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System analysis based
on the pyroptosis‑related genes identifies
GSDMC as a novel therapy target for pancreatic
adenocarcinoma
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Abstract
Background: Pancreatic adenocarcinoma (PAAD) is one of the most common malignant tumors of the digestive
tract. Pyroptosis is a newly discovered programmed cell death that highly correlated with the prognosis of tumors.
However, the prognostic value of pyroptosis in PAAD remains unclear.
Methods: A total of 178 pancreatic cancer PAAD samples and 167 normal samples were obtained from The Cancer
Genome Atlas (TCGA) and Genotype-Tissue Expression (GTEx) databases. The “DESeq2” R package was used to identify
differntially expressed pyroptosis-related genes between normal pancreatic samples and PAAD samples. The prognostic model was established in TCGA cohort based on univariate Cox and the least absolute shrinkage and selection operator (LASSO) Cox regression analyses, which was validated in test set from Gene Expression Omnibus (GEO)
cohort. Univariate independent prognostic analysis and multivariate independent prognostic analysis were used to
determine whether the risk score can be used as an independent prognostic factor to predict the clinicopathological
features of PAAD patients. A nomogram was used to predict the survival probability of PAAD patients, which could
help in clinical decision-making. The R package "pRRophetic" was applied to calculate the drug sensitivity of each
samples from high- and low-risk group. Tumor immune infiltration was investigated using an ESTIMATE algorithm.
Finally, the pro‐tumor phenotype of GSDMC was explored in PANC-1 and CFPAC-1 cells.
Result: On the basis of univariate Cox and LASSO regression analyses, we constructed a risk model with identified
five pyroptosis-related genes (IL18, CASP4, NLRP1, GSDMC, and NLRP2), which was validated in the test set. The PAAD
samples were divided into high-risk and low-risk groups on the basis of the risk score’s median. According to Kaplan
Meier curve analysis, samples from high-risk groups had worse outcomes than those from low-risk groups. The timedependent receiver operating characteristics (ROC) analysis revealed that the risk model could predict the prognosis
of PAAD accurately. A nomogram accompanied by calibration curves was presented for predicting 1-, 2-, and 3-year
survival in PAAD patients. More importantly, 4 small molecular compounds (A.443654, PD.173074, Epothilone. B,
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Lapatinib) were identified, which might be potential drugs for the treatment of PAAD patients. Finally, the depletion
of GSDMC inhibits the proliferation, invasion, and migration of pancreatic adenocarcinoma cells.
Conclusion: In this study, we developed a pyroptosis-related prognostic model based on IL18, CASP4, NLRP1, NLRP2,
and GSDMC , which may be helpful for clinicians to make clinical decisions for PAAD patients and provide valuable
insights for individualized treatment. Our result suggest that GSDMC may promote the proliferation and migration of
PAAD cell lines. These findings may provide new insights into the roles of pyroptosis-related genes in PAAD, and offer
new therapeutic targets for the treatment of PAAD.
Keywords: Pancreatic adenocarcinoma, Pyroptosis, Prognostic model, Drug, GSDMC, Immune infiltration

