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Abstract
Objective: Pancreatic cancer (PC) is one of the most malignant tumors. Cytosolic DNA sensing have been
found to play an essential role in tumor. In this study, a cytosolic DNA sensing-related genes (CDSRGs)
signature was constructed and the potential mechanisms also been discussed.
Methods: The RNA expression and clinical data of PC were obtained from The Cancer Genome Atlas
(TCGA) and Gene Expression Omnibus (GEO). Subsequently, univariate (UCR) and multivariate Cox
regression (MCR) analyses were conducted to establish a prognostic model in the TCGA patients, which
was verified by GEO patients. Cancer immune infiltrates were investigated via single sample gene set
enrichment analysis (ssGSEA) and Tumor Immune Estimation Resource (TIMER). Finally, Gene Set
Enrichment Analysis (GSEA) was used to investigate the related signaling pathways.
Results: A prognostic model comprising four genes (POLR2E,IL18, MAVS, and FADD) was established.
The survival rate of patients in the low-risk group was significantly higher than that of patients in the
high-risk group. In addition, CDSRGs-risk score was proved as an independent prognostic factor in PC.
Immune infiltrates and drug sensitivity are associated with POLR2E,IL18, MAVS, and FADD expression.
Conclusions: In summary, we present and validated a CDSRGs risk model that is an independent
prognostic factor and indicates the immune characteristics of PC. This prognostic model may facilitate
the personalized treatment and monitoring.

Introduction
Pancreatic cancer (PC) is a common malignant tumor of the digestive tract. In 2020, there were
approximately 496,000 new cases and 466,000 deaths worldwide[1]. The prevalence and incidence have
increased in the past few years and continue to rise [2]. Despite the use of innovative therapeutic
strategies for PC with a 5-year survival rate of 9%[3]. Therefore, novel diagnostic biomarkers and effective
therapeutic strategies are thus urgently required to improve the survival of patients with PC.
Cytosolic DNA is fundamental for mammalian organisms to control malignant transformation and tumor
progression. DNA sensing has crucial functions in activate innate immune responses [4, 5]. In response to
cytosolic DNA, TANK-binding kinase 1(TBK1) and Interferon Regulatory Factor 3 (IRF3) mediating type I
Interferon (IFN) induction[6]. Furthermore, type I IFN increased after chemotherapy, which can facilitate
cross-priming and recruit T cells through the C-X-X motif chemokine 10 (CXCL10) pathway[7]. The
cytosolic DNA sensors (primary cGAS and others) enhanced the tumor immune surveillance via
activation with antigen-presenting cells leads to production of Tap2 and MHC-I [8]. The antitumor
response of NK cells is primarily based on the cytosolic DNA sensing pathway, and identifies tumorderived cGAMP as a significant factor of tumor immunogenicity with inferences for cancer
immunotherapy[9]. Therefore, cytosolic DNA sensing genes (CDSGs) is a very important factor affecting
the prognosis for PC patients, but there has been little systematic study of CDSGs in PC.
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In this study, we downloaded original data from the TCGA and GEO database. Then, we established a
prognostic signature of cytosolic DNA sensing-related genes using TCGA database and validated it in
GEO database. Besides this, we further investigated the link between between cytosolic DNA sensing and
tumor immune. This prognostic model may facilitate the personalized treatment and monitoring for
patients with PC.

Materials And Methods
Collection of genomic data
We downloaded the TCGA (TCGA-PAAD) data, which includes expression data and clinical data, and
mutation data (https://portal.gdc.cancer.gov/), which contained 172 PC samples. In addition, 63 PC
patients from GSE57495 datasets were retrieved (https://www.ncbi.nlm.nih.gov/geo/). Pathological and
clinical information is shown in Table 1. 74 cytosolic DNA sensing genes were retrieved from PathCards
(https://pathcards.genecards.org/)[10] and GSEA/MSigDB (http://www.gsea-msigdb.org/gsea/login.jsp)
datasets (Supplementary Table1).
Prognosis model construction
Statistically significant CDSGs in the univariable Cox model were included in the multivariable Cox model.
This model estimates the risk score were computed based on the following formula: Risk score = Σ
expression level of genei * βi. β represents the regression coefficient of genei. Then, patients were
stratified into low-/high-risk groups using the median risk score as the cutoff value. Receiver operating
characteristic curves (ROCs) drawn using ROC package in R. Area under the curve (AUC) was then
determined. With the same statistical Analysis of the CDSGs signature was validated in the GEO cohort.
Univariate (UCR) and multivariate cox regression (MCR) Analyses
The correlation between patient survival and clinical factors was determined by UCR analyses in two sets.
Multivariate Cox proportional hazards model was used to identify independent prognostic factors of
survival.
Principal components analysis , GSEA analysis, and nomogram generation
We used the principal component analysis “PCA” package to separate samples based on the expression
of signature genes. Pathway enrichment analysis was performed using GSEA (GSEA4.0.3). The “rms”
package of R was used to generate the nomogram, which contained risk scores and clinical factors.
Gene expression, mutation, and immune analysis in PC
The GEPIA was also used to generate an expression difference value of signature genes
(http://gepia.cancer-pku.cn/). We further verified the protein expression level of signature genes based on
The Human Protein Atlas (HPA) database (https://www.proteinatlas.org/). The infiltration of immune cell
Page 3/22

