA) database were sourced via GTEx. The GSE62452 data set was acquired from the 
Gene Expression Omnibus (GEO) database. A single-sample gene set enrichment analysis (ssGSEA) was 
first conducted to classify the PAAD samples from TCGA and GEO data sets with different ITG scores. A 
differential analysis was employed to identify the differentially expressed genes (DEGs) between the normal 
and PAAD samples, and between the high and low ITG score groups in both TCGA and GEO data sets. 
Results: A total of 22 key differentially expressed ITGs (KDE-ITGs) were identified and enriched in eight 
Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways, including the phosphatidylinositol 3-kinase 
(PI3K)/protein kinase B (Akt) signaling pathway, focal adhesion, and the extracellular matrix (ECM)-receptor 
interaction. A prognostic model comprising the eight KDE-ITGs was established. Additionally, 2,371 DEGs 
were found between the high- and low-risk groups, which were mainly enriched in the Gene Ontology (GO) 
terms of cell morphogenesis and cytokine production, and KEGG pathways such as necroptosis, lysosome, 
and ferroptosis. Further, the proportions of T cells and cluster of differentiation 8 (CD8) T cells, and the 
expression levels of immune checkpoints, such as cluster of differentiation 274 (CD274) and lymphocyte 
activating gene 3 (LAG3), differed significantly between the two risk groups. 
Conclusions: The eight identified KDE-ITGs in PAAD were used to establish a new prognosis model, 
which might have clinical application, especially in immunotherapy.
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Introduction

Pancreatic cancer is an extremely aggressive, common 
malignant tumor of the digestive system with a poor 
prognosis (1). Currently, surgical resection is the only 
treatment that has been shown to improve the survival rate 
of pancreatic cancer patients (1). Most patients are already 
in the middle or advanced stages at the time of diagnoses, 
and have poor treatment outcomes regardless of whether 
they undergo surgery or chemotherapy (2). The 5-year 
survival rate of such patients is only about 10% (3). Due 
to the hidden anatomical location of the pancreas, most 
patients are asymptomatic in the early stage, or only have 
some non-specific clinical manifestations, such as epigastric 
or back pain, nausea, abdominal distension, and jaundice (4). 
Thus, improving the early diagnosis of pancreatic cancer 
patients, and developing individualized treatment and 
management plans are particularly important for improving 
patient prognosis.

Integrins are transmembrane receptors for cell adhesion 

to the extracellular matrix (ECM). After binding to 
the ECM, integrins can organize the cytoskeleton and 
activate intracellular signals to regulate complex cellular 
behaviors, including survival, proliferation, migration, and 
various processes (5). A study has found that integrins are 
abnormally expressed in many tumors and play a role in 
tumor cell differentiation, cell migration, proliferation, 
and tumor angiogenesis (6). Abituzumab and intetumumab 
(both integrin antibodies) have been shown to improve 
outcomes in colorectal cancer patients expressing high 
levels of integrin alpha v beta 6 (αvβ6) (7,8). In addition, 
the activation of integrins lymphocyte function-associated 
antigen-1 (LFA-1; αLβ2) and very late antigen-4 (VLA-
4; α4β1) enhances T-cell activation and adhesion in the 
tumor immune microenvironment, thereby enhancing the 
anti-tumor effect of T cells in mouse models of melanoma 
and colon cancer (9). Due to their important role in 
tumorigenesis and development, integrins have emerged 
as a promising target for cancer therapy (10). Thus, in 
this study, we used bioinformatics methods to construct 
a prognostic model of integrin subunit genes (ITGs) to 
provide potential targets for predicting the prognosis of 
pancreatic adenocarcinoma (PAAD) patients. We present 
this article in accordance with the TRIPOD reporting 
checklist (available at https://jgo.amegroups.com/article/
view/10.21037/jgo-24-612/rc).

Methods

Data sources

The RNA-sequencing data of 183 PAAD samples, which 
contained corresponding count and clinical data, were 
downloaded from The Cancer Genome Atlas (TCGA) 
database (https://portal.gdc.Cancer.gov/). As there was one 
non-primary tumor sample, the remaining 182 samples, 
which comprised four normal samples and 178 PAAD 
samples, were used for the subsequent analyses. Due to the 
small number of PAAD samples in TCGA database, 104 
normal pancreas samples marked “well preserved” in the 
SMPTHNTS field were selected using Genotype-Tissue 
Expression (GTEx) (https://www.gtexportal.org/home/
datasets) for the subsequent analyses.

Moreover, the GSE62452 data set, comprising 65 
PAAD samples with complete survival information and 61 
adjacent non-tumor tissues samples, were retrieved from 
the Gene Expression Omnibus (GEO) database (https://
www.ncbi.nlm.nih.gov/geo/). Additionally, 30 ITGs were 
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acquired from the published literature of Cui et al. (PMID: 
34222028) (11). The study was conducted in accordance 
with the Declaration of Helsinki (as revised in 2013).

