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A novel tumor-derived exosomal gene signature predicts
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Background: Pancreatic cancer is a devastating disease with poor prognosis. Accumulating evidence has
shown that exosomes and their cargo have the potential to mediate the progression of pancreatic cancer
and are promising non-invasive biomarkers for the early detection and prognosis of this malignancy. This
study aimed to construct a gene signature from tumor-derived exosomes with high prognostic capacity for
pancreatic cancer using bioinformatics analysis.

Methods: Gene expression data of solid pancreatic cancer tumors and blood-derived exosome tissues
were downloaded from The Cancer Genome Atlas (TCGA) and ExoRBase 2.0. Overlapping differentially
expressed genes (DEGs) in the two datasets were analyzed, followed by functional enrichment analysis,
protein-protein interaction networks, and weighted gene co-expression network analysis (WGCNA). Using
the least absolute shrinkage and selection operator (LASSO) regression of prognosis-related exosomal
DEGs, a tumor-derived exosomal gene signature was constructed based on the TCGA dataset, which was
validated by an external validation dataset, GSE62452. The prognostic power of this gene signature and its
relationship with various pathways and immune cell infiltration were analyzed.

Results: A total of 166 overlapping DEGs were identified from the two datasets, which were markedly
enriched in functions and pathways associated with the cell cycle. Two key modules and corresponding
70 exosomal DEGs were identified using WGCNA. Using LASSO Cox regression of prognosis-related
exosomal DEGs, a tumor-derived exosomal gene signature was built using six exosomal DEGs (4RNTL2,
FHL2, KRT19, MMPI1, CDCAS, and KIF11), which showed high predictive performance for prognosis
in both the training and validation datasets. In addition, this prognostic signature is associated with the
differential activation of several pathways, such as the cell cycle, and the infiltration of some immune cells,
such as Tregs and CD8+ T cells.

Conclusions: This study established a six-exosome gene signature that can accurately predict the prognosis

of pancreatic cancer.
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Introduction

Pancreatic cancer is a highly lethal gastrointestinal cancer
and is an increasingly common cause of cancer-related
deaths. Global Cancer Statistics 2020 revealed that there
were 495,773 new cases of pancreatic cancer and 466,003
related deaths worldwide in 2020 (1). It is characterized by
an insidious onset and development of early metastasis (2).
Owing to difficulties in early detection, patients with
pancreatic cancer are often diagnosed at an advanced stage
or with distant metastases, and the 5-year survival rate is
less than 9% (3). In addition, routine tumor biomarkers,
such as carcinoembryonic antigen and carbohydrate antigen
19-9 do not seem to be reliable for the early detection and
outcome prediction of pancreatic cancer (4). Therefore,
new biomarkers of pancreatic cancer are urgently needed.

Exosomes, a subset of extracellular vehicles with an
average diameter of approximately 100 nm (5), exist in
various biological fluids, including blood (6). They carry
multiple cargo pertaining to the cells of origin, such as
mRNAs, nucleic acids, microRNAs, and proteins, and play
a pivotal role in intercellular communication, affecting
various cellular processes in human cancers, including
pancreatic cancer (7-10). The components of exosomes have
been recognized as diagnostic or prognostic biomarkers, as
well as anti-cancer drug delivery carriers (11). Additionally,
the contents of exosomes are related to cell type, and tumor-
derived exosomes may provide a unique signature of tumor
progression, which is invaluable for the early detection and
prognosis of pancreatic cancer (12). However, the potential
mechanisms by which tumor-derived exosomes promote
pancreatic cancer progression have not yet been fully
explored.

In this study, we downloaded the gene expression data of
pancreatic cancer solid tumor and blood-derived exosome
tissue samples from The Cancer Genome Atlas (TCGA)
and exoRBase 2.0 databases, respectively. The patients in
TCGA database belonged to Asia, North America, and
South America. We analyzed the overlapping differentially
expressed genes (DEGs) in the two datasets, which were
considered pancreatic cancer-related exosomal DEGs.
Functional enrichment, protein-protein interaction (PPI)
network, and weighted gene co-expression network analyses
(WGCNA) were performed to screen key exosomal DEGs.
Moreover, we constructed a tumor-derived exosomal gene
signature based on the TCGA dataset, which was validated
using the external validation dataset GSE62452. The
prognostic value of this gene signature and its relationship
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with various pathways and immune cell infiltration were
analyzed. Our findings provide a novel perspective for the
development of promising biomarkers for pancreatic cancer.
We present this article in accordance with the TRIPOD
reporting checklist (available at https://tcr.amegroups.com/
article/view/10.21037/tcr-23-2354/rc).