types were quantified by ssGSEA method via “gsva” package. Boxplots were drawn using the R package
ggplot. Summarize, analyze, and visualize mutation annotation format (MAF) files were using package
“maftools” in PC. The copy number alternations (CNAs) of the signature genes on immune cell and the
association between gene expression and immune infiltration was evaluated by applying the TIMER
(http://timer.cistrome.org).
Drug sensitivity analysis
The drug sensitivity was downloaded from the CellMiner database
(https://discover.nci.nih.gov/cellminer/)[11]. R package “impute”, “limma”, “ggplot2”, and “ggpubr” were
used for the data processing, statistical analysis, and result visualization.
Statistical analysis
Statistical analyses were conducted using R version 4.0.4, SPSS 24.0 (IBM, NY, USA). Comparisons
between groups were performed using the t-test or rank-sum test. The survival curves were constructed by
K-M method. For linear correlation, the Pearson correlation coefficient was evaluated. P-values <0.05 were
considered statistically significant.

Result
Construction the CSRGs Signature of PC
There were only four normal samples in TCGA dataset. Therefore, the differentially expressed CSRGs
were did not obtained. First, the UCR analysis was performed. A total of 9 CSRGs, namely ZBP1, POLR2E,
CASP8, IL18, MAVS, POLR3F, CASP10, POLR3H, and FADD, had a conspicuous connection with the
overall survival (OS) rate (Fig. 1a, Table 2 P < 0.05). Then, the MCR analysis revealed that four CSRGs,
namely POLR2E,
IL18, MAVS, and FADD, can act as independent prognostic factors for PC (Fig. 1b,
P < 0.05). Above 4 genes were chosen to establish the prognostic model. The risk scores of samples in
each dataset were calculated using the following formula. Risk score= -0.8350 * expression quantity of
POLR2E + 0.3468 * expression quantity of IL18+ (-0.5941) * expression quantity of MAVS+ 0.5718*
expression quantity of FADD (Table 3).
Validation of prognostic CSRGs signature
To confirm the reliability of the CSRGs signature developed in the TCGA samples. In both the TCGA and
GEO cohorts, using a median cut-off risk score, the patients were divided into high- and low-risk groups.
We found that patients with a high-risk score were correlated with worse outcomes in the TCGA samples,
which was further validated from the GEO samples (Fig. 2a, f). The mortality rate in high-risk group was
higher than low-risk group (Fig. 2b, g, d, i). Besides, the expression of IL18 and FADD was significantly
increased in the high-risk group. The high-risk group had significantly lower POLR2E and MAVS levels
than the low-risk group (Fig. 2c, h). PCA patients in low- and high-risk groups were separated into two
different directions (Fig. 2e, j).
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Independent prognostic value and construction of a nomogram of the risk signature.
Both UCR and MCR analysis showed that the risk score was the independent prognostic factors for OS of
PC in the TCGA cohort (Fig. 3a, c) and GEO cohort (Fig 3b, d). The nomogram was constructed from the
clinicopathological data as well as the developed prognostic model to predict the 1-,3-, and 5-year OS of
PC (Fig. 4a, b). Time-dependent ROC curves also revealed the satisfactory predictive potential of the
model (Fig. 4c, d). The above results indicated demonstrated the robustness of prognostic value of the
four CSRGs in PC patients.
Landscape of mutation profiles in two risk groups
We found most of the gene mutations were missense mutations. The most common type of variant was
a single nucleotide polymorphism, with C > T (Fig. 5a, b). The top 30 most frequently mutated genes in
two risk groups with ranked percentages (Fig. 5c, d). Besides, the frequencies of gene mutation of highrisk group (95.12%) (Fig. 5c) were higher than low-risk group (87.5%) (Fig. 5d), suggesting somatic
mutation was positively correlated risk scores.
Relationships between the signature and immune microenvironment
Considering cytosolic DNA sensing was related to immune status, we further explored the correlations