Identification of survival-based subtypes based on the rank 
score of the ITGs

A single-sample gene set enrichment analysis (ssGSEA) 
of the 178 PAAD samples from TCGA was conducted to 
obtain the rank score of the ITGs in each sample. Next, the 
samples were divided into high and low ITG groups based 
on the optimal threshold rank score that was computed 
using the surv-cutpoint function in the survminer package 
(version 0.4.6). Additionally, the survival probability 
differences between the two groups were compared by a 
Kaplan-Meier (K-M) survival analysis after combining the 
survival information of each sample. The same procedures 
were employed for the GSE62452 data set.

To determine whether there was significant survival 
difference in the ITG grouping of the PAAD patients, 
the correlations between the clinical characteristics (age, 
gender, race, status, pathological distant metastasis (pM), 
pathological regional lymph node (pN), pathological 
stage (pStage), pathological primary tumor (pT), origin, 
pharmaceutical therapy, radiation therapy, and alcohol use 
history) and PAAD samples in the two ITG groups were 
investigated. The correlations were analyzed in the 178 
PAAD samples from TCGA data set and validated using the 
GSE62452 data set.

Differential analyses

As mentioned above, due to the lack of normal pancreas 
samples in the TCGA data set, normal pancreas samples 
from the GTEx data set were introduced for the differential 
analyses. A principal component analysis (PCA) and batch 
correction analysis were initially conducted with the 
TCGA and GTEx data sets samples. Next, differential 
analyses were performed on the PAAD and normal samples 
in both the TCGA-GETx and GSE62452 data sets to 
identify the differentially expressed genes (DEGs) in 
each group using limma based on the following criteria: 
P<0.05 and |log2 (fold change)| >0.5. An overlap analysis 
was subsequently conducted on the DEGs of each group 
using jvenn (http://jvenn.toulouse.inra.fr/app/example.
html), and the intersecting DEGs were considered the key 
DEGs. Moreover, the DEGs between the high and low 
ITG groups in TCGA and GSE62452 data sets were also 

obtained individually by limma using the same criteria, 
these DEGs were further overlapped with the key DEGs to 
identify the key differentially expressed ITGs (KDE-ITGs) 
using jveen. Finally, clusterProfiler (version 3.8.1) was used 
to conduct the Kyoto Encyclopedia of Genes and Genomes 
(KEGG) enrichment analysis of the KDE-ITGs to identify 
any common pathways that satisfied the following criteria: 
P<0.05, and count >1.

Construction of a prognosis model

The 178 PAAD samples in TCGA data set were separated 
into a training set and an internal validation set based on the 
ratio of 5:5, with each subset comprising 89 samples, and 
the GSE62452 data set was used as the external validation 
set. First, the KDE-ITG expression data were extracted 
from the 89 samples in the training set and combined with 
the clinical data. A univariate Cox regression analysis of the 
combined data was conducted, and a least absolute shrinkage 
and selection operator (LASSO) analysis of the genes with a 
P value <0.1 was conducted optimize the prognosis model. 
The glmnnet package (version 4.0-2) was used to construct 
a prognosis model with the setting of family parameter as 
“Cox” to achieve LASSO logistic regression. Further, a 10-
fold cross validation was performed to calculate the error rate 
of different genes. The corresponding genes were selected 
according to the minimum ramada (λmin) and defined as 
model genes and included in the prognosis model.

Moreover, to examine the prognostic value of the model, 
the risk score of every PAAD sample was computed using 
the risk coefficient obtained by the LASSO analysis and the 
feature gene expression levels. The formula was expressed 
as follows: 

1
risk score n

i in
coef x

=
= ∗∑ . After separating the 

PAAD patients into high- and low-risk groups based on 
the risk score median value, overall survival (OS) curves 
were plotted for the groups using survminer (version 0.4.8). 
The efficacy of the risk model was further assessed using 
the areas under curve (AUCs) of the receiver operating 
characteristic (ROC) curves. The 1- to 5-year survival 
time-node ROC curves were plotted for the risk model 
using the survival ROC package (version 1.16.1). The same 
procedures were employed using both the internal and 
external validation (GSE62452) sets to further evaluate the 
effectiveness of the prognosis model.

Establishment of a nomogram

In addition, to investigate the independent prognosis factors 
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of PAAD, multiple clinical factors (i.e., age, gender, pM, 
pN, pStage, pT, pharmaceutical therapy, radiation therapy, 
alcohol use history, Asian, black or African American, 
white, body of pancreas, head of pancreas, pancreas, and 
tail of pancreas) and the prognosis model were included 
in a univariate Cox proportional hazards analysis for 
independent prognostic assessment. Next, the factors with 
a P value <0.05 were included in the multivariate Cox 
proportional hazards analysis (the model was optimized 
by step function), and the factors with a P value <0.05 
were considered independent prognosis factors. Further, 
a nomogram was established by combining the prognosis 
model with the independent prognosis factors using rms 
(version 5.1-4). The discrimination of the nomogram was 
evaluated by the C-index, and the predictive accuracy of the 
model was tested by the calibration curves and a decision 
curve analysis (DCA).