Introduction
PAAD is a cancerous tumor characterized by rapid
spread and poor prognosis, resulting in 466,003 new
deaths in 2020 and 495,773 new cases of pancreatic
cancer worldwide [1]. Studies showed that pancreatic
cancer incidence and mortality rate are nearly equivalent and the 5-year survival rate is estimated at only 1%
[2]. The majority of PAAD patients are already suffering
from advanced diseases when they are diagnosed. However, up to 80% of pancreatic cancers cannot be resected
because of their highly malignant and early metastasis
[3]. Patients with pancreatic cancer after resection still
have a poor prognosis [4]. Hence, it is urgent to develop
a prognostic model and identify biomarkers in diagnosis
of PAAD.
Pyroptosis is a type of regulated necrotic cell death
induced by inflammatory caspases. It mainly relies
on the inflammation to activate a part of the caspase
family of proteins, so that inflammation cleaves the
Gasdermin protein, activates the Gasdermin protein,
and the activated Gasdermin protein translocates to
the cell membrane to form holes, then the cell swells,
the cell membrane ruptures, and finally leads to the
efflux of the cytoplasm and the formation of pyroptosis. Caspase-1, 4, 5, 11 are pro-inflammatory cysteine
proteases, all belong to the cysteine aspartate proteolytic enzyme family, and this class of proteases is critically involved in the body’s generation of inflammatory
responses and innate immune responses [5]. Caspase-3 is a master regulator of apoptosis, while those
associated with inflammation include caspase-1, 4, 5,
11, 12, 13, 14, among which caspase-1, 4, 5, 11 mainly
mediates pyroptosis [6]. Endogenous and exogenous
stimulatory signals act on the inflammasome through
different pathways to activate caspase-1, which mediates the osmotic swelling cleft of the cell, the formation of small pores in the cell membrane, the efflux of
intracellular substances (such as lactate dehydrogenase,
etc.). IL-1 β and IL-18 precursor cleaves and induces
the synthesis and release of other inflammatory factors, adhesion molecules. Amplifying the local and systemic inflammatory response is the main mechanism

by which pyroptosis occurs [7]. It has been shown that
pyroptosis plays a dual role in promoting and inhibiting
the development of cervical cancer. Studies have shown
that the NLRP3 inflammasome is involved in the innate
immune response to cervical cancer, and its expression
is widely present in tumor cells [8]. NLRP3 inflammatory activation can be achieved through humans, lysosomal rupture, and reactive oxygen species. In cervical
cancer, the NLRP3 inflammasome is mainly activated
by reactive oxygen species to induce pyroptosis [9].
In HPV infected cervical cancer cells, aim2 can play a
tumor suppressive role by stimulating pyroptosis [10].
However, several studies have found that removal of
pro-inflammatory factors produced by pyroptosis can
inhibit cervical cancer cell growth while impairing the
body’s immune effect on tumor cells [11, 12].
An increasing number of studies have shown that
pyroptosis plays an important role in cancer progression. Therefore, in-depth study of the role of pyroptosis
in pancreatic carcinogenesis and progression, as well
as the establishment of a relevant prognostic model of
pyroptosis, is of great importance for the treatment of
PAAD. To the best of our knowledge, there is no pyroptosis-related prognostic model in PAAD has been established to predict the prognosis of patients with PAAD.
Therefore, a novel prognostic model based on pyroptosis-related genes for predicting survival of patients
with PAAD is highly needed. In this present study, we
aimed to establish a prognostic model on the basis of
pyroptosis-related genes to predict the prognosis of
patients with PAAD. In addition, we verified the function of GSDMC in PANC-1 and CFPAC-1 cells, which
might be a promising therapeutic target for the treatment of PAAD. Our study systematically explored the
prognostic value of pyroptosis-related genes and their
correlations with clinical characteristics, thus shedding
light on the promising roles of pyroptosis-related genes
as potential prognostic biomarkers and novel therapeutic targets for PAAD patients.
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Materials and methods
Data acquisition and preprocessing

The RNA sequencing (RNA-seq) data of 178 PAAD
samples and 167 normal pancreatic samples with their
clinicopathological parameters were downloaded from
the cancer genome atlas (TCGA, https://portal.gdc.
cancer.gov) and Genotype-Tissue Expression (GTEx,
https://w ww.gtexportal.org/home/) databases. The
RNA-seq data and clinicopathological features of 186
PAAD samples were downloaded from Gene Expression Omnibus GSE71729 and GSE57495 datasets
(https://w ww.ncbi.nlm.nih.gov/geo/). Gene expression
data were normalized by the “Sanger box” tools before
further analysis (http://sangerbox.com/).
Data normalization