Methods
Data source and data preprocessing

The study was conducted in accordance with the
Declaration of Helsinki (as revised in 2013). The pancreatic
cancer transcriptome data in TCGA, normalized with
log2 (fpkm+1) transformation, were downloaded from the
UCSC Xena database on October 20, 2023. This dataset
contained 182 samples, and the detection platform used
was the Illumina HiSeq 2000 RNA Sequencing. After
corresponding to the clinical information, 181 samples were
used for analysis, including 177 solid tumor samples with
clinical prognostic information (Table S1) and four normal
control samples.

The expression profiling data of blood-derived exosome
tissue samples from patients with pancreatic cancer and
healthy controls were downloaded from the exoRBase 2.0
database (13). This dataset included 164 tumor-derived
exosome tissue samples and 118 normal control samples,
and the detection platform was GPL20795HiSeq x Ten. For
data preprocessing, expression profiling data were subjected
to quantile standardization using the R3.6.1 preprocess
Core package (version 1.40.0) (14).

Pancreatic cancer-related gene expression profiling data
[accession number: GSE62452 (15)] were downloaded from
the Gene Expression Omnibus (GEO) (16) repository, and
the platform used was the GPL6244 [HuGene-1_0-st]
Affymetrix Human Gene 1.0 ST Array [transcript (gene)
version]. There were 130 pancreatic cancer samples in this
dataset, of which 65 with clinical prognostic information
(Table S2) were retained and included in the analysis.

DEGs screening

The R3.6.1 limma package (version 3.34.7) (17) was used
to screen the DEGs between pancreatic cancer and normal
control samples in the TCGA and exoRBase 2.0 datasets,
respectively. The threshold values for DEG screening were
llog, fold change (FC)| >0.5 and false discovery rate (FDR)
<0.05. The overlapping DEGs identified from the two
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datasets were retained, which were considered pancreatic
cancer-related exosomal DEGs and used for subsequent
analysis.

Functional enrichment analysis

To elucidate the function of pancreatic cancer-related
exosomal DEGs, Gene Ontology (GO)-biological process
(BP) terms, and Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway enrichment analyses were
performed using DAVID (version 6.8) (18,19). The cutoff
value was set at P<0.05.

PPI network

Potential interactions between the proteins coding for
pancreatic cancer-related exosomal DEGs were obtained
using the STRING (version 11.0) (20) database with a
confidence interaction score of 0.4. A PPI network was
established using Cytoscape (version 3.9.0) (21). The
CentiScaPe (version 2.2) (22) plug-in in Cytoscape was used
to analyze the topological properties of the PPI network.
The modules of the PPI network were obtained using the
Mcode (version 1.4.2) (23) plug-in in Cytoscape, with the
following parameters: degree cutoff =2, node score cutoff
=0.2, and k-core =2. Functional enrichment analysis of the
DEGs in each module was performed using DAVID.

Construction of gene co-expression networks

WGCNA can be used to identify gene modules associated
with diseases by constructing gene co-expression
networks (24). In this study, based on all the genes that were
expressed in the TCGA and exoRBase 2.0, the gene modules
that were associated with disease and stable across datasets
were identified using R3.6.1 WGCNA (version 1.61) (25).
The TCGA dataset was used as the main analysis dataset
and the exoRBase 2.0 dataset served as the validation dataset.
For the WGCNA, we first calculated the pairwise expression
correlation between the two datasets to ensure comparability.
We then defined the adjacency function, gene module
division, module stability evaluation, and correlation analysis
between the stable modules and pancreatic tumors. The
co-expression modules were identified using the following
parameters: number of genes in each module >200 and cut
height =0.995. Module stability across different datasets
was evaluated using the preservation parameter Z-score,
which indicates the stability of the module. In general,
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5< 7 <10 indicates that the module is stable, whereas Z >10
indicates that the module is highly stable. The identified
pancreatic cancer-related exosomal DEGs were mapped
to each WGCNA module, and the significant enrichment
parameters, including fold enrichment and enrichment
significance of DEGs in the module, were calculated using a
hypergeometric algorithm (26). The threshold value was set
at P<0.05 and fold enrichment >1.