Identification and gene set enrichment analysis (GSEA) of 
the DEGs between the high- and low-risk groups

To compare the differences between the high- and low-
risk groups and investigate the underlying mechanisms, a 
differential analysis was performed of the high- and low-
risk samples in TCGA data set. The selection thresholds 
of P<0.05 and |log2 (fold change)| ≥0.5 were used to 
screen the DEGs between the two risk groups, which were 
defined as the differentially expressed risk genes (DE-RGs). 
Subsequently, to explore the functions related to the risk 
groups, the DE-RGs were ranked using the log2 fold change 
value, and a GSEA was conducted on these genes to identify 
the enriched GO terms and KEGG pathways using the 
following selection criteria: P<0.05, and an absolute value of 
Normalized Enrichment Score (|NES|) >1.

Tumor microenvironment (TME) analysis

The immune infiltration of both the immune and stromal 
cells in a tumor sample can be obtained using the Estimation 
of STromal and Immune cells in MAlignant Tumor 
tissues using Expression data (ESTIMATE) algorithm. 
The algorithm generated immune scores, stromal scores, 
and ESTIMATE composite scores, and the differences 
in the scores between the high- and low-risk groups were 
compared and visualized in violin plots. Moreover, the 
proportion of each immune cell was computed by both a 
ssGSEA and MCPounter, and the proportions between 
the two risk groups were compared. Finally, statistical 

calculations were performed to determine the correlations 
between the model genes and differential immune cells.

Human leukocyte antigen (HLA) genes and immune 
checkpoints are vital for immune functions. Thus, the 
expressions of the HLA genes and immune checkpoints in 
the two risk groups were explored. Next, the expression 
levels of the immune checkpoints, including indoleamine 
2,3-dioxygenase 1 (IDO1), programmed death-ligand 1 
(PD-L1, also known as CD274), programmed death-ligand 
2 (PD-L2, or PDCD1LG2), T-cell immunoglobulin and 
mucin domain containing-3 (TIM-3, or HAVCR2), T-cell 
immunoreceptor with Ig and ITIM domains (TIGIT), 
cytotoxic T-lymphocyte-associated protein 4 (CTLA-4), 
programmed death-1 (PD-1, or PDCD1), lymphocyte 
activation gene 3 (LAG3), inducible co-stimulator (ICOS), 
and cluster of differentiation 27 (CD27), were compared 
between the groups. In addition, according to Postow  
et al. (12), immune checkpoint inhibitors (ICIs) targeting 
PD-1 and CTLA-4 are related to anti-tumor immunity 
enhancement, as the tumors escaping immune destruction 
are associated with the PD-1/PD-L1 and CTLA-4 pathways 
in cancers. Thus, subclass mapping and the tumor immune 
dysfunction and exclusion (TIDE) algorithm were used to 
compare the PD-1 and CTLA-4 data in the high- and low-
risk groups.

qPCR validation

Twelve cultured vials with a cell density of 70–90% were 
divided into four groups, of which HPDE6-C7 were 
normal cells, and sw1990, panc-1 and bx-pc-3 cells were 
cancer cells (three cultured vials for each cell line). Cells 
were each lysed with 1 mL of TRIzol Reagent (Life 
Technologies, CA, USA), and the total RNA was isolated 
in accordance with the manufacturer’s instructions. After 
detecting the concentration and the purity of the RNA, the 
qualified RNA was reverse-transcribed to complementary 
DNA (cDNA) using the SureScript-First-strand-cDNA-
synthesis-kit (Genecopoeia, Guangzhou, China) before 
quantitative reverse transcription polymerase chain reaction 
(qRT-PCR). The qRT-PCR mixture consisted of 3 µL 
of cDNA, 5 µL of 2× Universal Blue SYBR Green qPCR 
Master Mix (Servicebio, Wuhan, China), and 1 µL each of 
forward and reverse primer. The PCR was performed using 
a BIO-RAD CFX96 Touch TM PCR detection system 
(Bio-Rad Laboratories, Inc., Hercules, CA, USA) under the 
following thermal cycling conditions: 40 cycles at 95 ℃ for 
60 s, 95 ℃ for 20 s, 55 ℃ for 20 s, and 72 ℃ for the 30 s. 
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The 2−△△Ct method was used to calculate gene expressions, 
and Graphpad Prism 5 was applied to plot and calculate 
the statistical significance of the differences. The primer 
sequences used in this study are detailed in Table S1.

Statistical analysis

The t-test was employed to compare two groups. The one-
way analysis of variance (ANOVA) test was used to compare 
data among more than two groups, followed by Tukey 
test for multiple comparisons. Significant P values were 
denoted as follows: *, P<0.05; **, P<0.01; ***, P<0.001; ****, 
P<0.0001; ns, non-significant.