In order to integrate the expression data from TCGA
and GEO database (GSE71729 and GSE57495), we
performed the batch normalization to remove batch
effects. Firstly, we downloaded mRNA-seq FPKM data
of TCGA PAAD patients. Secondly, we downloaded
the microarray expression data from GEO database
(GSE71729 and GSE57495). Thirdly, these expression
data from TCGA and GEO database were log2-transformed. Finally, batch normalization was performed
across abovementioned data using the combat function
in "sva" package in R software (version 4.1.2) [13]. This
method was widely utilized to combine different datasets in previous studies [14–16].
Identification of differentially expressed pyroptosis‑related
genes

The “DESeq2” package was used to identify differentially expressed pyroptosis-related genes in 178 PAAD
samples and 167 normal samples. P < 0.05 and |log2 fold
change (FC)|> 1.2 were set as as cut-off values. The volcano of pyroptosis-related genes and heatmap of differentially expressed pyroptosis-related genes were drawn
using the OmicStudio tools (https://w ww.omicstudio.
cn/tool). Protein protein interactions (PPIs) were plotted by using string database (https://string-db.org/) and
boxplots were drawn with the R package “ggpubr”. The
minimum interaction score required for PPI analysis
was set at 0.4 (medium confidence).
Enrichment analysis of differentially expressed
pyroptosis‑related genes

The biological process enrichment of 25 differentially
expressed genes were analyzed with Gene Ontology
(GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGG) through R statistical software including “clusterProfiler”, “org.Hs.eg.db”, “enrichplot”, “ggplot2”, and
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“GOplot” packages. In addition, gene set enrichment
analysis (GSEA) was performed in order to identify
the biological process and signaling pathways that differ between high-risk groups and low-risk groups in
PAAD. Our reference gene sets were derived from
the C2 subcollection (c2.cp.kegg.v7.5.1.symbols.gmt).
The significance thresholds were determined by 1000
permutation analyses, and we considered significant
results when the p value was less than 0.05.
Identification of prognostic genes

Our training set consisted of 178 PAAD samples and 167
normal pancreatic samples from the TCGA and GTEx
databases. To investigate the relationship between the
expression levels of pyroptosis-related genes and overall
survival (OS) of PAAD patients, we conducted a univariate Cox regression analysis using the "survival" package.
A significant filtering criterion was set at p < 0.05 for further analysis. We next eliminated gene collinearity and
reduced the number of genes using LASSO Cox regression. Finally, we conducted multivariate Cox regression
analysis on the basis of univariate Cox regression.
Construction and validation of a prognostic model based
on pyroptosis‑related genes

The risk score was calculated according to the centralized
and standardized PAAD mRNA expression data in the
train set.
n
Risk score =
xi yi
i

X represents the coefficient of pyroptosis-related genes
in LASSO Cox regression analysis, Y represents the gene
expression of pyroptosis-related genes. PAAD patients
were divided into high-risk and low-risk groups based
on the median risk score, and the overall survival (OS)
between these two groups was analyzed. Receiver operating characteristic (ROC) curves were produced by the
timeROC package to evaluate the prognostic efficiency
of the model. To make the model more convincing, we
utilized the PAAD cohort in the GEO database for validation. The expression of each pyroptosis-related genes was
also normalized, and the risk score was then calculated
by the above formula. PAAD patients in the GEO cohort
were also grouped into high-risk and low-risk groups
according to the median risk score, and the OS between
the two groups was also compared. Next, to determine if
risk score was an independent prognostic factor for OS in
PAAD patients in the train set, univariate and multivariate Cox regression analyses were conducted. Covariates
included age, gender, grade, stage, T, and N.
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Construction of nomogram and calibration curves

The nomogram was built using the “RMS” package of R
software to predict individual survival probability, and
calibration curves for the prediction of 1 -, 2-, and 3-year
survival rate of PAAD patients were plotted.
Drug sensitivity analysis