Construction of the prognostic signature

Based on the clinical survival information of pancreatic
cancer samples in TCGA dataset, univariate Cox regression
analysis for DEGs in key disease-related modules was
conducted using the survival package (version 2.41-1) (27)
to initially investigate overall survival-related genes in
patients with pancreatic cancer. DEGs with P<0.05 were
screened and then used for multivariate Cox regression
analysis to identify DEGs with independent prognostic
value. The threshold value was a log-rank P value less than
0.05. By further screening with the least absolute shrinkage
and selection operator (LASSO) Cox regression analysis
using R3.6.1 lars package (version 1.2) (28), the prognostic
signature was built by DEGs screened by LASSO
regression analysis and its risk score was calculated as
follows: risk score = ). Coef ppg,x Exp pra,, where Coef prg,
represents the regression coefficient of DEGs and the Exp
pecs indicates the expression level of DEGs.

Evaluation of the prognostic signature

Using the median risk score as the cutoff value, pancreatic
cancer samples in the TCGA dataset were classified into
high-risk or low-risk groups. The Kaplan-Meier survival
curve was plotted using the R3.6.1 survival package (version
2.41-1) to analyze the difference in OS between the two risk
groups. Based on the expression level of target DEGs in the
validation dataset GSE62452datase, the risk score of each
pancreatic cancer sample was calculated. These samples
were also assigned to high- and low-risk groups according
to the median score, followed by Kaplan-Meier survival
curve analysis to compare differences in prognostic time.
The predictive power of this prognostic model for the two
datasets was analyzed using the TimeROC package in R.

Gene set envichment analysis (GSEA)

To explore the potential mechanism associated with the
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prognostic signature, differentially activated KEGG
pathways in the two risk groups of the TCGA dataset were
identified using GSEA (29). The enrichment score (ES),
normalized enrichment score (NES), and nominal P value
of the pathways were calculated. The cutoff value was
adjusted to P<0.05.

Evaluation of immune cell infiltration of two risk groups

To explore the potential relationship between the
prognostic signature and immune cell infiltration, the
proportion of 22 types of immune cells in pancreatic cancer
samples in the TCGA and exoRBase 2.0 datasets was
evaluated using the CIBERSORT algorithm (30), and the
differences between the two risk groups were compared
using 7-test in R3.6.1. Moreover, the correlation between
the expression of DEGs in the prognostic signature and
the proportion of differentially expressed immune cells was
analyzed in pancreatic cancer tumor samples from TCGA
and exoRBase 2.0 datasets, respectively.

Statistical analysis

The data from the public databases were merged and
analyzed using the different packages in R3.6.1. Univariate
and multivariate Cox regression analyses and LASSO
regression analysis were used to screen the optimal
prognostic signature DEGs associated with pancreatic
cancer. DEGs with P<0.05 in the univariate analysis were
included for multivariate analysis, and the DEGs with a
log-rank P value <0.05 were used for LASSO regression
analysis. The overall survival time of the established
prognostic signature was predicted by KM curves. The
hazard ratio (HR) of individual factors was estimated along
with a 95% confidence interval. Patients were divided into
high- and low-risk groups according to the median risk
score, and then the predictive power of this prognostic
model was assessed through ROC analysis and the AUC
values. Welch one-way ANOVA was used to analyze the
correlation between the optimal prognostic signature DEGs
and neoplasm histologic grade, followed by the Bonferroni
correction or t-test. The statistical differences of the
immune cells between the high- and low-risk groups were
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compared using #-test in R 3.6.1.

Results
Identification of DEGs

A flowchart of the bioinformatics analysis used in this
study is shown in Figure 1. Based on FDR <0.05, and llog,
FCI >0.5, 538 (Table S3) and 575 DEGs (Table S4) were
identified in pancreatic cancer solid tissue samples from
the TCGA dataset and pancreatic cancer-related blood-
derived exosome tissue samples from the exoRBase 2.0,
respectively (Figure 24). A total of 166 overlapping DEGs
(48 downregulated and 118 upregulated) were identified
from the two datasets and considered to be pancreatic

cancer-related exosomal DEGs (Figure 2B, Table S5).