Results

Identification of survival-based subtypes based on the rank 
score of the ITGs

Based on an optimal threshold of 2.705361, the 178 PAAD 
samples from TCGA data set were divided into the high 
ITG group, which comprised 139 samples, and the low 
ITG group, which comprised 39 samples. The K-M curves 
showed that the survival probability of the low ITG group 
was significantly higher than that of the high ITG group 
(P=0.048) (Figure 1A). In the GSE62452 validation set, 37 
and 28 samples were allocated to the high and low ITG 
groups, respectively, based on an optimal threshold of 
0.5865573. The PAAD samples in the low ITG group had 
a significantly higher survival probability than those in the 
high ITG group (P=0.002) (Figure 1B).

Moreover, the clinical characteristic correlation analysis 
illustrated that the origin and pharmaceutical therapy 
distributions differed significantly between the two ITG 
groups in the TCGA data set (Figure 1C). However, the 
validation results suggested that there was no significant 
difference in the distributions of the only two clinical 
characteristics (i.e., grade and stage) between the two ITG 
groups (Figure 1D).

Identification of KDE-ITGs and functional annotation

After transformation into transcripts per million (TPM) 
values in each group, the combination of TCGA and GTEx 
data sets demonstrated good cluster effects of the normal 
samples from the GTEx data set and the PAAD samples 
from the TCGA data set after dimensionality reduction 
by PCA. Among them, a normal sample in TCGA data set 

deviated significantly, and was considered an outlier sample 
and removed. Further, batch effects were found between 
TCGA and GTEx data sets, and the normal samples in 
the TCGA data set were well separated from the GTEx 
samples. After the correction, the normal samples in the 
two data sets were evenly mixed, indicating that the batch 
correction effect was good (Figure S1A-S1F).

The differential analysis results revealed that 3,138 
DEGs (of which 1,687 were up-regulated, and 1,451 were 
down-regulated) and 1,422 DEGs (of which 999 were up-
regulated, and 423 were down-regulated) were identified 
in TCGA and GSE62452 data sets, respectively (tables 
available at https://cdn.amegroups.cn/static/public/jgo-
24-612-1.xlsx, https://cdn.amegroups.cn/static/public/
jgo-24-612-2.xlsx). Additionally, 131 key DEGs (of which 
111 were up-regulated, and 20 were down-regulated) were 
obtained from the overlap analysis (Figure 2A). In terms 
of the DEGs between the ITG high and ITG low groups, 
5,360 DEGs (of which 4,895 were up-regulated, and 465 
were down-regulated) and 617 DEGs (of which 352 were 
up-regulated, and 265 were down-regulated) were identified 
in the TCGA and GSE62452 data sets, respectively (tables 
available at https://cdn.amegroups.cn/static/public/jgo-
24-612-3.xlsx, https://cdn.amegroups.cn/static/public/jgo-
24-612-4.xlsx). Finally, 22 KDE-ITGs were obtained from 
the overlap analysis (Figure 2B), which were enriched in 
eight KEGG pathways, including the phosphatidylinositol 
3-kinase (PI3K)-Akt signaling pathway, axon guidance, 
focal adhesion, the ECM-receptor interaction, small cell 
lung cancer, the mitogen-activated protein kinase (MAPK) 
signaling pathway, the Ras-related protein 1 (Rap1) 
signaling pathway, and the regulation of actin cytoskeleton 
(Figure 2C).