Using the pRRophetic package in R software, the sensitivity score of each small moleular compound was calculated for each patient in the high-risk group and low-risk
group. Then, we used PubChem (https://pubchem.ncbi.
nlm.nih.gov/) website to visualize the conformations of
drugs in 3D.
Cell culture

CFPAC-1 and PANC-1 cells were purchased from Procell
Life Science and Technology Co., Ltd. (Wuhan, China).
CFPAC-1 and PANC-1 cells were cultivated in RPMI1640 (Hyclone) supplemented containing 2 mM L-glutamine and 10% FBS (Life Technologies).
siRNA sequence

The siRNA sequences were as follows: si-GSDMC-1:5′GGAUCCAGAGCC AUCAUUU-3′. si-GSDMC-2: 5′CCUAGA AACUGUUGUGACA-3′.
CCK8 assay

Cell viability was determined by CCK8 kit. In short,
CFPAC-1 and PANC-1 cells transfected with siGSDMC-1 or si-GSDMC-2 were inoculated in 96 well
plates × 1000 cells/well). Add CCK8 and use the multimode microplate reader at 0, 24, 48, 72 h respectively.
The optical density of each well was measured at 450 nm.
Each experiment was repeated three times.
EdU assay

EdU kit was used for EdU determination (Ribobio, #
C10310-2). The EdU test solution was inoculated into
CFPAC-1 and PANC-1 cells transferred with si-gsdm-1
or si-gsdm-2, respectively. Continue to culture in the
incubator for 2 h, and then fix with 4% paraformaldehyde
for 30 min. The dye is then dyed according to the manufacturer’s scheme and the image is taken using EVOS FL
automatic microscope. Finally, using Image J software to
count the number of cells. Each experiment was repeated
three times.
Wound healing assay

The ability of cell migration was evaluated by a wound
healing experiment. CFPAC-1 and PANC-1 cells transfected with si-GSDMC-1 or si-GSDMC-2 were inoculated in 6-well plates. When the cells reach reaching a
confluence of 100%. Use a 10 µl pipette to form a wound
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in the center of the cell monolayer, and then continue to
culture in the incubator. At a specific time, using Image J
software to count the wound area. Each experiment was
repeated three times.
Western blotting

Two small inferring RNAs (siRNAs) were employed to
knock down GSDMC. After 48 h of transfection, cells
were lysed in RIPA buffer with a phosphatase inhibitor cocktail (biomake, #B14001, #B15001). Proteins were
loaded and separated by electrophoresis on SDS–polyacrylamide gel electrophoresis (SDS-PAGE) and transferred to a nitrocellulose membrane. The signals were
visualized using the ECL Kit (Meilunbio, #MA0186).
Antibodies used were anti-GSDMC (diluted 1:1000,
proteintech, #27,630-1AP) and anti-ACTIN antibody (diluted 1:1000, Abclonal, #AC026).
Lentiviral production, infection, and construction of stable
cell lines

We constructed shRNA sequences (sh-1:5′-GGAUCC
AGAGCC AUCAUUU-3′. sh-2:5′-CCUAGA AAC
UGUUGUGACA-3′) using the plko.1-puro-gfp vector, and a scramble sequence (5′-TTCTCCGAACGT
GTCACGT-3′) was designed as a negative control.
We also constructed GSDMC-overexpressing lentivirus using the pCDH-CMV-Puro vector (GeneChem,
China). Next, we followed the manufacturer’s instructions for lentiviral transfection. Briefly, shRNA or
pCDH plasmid was cotransfected with the packaging
plasmids psPAX2 and MD2G in 293 T cells using lipofectamine 3000. Supernatants were collected 48 h after
transfection and filtered through 0.22 μm low protein
binding filters. 1 ml of supernatant were used to transduce PANC-1 or CFPAC-1 cells, and the medium was
changed 2 days after infection. The infected cells were
screened by puromycin for 10 days.
Cell cycle analysis