Functional envichment analysis for pancreatic cancer-
related exosomal DEGs

We performed a functional enrichment analysis of
pancreatic cancer-related exosomal DEGs to explore their
functions. These DEGs were significantly enriched in 52
GO-BP terms and 10 KEGG pathways with P<0.05, and
the top ten according to the P value of significance was
respectively listed in Figure 2C,2D. Notably, several GO
functions and pathways were associated with the cell cycle.

PPI network analysis and bub gene identification

To screen for key genes in pancreatic cancer, a PPI network
was built using the proteins encoding pancreatic cancer-
related exosomal DEGs, including 121 genes and 626
interactions (Figure 34). The top 20 nodes are listed in
Table 1 according to node degree, from high to low. Cyclin
dependent kinase 1 (CDK1) had the highest node degree,
followed by cell division cycle 6 (CDC6) and TPX2
microtubule nucleation factor (TPX2). Using the Mcode
plug-in in Cytoscape, four PPI network modules were
identified (Figure 3B). Moreover, the DEGs in the four
modules were remarkably implicated in 14, 8, 6, and 17
GO-BP terms (Figure 3C), as well as 7, 5, 1, and 4 KEGG
pathways (Figure 3D).
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Figure 1 The flow chart of the bioinformatics analysis for this study. TCGA, The Cancer Genome Atlas; DEGs, differentially expressed

genes; WGCNA, weighted gene co-expression network analysis; GO, Gene Ontology; BP, biological process; KEGG, Kyoto Encyclopedia

of Genes and Genomes; PPI, protein-protein interaction; LASSO, least absolute shrinkage and selection operator.

Construction of co-expression modules associated with

pancreatic cancer by WGCNA

To confirm that the gene expression levels in different
datasets were comparable, pairwise expression correlation
analyses were conducted for all detected genes between
TCGA and exoRBase 2.0. Gene expression of the two
datasets was positively correlated (cor =0.54, P<le-200),
as was connectivity (cor =0.16, P=1.7e-11) (Figure 44),
indicating that the data in the two datasets were
comparable. Based on the TCGA dataset, the scale-free fit
index and mean connectivity of network were calculated
and the power of B=9 (scale free R’=0.9) was selected
(Figure 4B). Nine distinct modules were identified in the
hierarchical cluster tree (Figure 4C). The same module

partitioning pattern was performed using another dataset
exoRBase 2.0 dataset (Figure 4D). The correlation between
the modules and clinical traits (pancreatic cancer patients
and normal controls) is shown in Figure 4E. The stability of
the nine modules in the three datasets was evaluated using
the Z-score. The Z-scores of the two modules (black and
green) were higher than five (Tible 2), indicating that the
two modules were significantly stable across datasets and
might be implicated in pancreatic cancer.

Moreover, the identified pancreatic cancer-related
exosomal DEGs were mapped to each WGCNA module, and
150 DEGs overlapped with the module genes. Among the
nine modules, the black and green modules were significantly
enriched, with 40 and 30 DEGs, respectively. Notably, they
were significantly stable between the two datasets. The fold
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Figure 2 Analysis of DEGs based on TCGA and exoRBase 2.0 datasets, and functional enrichment analysis of the overlapping DEGs in

the two datasets. (A) Volcanic plots of the DEGs based on TCGA and exoRBase 2.0 datasets, respectively. Red and blue dots indicate up-

regulated and down-regulated DEGs, respectively. (B) Venn diagram showed the number of up- and down-regulated overlapping DEGs

in the two datasets, as well as 166 overlapping DEGs were identified. (C) The top ten GO terms of biological process enriched by the

overlapping DEGs, such as cell division, immune response, and cell cycle. (D) The top ten KEGG pathways of the identified overlapping

DEGs, such as cell cycle, PI3K-Akt signaling pathway, and Hippo signaling pathway. FDR, false discovery rate; FC, fold change; TCGA,
The Cancer Genome Atlas; DEGs, differentially expressed genes; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and

Genomes.

enrichment of the black and green modules was higher than 1,
and their P values of enrichment significance were less than
0.05 (Table 2). Therefore, 70 DEGs from the two modules

were selected for subsequent analyses.