A risk model was built based on the eight model genes

The expression data of the 22 KDE-ITGs were extracted 
from the training set. After combining these data with 
OS clinical information, a forest map was generated to 
display the univariate Cox analysis results, and 19 KDE-
ITGs with P values <0.1 were screened out, including 
epiregulin (EREG), gasdermin-C (GSDMC), family with 
sequence similarity 83, member A (FAM83A), adaptor 
protein 1, sigma 3 subunit (AP1S3), family with sequence 
similarity 83, member D (FAM83D), ephrin-B2 (EFNB2), 
disc large homolog associated protein 5 (DLGAP5), 
ephrin-A5 (EFNA5), peptidyl arginine deiminase 1 (PADI1), 
topoisomerase II alpha (TOP2A), laminin subunit alpha 
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Figure 1 Identification of survival-based subtypes based on the rank score of the ITGs. (A,B) The 178 PAAD samples from the TCGA 
data set and the 65 PAAD samples from the GSE62452 data set were divided into high and low ITG groups based on the relevant 
optimal threshold rank score. (C,D) The distributions of the clinical characteristics in the different survival-based subtypes from TCGA 
and GSE62452 data sets (Chi-squared test, P<0.05). ITG, integrin subunit gene; NOS, not otherwise specified; PAAD, pancreatic 
adenocarcinoma; TCGA, The Cancer Genome Atlas.
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Figure 2 Identification of 22 KDE-ITGs. (A) The overlap analysis identified 131 key DEGs between the PAAD and normal samples. (B) 
The DEGs between the high and low ITG groups in the TCGA and GSE62452 data sets were overlapped with 131 key DEGs, and 22 
KDE-ITGs were identified. (C) clusterProfiler was used to conduct the KEGG enrichment analysis of the 22 KDE-ITGs. TCGA, The 
Cancer Genome Atlas; GEO, Gene Expression Omnibus; DEG, differentially expressed gene; MAPK, mitogen-activated protein kinase; 
ECM, extracellular matrix; KDE-ITG, key differentially expressed integrin subunit gene; PAAD, pancreatic adenocarcinoma; KEGG, 
Kyoto Encyclopedia of Genes and Genomes. 
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Figure 3 The 22 KDE-ITGs were used to construct a prognosis model. (A) A univariate Cox analysis of the 22 KDE-ITGs was performed. 
(B) A LASSO regression analysis identified eight model genes. (C,D) The distribution of the clinicopathological variables and eight model 
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FAM83A, DLGAP5, PADI1, LAMA3, MET, CP, and 
GALNT5) were identified as model genes with the lowest 
cross validation error (lambda.min =0.0432527) (Figure 3B). 
The risk score of the eight model genes was calculated as 
follows: 0.07041298 × exp of EREG + 0.12320185 × exp of 
FAM83A + 0.14981813 × exp of DLGAP5 − 0.05361542 × 
exp of PADI1 + 0.26331584 × exp of LAMA3 + 0.20380905 
× exp of MET + 0.01074427 × exp of CP − 0.13347795 
× exp of GALNT5. Notably, the patients in the low-risk 
group tended to survive, and the model genes were strongly 
correlated with the risk score (Figure 3C,3D). The K-M 
curves illustrated that the low-risk patients had a higher 
survival probability than the high-risk patients (Figure 3E). 
Further, the AUCs of the ROC curves in the training set 
were all greater than 0.7, which suggested that the efficacy 
of the risk model was good (Figure 3F), and the PCA chart 
revealed that there were differences between the patients in 
the two risk groups (Figure 3G).

Moreover, the validation results of both the internal and 
external validation (GSE62452) sets were consistent with 
those of the training set (Figure S2A-S2E, Figure S3A-S3E). 
Finally, a significant risk score correlation was only found for 
one of the clinical characteristics (i.e., age). The patients in 
<60-year-old subgroup had significantly higher risk scores 
than those in the ≥60-year-old subgroup (Figure 3H).

The accuracy of nomogram in predicting prognosis

To investigate the independent prognosis factors, multiple 
clinical factors were included in univariate and multivariate 
Cox independent prognostic analyses. The p values for 
radiation therapy, body of pancreas, and risk score were 
<0.05, and thus these factors were regarded as independent 
prognosis factors of PAAD (Figure 4A,4B). Further, the 
ROCs of the final obtained model demonstrated that the 
AUC values in years one to five all exceeded 0.7 (Figure 4C). 
A nomogram was also constructed based on the independent 
prognosis factors and the risk model (Figure 4D). The 
C-index and corrected C-index of the nomogram were 0.736 
and 0.727, respectively, and the calibration curves showed 
a good consistency between the predicted outcomes of the 

nomogram and the actual outcomes in terms of 1-, 2- and 
3-year OS (Figure 4E). Further, the DCA curves revealed 
that the net benefit of the original risk model decision 
changed significantly after the clinical factors were added 
(Figure 4F).

GSEA

In total, 2,371 DE-RGs were found between the two risk 
groups, of which 2,030 were up-regulated and 341 were 
down-regulated (Figure 5A,5B). The GSEA results showed 
that 4,132 GO terms and 202 KEGG pathways were 
examined, and the top 10 statistically significant enriched 
terms were visualized (Figure 5C-5F). The main enriched 
GO biological process (BP) terms included the negative 
regulation of transcription by RNA polymerase II, the 
MAPK cascade, and protein polyubiquitination. The main 
enriched cellular component (CC) terms included the golgi 
membrane, lysosome, and endosome. The main enriched 
molecular function (MF) terms included messenger RNA 
(mRNA) binding, actin binding, endopeptidase activity, and 
protein kinase activity. In terms of the KEGG pathways, 
the main enriched pathways included endocytosis, focal 
adhesion, and tight junction (tables available at https://cdn.
amegroups.cn/static/public/jgo-24-612-5.xlsx, https://cdn.
amegroups.cn/static/public/jgo-24-612-6.xlsx).