between risk scores and immune status. We found that the contents of most immune cells in high-risk
group, including APC co-stimulation, iDCs, MHC class I, Neutrophils, and IFN Response Treg, NK cells and
Tfh were significantly lower than those in low-risk group (Fig. 6c, d). Due to cytosolic DNA Sensing
induced the productions of cytokines and chemokines. Therefore, the cytokines and chemokines also
been discussed in two datasets. The results showed that the highly expressions of IL18, CSF2, and IL1RN
in the high-risk group (Fig. 6a, b). On contrary, the low expression of CXCL12 in the low-risk group. Our
result indicated that the CSRGs signature might relate to tumor immune and the production of cytokines
and chemokines.
Landscape of genetic variation of four signature genes in PC
The investigation of CNV alteration frequency showed a prevalent CNV alteration in four signature genes,
while POLR2E and MAVS had a widespread frequency of CNV deletion (Fig. 7a). The location of CNV
alteration of four signature genes on chromosomes was shown in Fig. 7b. GEPIA were applied to validate
the differentially expression levels of 4 signature genes. The results show that POLR2E, IL18, and FADD
remarkably overexpressed in PC samples (Fig. 7c). The expression of MAVS is no significant difference
(Fig. 7c). In addition, we performed protein expression analyses using the HPA database. The results
indicated that IL18 and FADD were higher expression in PC tumor tissues than normal tissues. POLR2E
and MAVS were lower expression in tumor tissues than normal tissues (Fig. 7d).
Four signature genes associated with immune infiltration
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We evaluated the relationship between four signature genes expression and immune status in TIMER.
Positive correlation was observed between POLR2E expression and the infiltration of CD4+ T cells (Cor=
0.26 P= 6.39e−04) (Fig. 8a). The results also suggested the infiltration of B cells (Cor=0.335, P =
7.70e−06), CD8+ T cells (Cor=0.394, P= 9.71e−08), macrophages (Cor=0.529, P =1.08e−13), DC
(Cor=0.362, P=1.16e−06) and neutrophils (Cor=0.25, P = 9.87e−04) positively correlated with MAVS
expression (Fig. 8b). FADD expression was positively related to the infiltration of B Cell (Cor=0.201, P=
8.25e−03), CD8+ T (Cor=0.16, P=3.60e−02), and DC (Cor=0.2, P= 8.56e−03) (Fig. 8c). IL18 expression was
positively related to the B cells (Cor= 0.165, P= 3.12e−02), CD8+ T cells (Cor= 0.215, P= 4.71e−03),
neutrophils (Cor= 0.188, P = 1.36e−02), and DC (Cor= 0.16, P= 3.71e−02) (Fig. 8d). The CNAs of the
identified four signature genes, including arm-level, deletion, and arm-level gain (Fig. 9). These results
demonstrated that four signature genes had pivotal regulatory effects on the tumor immune
microenvironment (TIME) for PC patients.
Four signature genes associated with drug sensitivity
The CellMiner database was used to investigate the relationship between the drug sensitivity and the
expression of four signature genes. The results illustrated that IL18 expression was associated with
Paclitaxel (Cor= −0.364, p=0.004), Afatinib (Cor= 0.293, p=0.023), Hypothemycin (Cor= −0.354, p=0.006)
drug sensitivity. POLR2E expression was associated with Gemcitabine (Cor=0.273, p=0.035), Cisplatin
(Cor= 0.297, p=0.021), Carboplatin (Cor= 0.262, p=0.043) drug sensitivity. MAVS expression was
associated with Oxaliplatin (Cor= −0.334, p=0.009), Rapamycin (Cor= 0.371, p=0.004), Paclitaxel (Cor=
−0.278, p=0.031) drug sensitivity. FADD expression was associated with Vinorelbine (Cor=−0.357,
p=0.005), Fluorouracil (Cor=−0.333, p=0.009), Tamoxifen (Cor=−0.319, p=0.013) drug sensitivity (Fig 10).
GSEA for identifying the cytosolic DNA sensing-related gene signature signaling pathways
GSEA analysis was conducted to compare more specifically the significantly enriched pathways between
two groups. Interferon-alpha response and Glycolysis pathway were highly enriched in high-risk group in
both datasets (Fig. 11).