Construction of the prognostic signature for pancreatic
cancer

Based on the clinical survival information of pancreatic
cancer samples in the TCGA dataset, univariate Cox
regression analysis of the 70 pancreatic cancer-related
exosomal DEGs in the black and green modules indicated
that the expression levels of 58 DEGs were related to
overall survival. Multivariate Cox regression analysis
revealed that 11 of the 58 DEGs were independent
prognostic factors. Furthermore, LASSO regression analysis
demonstrated that six of the 11 pancreatic cancer-related
exosomal DEGs were good candidates for establishing the
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prognostic signature, including Basic Helix-Loop-Helix
ARNT like 2 (ARNTL2, also known as BMAL?2), Four and
A half LIM domains 2 (FHL2), keratin 19 (KRT'19), matrix
metallopeptidase 1 (MMP1), cell division cycle-associated
5 (CDCAYS), and kinesin family member 11 (KIF11)
(Figure SA,5B). The risk score was then calculated as follows:
risk score = (0.16730921) x Exp sgnrro + (-0.02127664)
x Exp pus + (0.01673997) x Exp warro + (0.02643164) x
Exp yoer + (0.0298823) x Exp cpeas + (0.03783781) x Exp
xirii- Moreover, survival analysis confirmed that only high
expression of FHL2 was associated with favorable overall
survival in patients with pancreatic cancer, whereas high
expression of the other five genes was related to poor overall
survival (Figure 5C).

Evaluation of the prognostic signature

After calculating the risk score for each sample, the
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Figure 3 Analysis of PPI networks and functional enrichment analysis of DEGs in the four modules of PPI networks. (A) A PPI network
constructed by the overlapping DEGs in the TCGA and exoRBase 2.0 datasets. Red nodes indicate up-regulated DEGs, and blue nodes
represent down-regulated DEGs. The size of a node indicates the degree of a node, and a larger node indicates a higher degree of a node.
(B) Four modules of the PPI network were identified by Mcode plug-in in Cytoscape. Red and blue nodes indicate up-regulated and down-
regulated DEGs, respectively. (C) The GO terms of biological process of the genes in each module of the PPI network, such as extrinsic
apoptotic signaling pathway, fibrinolysis, immune response, and cell cycle. (D) KEGG pathways of the genes in each module of the PPI
network, such as cholesterol metabolism, PI3K-Akt signaling pathway, oocyte meiosis, and cell cycle. PAAD, pancreatic cancer; PPI,
protein-protein interaction; DEGs, differentially expressed genes; TCGA, The Cancer Genome Atlas; GO, Gene Ontology; KEGG, Kyoto

Encyclopedia of Genes and Genomes.

pancreatic cancer samples in TCGA and GSE62452
datasets were classified into high-risk or low-risk groups.
The overall survival of patients with pancreatic cancer with
a high-risk score in the two datasets was shorter than that
of patients with a low-risk score (Figure 64). Moreover,
patients with pancreatic cancer in the two datasets were
ranked according to their risk scores, and patients with a
higher risk score tended to have a shorter survival time
(Figure 6B). Furthermore, receiver operating characteristic
(ROC) analysis demonstrated that the area under the ROC
curve (AUC) of the prognostic signature for predicting
the overall survival of patients with pancreatic cancer

© Translational Cancer Research. All rights reserved.

in TCGA and GSE62452 datasets was 0.810 (0.794,
0.787) and 0.754 (0.688, 0.816) (Figure 6C), respectively
(Figure 6C), indicating the high predictive power of the
prognostic signature. The relationship between each DEG
and the histological grade of pancreatic cancer is shown
in Figure 74. The expression levels of ARNTL2, KRT19,
MMPI1, CDCAS and KIF11 significantly increased with
the increasing grade of pancreatic cancer (P<0.05), which
is considered a disease risk factor. However, FHL2 levels
decreased with an increase in disease grade, indicating
that FHL2 may be a protective factor. These results are
consistent with the prognostic correlations of each DEG.
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Table 1 The topological properties of the top 20 nodes in the PPI network