Correlations between the model genes and certain immune 
cells

First, the results revealed that there was no significant 
difference between the high- and low-risk groups in terms 
of the immune scores, stromal scores, or ESTIMATE 
scores (Figure 6A), and their correlations with the risk score 
were insignificant (Figure 6B). In addition, the differences 
in the immune cell proportions calculated by MCPcounter 
between the risk groups demonstrated that the proportions 
of T cells, CD8 T cells, cytotoxic lymphocytes, B lineage 
cells, and neutrophils differed significantly between the risk 
groups (Figure 6C). The ssGSEA results showed that the 
differential immune cells were the activated CD4 T cells, 

genes in in the high- and low-risk groups. (E) K-M curves of the high- and low-risk groups in the training set. (F) ROC curves for 1- to 5-year 
survival in the training set. (G) PCA of the high- and low-risk groups in the training set. (H) Risk score comparison of the different clinical 
subgroups (a t-test and one-way analysis of variance were performed). *, P<0.05; ns, non-significant. CI, confidence interval; AUC, area 
under the curve; NOS, not otherwise specified; PCA, principal component analysis; KDE-ITG, key differentially expressed integrin subunit 
gene; LASSO, least absolute shrinkage and selection operator; K-M, Kaplan-Meier; ROC, receiver operating characteristic. 
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Figure 4 Establishment of the nomogram. (A,B) Multiple clinical factors and the prognosis model were included in the univariate Cox 
independent prognostic analysis. (C) The 1- to 5-year survival AUCs in the training set. (D) A nomogram that combined clinicopathological 
variables and the risk score was established to predict the OS of PAAD patients. (E,F) The nomogram’s predictive accuracy was tested by the 
calibration curves and a DCA. CI, confidence interval; NOS, not otherwise specified; AUC, area under curve; OS, overall survival; PAAD, 
pancreatic adenocarcinoma; DCA, decision curve analysis. 
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Figure 5 GSEA of the DE-RGs between the high- and low-risk groups. (A,B) Volcanic map and heat map showing the DE-RGs between the 
high- and low-risk groups. (C-F) Top 10 GO terms and KEGG pathways in the DE-RGs between the high- and low-risk groups. GSEA, gene 
set enrichment analysis; DE-RG, differentially expressed risk gene; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes.
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activated dendritic cells, CD56 bright natural killer cells, 
CD56 dim natural killer cells, central memory CD4 T cells, 
central memory CD8 T cells, eosinophils, gamma delta T 
cells, monocytes, type 17 T helper cells, and type 2 T helper 
cells (Figure 6D). Finally, the correlation analysis illustrated 
that there were significant correlations between various 
immune cells and the model genes. For example, MET, 
LAMA, GALNT5, and DLGAP5 were positively correlated 
with activated CD4 T cells, CD56 bright natural killer cells, 
central memory CD4 T cells, and type 2 T helper cells. 
Notably, CP was not correlated with any of the differential 
immune cells (Figure 6E).

Gene expressions related to immunity and PAAD subtypes

The immune infiltration analysis result revealed that the 
expression of five HLA genes (i.e., HLA-B, HLA-C, HLA-G, 
HLA-K, and HLA-V) differed between the risk groups  
(Figure 7A). Additionally, the expressions of CD274 and 
LAG3 also differed between the risk groups (Figure 7B). 
However, the there was no significant difference in the TIDE 
scores between the risk groups (Figure 7C). The sensitivity 
comparison results showed that the high-risk group was 
significantly correlated with CTLA-4R, and the low-risk 
group was significantly correlated with PD1-R (Figure 7D).
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The signature genes of PAAD subtypes (classical and 
basal-like), including GATA6, KRT5, and TP63, were further 
analyzed. KRT5 and TP63 were significantly upregulated in 
the high-risk group (Figure 7E).

RT-qPCR validation of the eight model genes

To further verify the expression levels of the eight model 
genes (i.e., CP, EREG, PADI1, FAM83A, DLGAP5, 
GALNT5, LAMA3, and MET), RT-qPCR was performed 
between the normal cells (HPDE6-C7) and three types 
of cancer cells (i.e., sw1990, panc-1, and bx-pc-3). The 
expression levels of the eight model genes differed 
significantly in the majority of the comparison groups 
(P<0.05). Consistent with the results of the differential 
analysis of the TCGA and GEO data sets, the expression 
levels of all eight genes were significantly higher in the 
cancer samples than the normal samples. Thus, these eight 
model genes were considered the prognosis genes of PAAD 
(Figure 8 and Table S2).

Discussion

Current research indicates that integrins have potential 
research value in cancer therapy. On one hand, integrin 
antibodies or antagonists (such as Vitaxin, Echistatin, and 
Cyclo-RGDfV) can specifically bind to integrins on the 
surface of cancer cells, thereby inhibiting the interaction 
between these integrins and the ECM. This mechanism 
effectively prevents the migration and metastasis of tumor 
cells. On the other hand, integrins can also serve as targets 
for immunotherapy by enhancing T cell infiltration and 
activity to promote anti-tumor immune responses. For 
example, combining integrin-targeted drugs with immune 
checkpoint inhibitors (such as PD-1/PD-L1 antibodies) may 
significantly improve the efficacy of cancer immunotherapy. 
In addition, some studies have examined the correlation 
between integrins and the prognosis of different cancers, 
such as hilar cholangiocarcinoma and gastric cancer (13,14); 
however, to date, no studies have examined the association 
between integrins and the prognosis of pancreatic cancer. 
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Thus, we combined the ITGs to construct a prognostic 
model of pancreatic cancer, thus providing a new direction 
for the treatment of pancreatic cancer.