Discussion
Cytosolic DNA sensing is intimately connected to the secretion of cytokines that support antitumor
immunity [12]. Multiple sensors of cytosolic DNA including CGAS, AIM2, IFI16, and STING, as well as their
signal transducer TBK1, are expressed at lower levels in tumors [13, 14]. Intratumoral injection of
Vadimezan (the stimulator of STING) induces regression of established melanomas, colorectal
carcinomas and mammary carcinomas, along with the activation of systemic immunity with
antimetastatic effects[15]. Therefore, the strategies through activating DNA sensing pathways toward
enhancing antitumor immunity in clinical studies.
In this study, a novel prognostic model of four cytosolic DNA sensing -related genes was constructed in
this study, which could effectively predict the survival of PC patients.
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Furthermore, URC and MRC analysis results suggested the prognostic model as an independent predictor.
A diagnostic nomogram was constructed to intuitively predict the OS, which be useful for both short and
long term follow up.
Among the four genes in the prognostic model that we constructed, The POLR2E expression associate
with poorer OS in acute myelocytic leukemia (AML) and prostate cancer risk [16, 17]. POLR2E increased
expression is a radiation-sensitive factor, and it play essential roles in the proliferation and apoptosis of
HCC cells [18]. However, POLR2E relate to the susceptibility and pathogenesis of PC has not been
extensively examined. The mitochondrial antiviral signaling (MAVS) protein acts as an essential adaptor
in the RIG-I-like receptor (RLR) signaling pathway, which plays an important role in host defenses against
viral infections by inducing IFN-I production[19]. MAVS low expression was associated with a wide
spectrum of malignant tumors [20]. Hence, MAVS activation may have tumor-suppressive effects in
cancer cells. The Fas-associated death domain gene (FADD), a classical adaptor protein mediating
apoptotic stimuli-induced cell death, protects pancreatic cancer cells from drug-induced apoptosis. Many
studies revealed that FADD is overexpressed in many tumors, including PC [21, 22]. Lack of FADD
contributes to immune escape and resistance to chemotherapy in AML cells [23]. In addition, FADD
inhibited NF-κB activation in response to cytokine stimulation [24]. Interleukin-18 (IL-18) was originally
identified as interferon (IFN)-γ-inducing factor. IL-18 is significantly increased in the serum of patients
with PC compared to healthy donors [25]. A higher free IL-18 serum concentration was detected in
patients with locally advanced or metastatic PC [26]. IL18 promotes proliferation and invasion of PC cells
via the NF-kB pathway. Furthermore, IL-18 derived from PC cells induced regulatory B cells (Breg) to
promote immune tolerance [27]. Combination of the IL18 and NF-kB pathway inhibitor had an antitumor
therapeutic effect on PC [28]. Our results also showed that four signature genes expression was
associated with the immune infiltration and drug sensitivity, which was consistent with past results[29,
30].
Furthermore, our result indicated that the risk signature might associated with the production of cytokines
and chemokines including IL18, CSF2, CXCL12, and IL1RN. Chemokines is critical in immune evasion[31].
For instance, indirect recruitment of tumor associated macrophage (TAMs) via CXCL12-induced IL-6
production leads to reinforces resistance to gemcitabine in PC cells [32]. The GSEA analysis also showed
risk scores positively associated with interferon-alpha response, which is closely related to cytosolic DNA
sensing and the production of chemokines [33]. Above results implicating that the risk signature might be
involved in the generation of cytokines and chemokines via interferon-alpha response pathway, and
finally affect the prognosis and immune status in PC patients.
In summary, we constructed and validated a novel cytosolic DNA sensing related prognostic signature
which might be important clinically as an independent prognostic biomarker that can predict the
prognosis, drug sensitivity, and reflecting the immune status. However, all the data analyzed were
retrospective and from public datasets, and further research is still needed to verify our findings.
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Table 1. The Clinical characteristics of the patients in TCGA and GEO datasets.
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Characteristics

Outcome

Gender

Grade

Stage

Pathological T

Pathological M

Pathological N

Datasets
TCGA (n=179)

GSE57495(n=63)

Alive

86(48.04%)

21(33.33%)

Dead

93(51.96)

42(66.67%)

Female

81(45.25%)

-

Male

98(54.75%)

-

Grade1

31(17.32%)

-

Grade2

95(53.07%)

-

Grade3

50(27.93%)

-

Grade4

1(0.56%)

-

NA

2(1.12%)

-

Stage1

20(11.17%)

13(20.63%)

Stage2

147(82.12%)

50(79.37%)

Stage3

4(2.23%)

-

Stage4

5(2.79%)

-

NA

3(1.68%)

-

T1

6(3.35%)

-

T2

23(12.85%)

-

T3

144(80.45%)

-

T4

4(2.23%)

-

NA

2(1.12%)

-

M0

81(45.25%)

-

M1

5(2.79%)

-

NA

93(51.96%)

-

N0

48(26.82%)

-

N1

127(70.95%)

-

NA

4(2.23%)

-

NA = not applicable.