Symbol Average shortest path length Betweenness centrality Closeness centrality Edge count
CDK1 1.36111111 0.13561851 0.73469388 34
CDCé6 1.3902439 0.04044994 0.71929825 34
TPX2 1 0.27555277 1 33
BUB1B 1.40909091 0.00504749 0.70967742 33
KIF11 1.25 0.16099508 0.8 33
UBE2C 1 0.06926346 1 32
CDT1 1.38709677 0.12683345 0.72093023 32
BIRC5 1.41304348 0.70769231 32
BUBT1 1.44444444 0.69230769 31
KIF2C 1.30769231 0.04019763 0.76470588 31
TOP2A 1.33333333 0.00463376 0.75 31
CDKN3 1.54285714 0.11293346 0.64814815 31
CDCA5 1.47368421 0.00537849 0.67857143 31
TK1 1.25 0.28135209 0.8 30
CEP55 1.63333333 0.02558414 0.6122449 30
ZWINT 0 0 30
MCM10 1.3 0.02721109 0.76923077 30
CDCA2 1.48717949 0.00422545 0.67241379 30
FOXM1 1.58333333 0.50591839 0.63157895 29
HJURP 1.29411765 0.02653192 0.77272727 29

The top 20 nodes were ranked based on edge count (node degree). PPI, protein-protein interaction.

Analysis of key KEGG pathways and immune cell
infiltration associated with the prognostic signature

To explore the key mechanisms associated with the
prognostic signature, GSEA was performed to explore the
differentially activated KEGG pathways between different
risk groups based on TCGA dataset. We found that 15
KEGG pathways, such as the cell cycle and P53 signaling
pathway, were differentially activated between the high-risk
and low-risk groups (Figure 7B).

The prognostic signature was linked with immune cell
infiltration

To explore the potential correlation of the prognostic
signature with immune cell infiltration, we calculated
the proportion of 22 types of immune cells in pancreatic
cancer samples in TCGA dataset and compared their

© Translational Cancer Research. All rights reserved.

differences between different risk groups. We found that
regulatory T cells (Tregs), resting myeloid dendritic cells,
MO macrophages, and activated myeloid dendritic cells
were positively associated with the risk score, while naive
B cells and CD8+ T cells were negatively associated with
the risk score (Figure §4). Subsequently, the proportion
of these six types of immune cells in pancreatic cancer
samples in the TCGA and exoRBase 2.0 datasets were
extracted, followed by analysis of their correlation with six
pancreatic cancer-related exosomal DEGs in the prognostic
signature. A significant correlation was observed between
the six DEGs and immune cell infiltration in pancreatic
cancer samples in TCGA dataset (Figure §B). For instance,
ARNTL2 was negatively correlated with the infiltration
level of CD8+ T cells, and KRT'19 was positively correlated
with the infiltration level of Tregs. In pancreatic cancer
samples in the exoRBase 2.0 dataset, CDCAS was negatively
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Figure 4 Construction of co-expression modules associated with pancreatic cancer by WGCNA. (A) The correlation analysis of the TCGA

and exoRBase 2.0 datasets. The gene expression of the two datasets were positively correlated (cor =0.54, P<1e-200), with the connectivity (cor

=0.16, P=1.7e-11), indicating that the data in the two dataset were comparable. (B) Analysis of network topology for various soft-threshold

powers. (C) Identification of pancreatic cancer-specific modules based on the TCGA dataset. (D) Identification of pancreatic cancer-specific

modules based on the exoRBase 2.0 dataset. Each vertical line indicates a gene and each branch represents an expression module of highly

interconnected genes. Below the dendrogram, different modules are given different colors. Gray indicated that genes are outside all modules.

(E) The relationships between the identified nine modules and pancreatic cancer. A change in color from blue to red indicates a change in

correlation from negative to positive. WGCNA, weighted gene co-expression network analysis; TCGA, The Cancer Genome Atlas.