In the differential gene analysis, we identified 22 ITGs 
using an overlap analysis between the normal group and 
the tumor group, and the high ITG group and the low 
ITG group. The 22 ITGs were enriched in eight KEGG 
pathways, the PI3K-Akt signaling pathway, axon guidance, 
focal adhesion, the ECM-receptor interaction, small 
cell lung cancer, the MAPK signaling pathway, the Rap1 
signaling pathway, and the regulation of actin cytoskeleton. 
A study has shown that integrin binding to the ECM 
leads to the activation of endogenous oncogenes and 
inhibits apoptosis, and this process is closely related to the 
activation of the PI3K-Akt signaling pathway (5). Integrins 
and receptor tyrosine kinases co-regulate the activation of 
a series of mitogenic and pro-survival signals, including 
the Ras-extracellular signal-regulated kinase (ERK) and 
PI3K-AKT signaling pathways (15). Focal adhesion (16), 
the ECM-receptor interaction (17), the MAPK signaling 
pathway (18), the Rap1 signaling pathway (19), and the 
regulation of actin cytoskeleton (20) are also closely related 
to integrins.

We constructed a prognostic model based on eight KDE-
ITGs (i.e., EREG, FAM83A, DLGAP5, PADI1, LAMA3, 
MET, CP and GALNT5). Previous studies have shown that 
these eight genes are associated with the occurrence and 
development of tumors (21-28). The EREG is a member of 
the epidermal growth factor family of proteins. Epiregulin, 
one of the ligands of EGFR, is expressed at low levels in 
most normal tissues (29). However, in tumor tissues, the 
expression of EREG is elevated, and the EGFR signaling 
pathway is activated to regulate cancer cell proliferation, 
survival, metastasis, and angiogenesis (29). EREG can 
also induce epithelial-mesenchymal transition (EMT) in 
oral squamous cell carcinoma through the Janus kinase 2 
(JAK2)/signal transducer and activator of transcription 3 
(STAT3) and interleukin-6 (IL-6) signaling pathways (30), 
and EREG and matrix metalloproteinases-1 (MMP-1) 
overexpression increases the survival of early breast cancer 
cells (31). In addition, EREG overexpression causes lung 
cancer by activating the PI3K/AKT and mitogen-activated 
protein kinase kinase (MEK)/extracellular signal regulated 
kinase (ERK) pathways (32). Consistent with the above 
findings, we found that high EREG expression in pancreatic 
cancer is a risk factor associated with poor prognosis.

Parameswaran et al. found that FAM83A expression 
is significantly elevated in human and mouse pancreatic 

cancer and is critical for pancreatic cancer cell growth and 
tumorigenesis. In pancreatic cancer cells, increased FAM83A 
expression was shown to activate MEK/ERK survival 
signaling and prevent pancreatic cancer cell death (33). Ma 
et al. also found that the high expression of FAM83A is 
associated with a poor prognosis in pancreatic cancer patients, 
which is consistent with the findings of our study (34).  
In addition, FAM83A stimulates EMT through the PI3K/
AKT/Snail pathway in non-small cell lung cancer and 
can be used as a diagnostic and prognostic marker for 
non-small cell lung cancer (35). In lung adenocarcinoma, 
FAM83A induces PD-L1 expression through the ERK 
signaling pathway to induce tumor immune escape, which is 
associated with a poor prognosis (36).

DLGAP5, also known as hepatocellular carcinoma up-
regulated protein or KIAA0008, is a cell cycle regulatory 
protein that is mainly involved in a series of biological 
activities, such as the cell cycle, spindle assembly, and 
microtubule motor activity (37). The knockdown of 
DLGAP5 has been shown to suppress cell proliferation, 
which leads to gap-2 or mitosis (G2/M) phase arrest 
and apoptosis in ovarian cancer (38). It is related to the 
occurrence and development of liver cancer (39), pancreatic 
cancer (40), lung cancer (41), and ovarian cancer (42).

PADI1 is a member of the peptidylarginine deiminase 
(PAD) family. Research has shown that PAD can post-
translationally convert arginine residues into neutrally 
charged citrulline (43). The deletion of PADI1 has been 
shown to inhibit tumorigenesis in triple-negative breast 
cancer (44). The knockdown of PADI1 has been shown to 
inhibit the migration and invasion of CFPAN-1 and HPAC 
cells by activating the ERK1/2-p38 signaling pathway (45).

LAMA3 is a gene that is methylated in a variety of 
tumors (46,47). Abnormally methylated LAMA3 is involved 
in the occurrence and development of various malignant 
tumors, such as pancreatic cancer, gastric cancer, head and 
neck tumors, and lung cancer (46,47).