Page 12/22

Table 2. A total of 9 cytosolic DNA sensing-related genes significantly associated with overall survival
according to univariate Cox regression analysis.
Id

HR

HR.95L

HR.95H

pvalue

ZBP1

1.1380

1.0018

1.2926

0.0469

POLR2E

0.6098

0.3969

0.9367

0.0239

CASP8

1.3708

1.0846

1.7326

0.0083

IL18

1.4079

1.1499

1.7239

0.0009

MAVS

0.6442

0.4585

0.9052

0.0113

POLR3F

0.6616

0.4595

0.9526

0.0263

CASP10

1.2802

1.0127

1.6185

0.0389

POLR3H

0.6714

0.4793

0.9404

0.0205

FADD

1.3515

1.0034

1.8203

0.0474

Table 3. Details of the 4 cytosolic DNA sensing-related genes significantly associated with overall survival
used to build the risk model.
Id

Coef

HR

HR.95L

HR.95H

P-value

POLR2E

-0.8351

0.4338

0.2216

0.8494

0.0149

IL18

0.3468

1.4146

1.0249

1.9523

0.0349

MAVS

-0.5942

0.5520

0.3519

0.8659

0.0097

FADD

0.5718

1.7715

0.9974

3.1463

0.0500

Figures
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Figure 1
Construction of the cytosolic DNA sensing-Related gene signature. a Univariate Cox analysis (UCR) of the
cytosolic DNA sensing-related genes. b Multivariate Cox analysis (MCR) results.

Figure 2
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Evaluation of Risk Score. a, f K–M curve in the TCGA and GEO groups. b, g The distribution of risk score
in survival outcome in the TCGA and GEO groups. c, h The expression pattern of four signature genes in
the TCGA and GEO groups. d, i The mortality rate of patients in high-/low- risk groups in the TCGA and
GEO groups. e, j The principal component analysis (PCA) shows the distinguished distribution of
high-/low-risk patients based on the risk model in the TCGA and GEO groups.

Figure 3
Independent predictive value of the risk signature. a-d Forest plot of the UCR and MCR analyses on
clinical characteristics and risk score results in the TCGA and GEO cohort.
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Figure 4
Nomogram for predicting OS based on clinical variables risk score. a, b Construction of the nomogram in
the TCGA and GEO cohort. c, d Time-dependent ROC analysis for 1-, 3-, and 5-year OS of a prognostic
model in the TCGA and GEO cohort.
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Figure 5
Landscape of mutation profiles in the high-/low-risk PC patients. a, b Overview of mutation types in the
high-/low-risk group. c, d Waterfall Plot of the top 30 genes with the most mutations in the high-/low-risk
group.

Page 17/22

Figure 6
The differences of the ssGSEA scores and chemokines between two risk groups. a, b The correlations
between risk score and chemokines in the TCGA and GEO group. c, d The correlations between risk score
and ssGSEA scores in the TCGA and GEO group. *P < 0.05, **P < 0.01, and ***P < 0.005.
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Figure 7
The landscape of genetic alterations of four signature genes in PC. a The CNV mutation frequency of
four signature genes was prevalent. b The location of CNV alteration of four signature genes on
chromosomes. c The difference of mRNA expression of four signature genes base on GEPIA database. d
The protein expression levels of four signature genes based on the HPA database.
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Figure 8
Relationships between the four signature genes and the infiltrating levels of six immune cells in PC. a
POLR2E, b MAVS, c FADD, and d IL18.
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Figure 9
Effect of the Genetic Alterations of four signature genes on the Immune Cell Infiltration. a POLR2E, b
MAVS, c FADD, and d IL18. *P < 0.05.

Figure 10
Drug sensitivity analysis of four signature genes. a IL18, b FADD, c MAVS, and d POLR2E.
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Figure 11
Gene set enrichment analysis of risk scores associated with signaling pathways hallmark datasets. a
TCGA database. b GEO database.
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