Table 2 Statistical results of module preservation

Enrichment information

ID Color Module size Preservation Z-score DEGs count
Enrichment fold (95% CI) Phyper

Module 1 Black 289 11.7630993 40 4.557 (3.069-6.644) 1.23E-12
Module 2 Blue 772 0.6696825 10 0.467 (0.199-0.811) 6.23E-03
Module 3 Brown 617 2.7583373 1 0.0534 (0.00134-0.303) 8.33E-07
Module 4 Green 339 5.5771807 30 2.914 (1.871-4.412) 2.74E-06
Module 5 Grey 1,050 0.6472349 20 0.627 (0.371-1.009) 5.10E-02
Module 6 Pink 203 1.9469039 7 1.136 (0.443-2.442) 6.77E-01
Module 7 Red 309 3.1597558 5 0.533 (0.169-1.285) 2.20E-01
Module 8 Turquoise 1,019 2.3888051 34 1.099 (0.729-1.614) 6.20E-01
Module 9 Yellow 343 4.6472171 3 0.288 (0.0585-0.865) 1.78E-02

DEGs, differentially expressed genes; Cl, confidence interval.
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scatterplots showed the distribution of the risk score and survival time of patients. The black dots mean survival, and the red dots mean

death. (C) ROC curves revealed the predictive performance of the constructed prognostic signature for pancreatic cancer survival and
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Figure 7 The relationships between each DEG and grade of pancreatic cancer, as well as KEGG analysis. (A) The relationships between
ARNTL2, KRT19, MMPI1, CDCAS KIF11 or FHL? and neoplasm histological grade of pancreatic cancer. (B) GSEA showed the crucial
KEGG pathways significantly associated with the prognostic signature. KEGG, Kyoto Encyclopedia of Genes and Genomes; GSEA, gene
set enrichment analysis; DEG, differentially expressed gene.
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Figure 8 Association of the prognostic signature with immune cell infiltration and pathways. (A) The distribution of six types of immune

cells with significantly different proportions in different risk groups. (B) The correlation between the infiltration levels of the six significantly

differentially distributed immune cells and the six DEGs used to construct the prognostic signature in pancreatic cancer samples from the

TCGA dataset. (C) The correlation between the infiltration levels of six significantly differentially distributed immune cells and the six

DEGs used to construct the prognostic signature in pancreatic cancer samples from the exoRBase 2.0 dataset. DEGs, differentially expressed

genes; TCGA, The Cancer Genome Atlas.

correlated with CD8+ T cell infiltration levels, and MMP1
was positively correlated with macrophage MO infiltration
levels (Figure 8§C). These data indicated that the prognostic
signature correlated with immune cell infiltration in
pancreatic cancer samples.

Discussion

Pancreatic cancer is a devastating disease with poor
prognosis. One of the current challenges is the inability to
diagnose patients in a timely manner, which is a key factor
in effectively avoiding distant metastases and improving
patient survival. Accumulating evidence has shown that
exosomes and their cargo have the potential to mediate the
progression of pancreatic cancer and are promising non-
invasive biomarkers for the early detection and prognosis
of this malignancy (31-33). To reveal the potential effects
of tumor-derived exosomal genes in pancreatic cancer, we

© Translational Cancer Research. All rights reserved.

screened pancreatic cancer-related exosomal DEGs based
on TCGA and exoRBase 2.0 data and then built a tumor-
derived exosomal gene signature using six DEGs (ARNTL2,
FHL2, KRT19, MMP1, CDCAS5, and KIF11) that showed
high predictive performance for prognosis. In addition,
this prognostic signature is associated with the differential
activation of several pathways, such as the cell cycle, and the
infiltration of some immune cells, such as Tregs and CD8+
T cells. These findings provide important information for
future pancreatic cancer research.