MET, a proto-oncogene encoding tyrosine kinase 
receptor c-MET, can induce tumorigenesis, invasion, and 
migration by activating downstream pathways, such as 
PI3K/AKT, RAS/ERK/MAPK, and Wnt/β-catenin (48). 
The aberrant expression of MET has been widely observed 
in various malignancies, especially non-small cell lung 
cancer, and hepatocellular carcinoma (49,50).

CP, a multi-copper oxidase, is activated in different 
pathological conditions, such as infection, inflammation, 
diabetes, and trauma (51). Elevated serum CP levels 
have been reported in lung, colon, epithelial ovarian, and 
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cholangiocarcinoma (52-54). Mukae et al. showed that the 
level of CP expression in urine was positively correlated 
with the tumor grade and pT stage of non-muscle invasive 
bladder cancer, and was positively correlated with tumor 
growth and progression in bladder cancer tissues (27).

GALNT5 encodes a protein that is a membrane-bound 
polypeptide n-acetyl galactosyltransferase. Detarya et al.  
found that GALNT5 mediates the occurrence and 
progression of cholangiocarcinoma by activating AKT/ERK 
signaling (55).

The PRESENT study showed that the DEGs in 
the high- and low-risk groups were mainly enriched in 
endocytosis, focal adhesion, and tight junction, suggesting 
that the integrin genes may mediate the progression of 
pancreatic cancer through the above mechanism.

In the immune infiltration analysis, a series of immune 
cells (e.g., activated dendritic cells, CD56 bright natural 
killer cells, CD56 dim natural killer cells, and th17 
cells) were highly expressed in the low-risk group. The 
sensitization of dendritic cells, the most powerful antigen-
presenting cells, by tumor-associated antigens can enhance 
the anti-tumor immune response of specific cytotoxic T 
lymphocytes (56). In most cases, breast cancer (57) and 
liver cancer (58) patients with a large number of infiltrated 
dendritic cells in the TME exhibit a more favorable 
prognosis. Natural killer cells play an anti-cancer role 
in many tumor types, including head and neck cancer, 
pharyngeal cancer, and pancreatic cancer (59). In addition, 
high levels of th17 cells in the TME are associated with 
a favorable prognosis for ovarian cancer patients (60). 
Therefore, the collective evidence suggests that the low-risk 
group may possess a heightened immune-mediated tumor-
killing capacity compared to the high-risk group.

Among the classic major histocompatibility complex 
class I (MHCI) molecules, we found HLA-B was highly 
expressed in the low-risk group, which suggests the 
enhanced ability to present the tumor antigen and the 
stronger immune killing effect in the low-risk group. In 
addition, the expressions of HLA-G, HLA-K, and HLA-V 
were significantly down-regulated in the low-risk group of 
pancreatic cancer patients. As an immune tolerance factor, 
the expression of HLA-G has been shown to be associated 
with a poor clinical prognosis in patients with breast cancer, 
esophageal cancer, gastric cancer, and hepatocellular 
carcinoma (61). HLA-K and HLA-V have been less studied, 
but we speculate that they may play a pro-tumor role in 
pancreatic cancer due to their low expression in the low-risk 
group.

Immunotherapy with checkpoint inhibitors is a 
promising therapy for patients with advanced malignant 
tumors. The differential expression of checkpoints and 
the treatment sensitivity analysis of the different groups 
suggested that the high-risk group was sensitive to anti-
CD274 and CTLA-4 treatments, while the low-risk group 
was sensitive to anti-LAG3 and PD1 treatments. These 
findings provide valuable clues for the immuno-targeted 
therapy of pancreatic cancer.

PAAD is classified into classical and basal-like subtypes. 
In the classical subtype, genes related to pancreatic 
differentiation, particularly GATA6, are highly expressed. 
This subtype is typically associated with a higher degree 
of differentiation, exhibiting typical pancreatic glandular 
characteristics and a better prognosis. In contrast, the basal-
like subtype is characterized by high expression of genes 
related to EMT and stem cell features, such as KRT5 and 
TP63, which are associated with lower differentiation levels 
and a poorer prognosis. KRT5 and TP63 are significantly 
upregulated in the high-risk group, suggesting a closer 
resemblance of the high-risk group to the basal-like 
subtype.

In conclusion, we constructed an eight-gene model based 
on ITGs that effectively predicted the survival and prognosis 
of pancreatic cancer patients. We also analyzed the immune 
microenvironment and immune checkpoints, and our 
findings provide a new direction for the immunotherapy of 
pancreatic cancer. However, our study still had a number of 
limitations. Our study was based on data sets from public 
databases, and employed PCR for validation, more studies 
are needed to verify its predictive power. Moreover, the 
mechanisms by which integrins regulate the prognosis of 
pancreatic cancer need to be further investigated.

Conclusions

The eight identified KDE-ITGs in PAAD were used to 
establish a new prognosis model, which might have clinical 
application, especially in immunotherapy.
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