Exosomes in bodily fluids, such as blood, provide a rich
source of biomarkers for multiple diseases because they
reflect the pathological state of cells (34,35). Tumor cells
secrete numerous exosomes, and tumor-derived exosomes
contain various bioactive molecules that exert various
functions in cancer progression (36). Fu et al. revealed
that exosomal tripartite motif-containing 3 plays a tumor-
suppressive role in gastric cancer (37). Shimizu ez al. have
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reported that exosomal CD47 plays a key role in immune
evasion in ovarian cancer (38). Moutinho-Ribeiro et 4/.
demonstrated that the expression of glypican-1 is elevated
in the circulating exosomes of patients with pancreatic
ductal adenocarcinoma, which might be mined as a
reliable biomarker for the diagnosis of pancreatic ductal
adenocarcinoma (39). These data indicate that exosomal
genes are the main contributors to cancer development
and progression. Moreover, a growing number of studies
have recently sought to explore prognostic exosomal gene
signatures using public databases. For instance, Zhu et al.
established a novel exosomal gene signature consisting
of two exosomal genes (MYL6B and THOC?2) that can
predict hepatocellular carcinoma prognosis and may
guide individualized treatment of patients (40). Li ez 4l
identified a 19-exosomal gene signature that could predict
the outcomes of lung adenocarcinoma (41). However,
there have been no studies on prognostic gene signatures
constructed using exosomal genes in pancreatic cancer. To
fill this gap, we performed a comprehensive bioinformatics
analysis of expression and exosome data from public
databases and constructed a six-exosome gene signature that
was strongly correlated with pancreatic cancer prognosis.
Our exosomal gene signature showed high prognostic
prediction value in both the training and independent
validation cohorts and was composed of six DEGs,
including ARNTL2, FHL2, KRT19, MMP1, CDCAS,
and KIF11. In the signature model, only FHL2 was a
favorable gene for pancreatic cancer prognosis, whereas the
other genes were associated with a poor prognosis. FHL2
is a focal adhesion adapter that plays an essential role in
the regulation of multiple cellular functions, such as cell
survival, by interacting with other cellular proteins (42).
Zienert et al. have demonstrated that FHL2 plays a key
role in regulating the survival and radioresistance of
pancreatic cancer cells (43). ARNTL2 is a member of the
PER-ARNT-SIM (PAS) superfamily and encodes a basic
helix-loop-helix transcription factor. Wang er a/. revealed
that ARNTL2 expression was increased in pancreatic
ductal adenocarcinoma and that elevated ARNTL2
expression promoted the development of pancreatic
ductal adenocarcinoma and was positively related to poor
prognosis (44). KRT'19 overexpression is strongly linked
to carcinogenesis, metastasis, and unfavorable prognosis
in pancreatic cancer (45,46). MMP1, a member of the
MMP family, promotes the migration and invasion of
various tumor cells, including pancreatic cancer cells (47).
CDCAS5 is a CDCA protein implicated in the cell cycle.
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Xing et al. confirmed that CDCAS expression is associated
with poor prognosis in pancreatic cancer (48). Elevated
expression of KIF11, one member of a kinesin essential for
the configuration of the bipolar spindle, has been linked to
a poor prognosis in pancreatic cancer (49,50). Notably, the
pancreatic cancer-related exosomal DEGs were significantly
enriched in several GO functions and pathways associated
with cell cycle progression. In addition, GSEA revealed
that key pathways such as the cell cycle were differentially
activated between the different risk groups stratified by the
exosomal gene signature. Aberrancy in cell cycle progression
is a key mechanism controlling tumorigenesis and cell cycle
regulators are promising anticancer therapeutic targets
(51,52). Taken together, we speculate that these exosomal
DEGs may contribute to pancreatic cancer by regulating
the cell cycle and believe that our constructed exosomal
gene signature has the potential for personalized outcome
prediction for pancreatic cancer.

In addition, tumor-derived exosomes can be taken up
by various immune cells, thereby changing the infiltration
pattern of the tumor microenvironment and affecting the
malignant behavior of tumor cells (53,54). Moreover, the
immune landscape is closely associated with pancreatic
cancer progression, and new immunotherapy approaches
may be promising therapeutic options in the near future
(55-57). Therefore, the immunological characteristics of
the constructed exosomal gene signatures were explored.
Antitumor immune cells, such as CD8+ T cells, were
negatively related to the risk score of the exosomal gene
signature, whereas immunosuppressive immune cells,
such as Tregs, were positively linked to the risk score.
The spatial distribution of CD8+ T cells affects the
survival of pancreatic cancer patients (58). The efficacy
of checkpoint blockade immunotherapy largely depends
on the number and status of CD8+ T cells (59,60). Tregs
exert immunosuppressive effects on the pathogenesis
of pancreatic cancer (61,62). Based on our findings, we
speculate that these infiltrating immune cells may be
responsible for the unfavorable prognosis of high-risk
patients.

Conclusions

In conclusion, our study constructed a six-exosome gene
signature that can accurately predict pancreatic cancer
prognosis. These exosomal genes may contribute to the
development and prognosis of pancreatic cancer by affecting
the activation of key pathways such as the cell cycle and
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the infiltration of immune cells such as CD8+ T cells and
Tregs. However, further experimental validation studies are
required to confirm our findings.
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