Propidium iodide (PI) staining was utilized to analyze cell
cycle. In short, for the cell cycle analysis, cells (1 × 107)
were washed using PBS and fixed using 70% ethanol for
30 min at room temperature. We then stained the cells
with PI containing RNase A (Thermo, # F10797) after
washing them three times with PBS. A FACScan (Millipore) was used to measure the red signal and ModFIT LT
v3.1 software was used to analyze the FSC data.
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Chemical treatment of cells

In six-well dishes at a density of 1000 cells per well,
the PANC-1 cells were trypsinized and plated. Cells
were allowed to attach overnight and then exposed to
corresponding concentrations of chemical treatment.
Approximately 48 h after chemical treatment, we
replaced the media with fresh media, and incubated
the plates at 37 °C.
Statistical analysis

Statistical analysis was performed by two-tailed
unpaired t-test, one-way ANOVA and two-way
ANOVA in GraphPad Prism software (version 8.0.2).
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When the p value was less than 0.05, the results were
considered statistically significant.

Results
Identification of differentially expressed pyroptosis‑related
genes in PAAD

The detailed workflow of our study is shown in (Fig. 1).
We obtained 178 PAAD patients from TCGA and 167
normal tissues from GTEx. A total of 25 differntially
expressed pyroptosis-related genes were identified based
on the cutoff criteria of |log2 (fold change) |> 1.2 and false
discovery rate (FDR) < 0.05 from 33 pyroptosis-related
genes using R package “DESeq2”. In PAAD patients, volcano plots, heatmaps, and boxplots demonstrated that 16

Fig. 1 The flowchart of our research process

(See figure on next page.)
Fig. 2 Differentially expressed pyroptosis-related genes between PAAD tissues and normal tissues. A Volcano plot indicates pyroptosis-related
genes, with red dots indicating high expression and blue dots indicating low expression. B The protein–protein interaction (PPI) network shows the
interaction of pyroptosis-related genes (interaction score = 0.4). C Heatmap of differentially expressed pyroptosis-related genes, with red indicating
high expression, blue indicating low expression, n representing normal tissues, and t representing tumor tissues. D Boxplots of differentially
expressed pyroptosis-related genes, with red boxes representing tumor groups and blue boxes representing normal groups. E Mutation analysis of
differentially expressed pyroptosis-related genes in TCGA cohort
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pyroptosis-related genes were significantly downregulated, whereas 9 pyroptosis-related genes were upregulated (Fig. 2A, C, D). The protein-protein interaction
network of these differentially expressed pyroptosisrelated genes was shown in (Fig. 2B). Moreover, many
mutations in patients with PAAD have been observed in
these differentially expressed pyroptosis-related genes
(Fig. 2E).
Functional enrichment analysis

GO and KEGG pathway enrichment analyses were performed in order to better understand the functions of
differentially expressed pyroptosis-related genes. The
analysis of GO enrichment revealed that these differentially expressed pyroptosis-related genes were primarily
associated with the formal regulation of cytokine production and defense responses to bacteria (Additional file 1:
Fig. S1A). In addition, the analysis of KEGG revealed that
these differentially expressed pyroptosis-related genes
were involved in platinum drug resistance, apoptosismultiple species, ERbB signaling pathway, and apoptosis (Additional file 1: Fig. S1B). This suggests that these
pyroptosis-related genes are involved in other biological
processes besides pyroptosis.
Construction of a prognostic model based
on pyroptosis‑related genes in the train set

As shown in Fig. 3A, we screened out 9 pyroptosisrelated genes with P < 0.05 using univariate Cox regression analysis, including five potential risky genes (IL18,
GSDMC, NLRP2, CASP8, and CASP4) and four potential
protective genes (PLCG1, GPX4, PRKACA, and NLRP1).
On the basis of the univariate Cox regression, we then
performed LASSO regression analysis (Fig. 3C, D). Next,
we constructed the prognostic pyroptosis-related model
using IL18, CASP4, NLRP1, NLRP2, and GSDMC by
LASSO regression. Finally, we performed multivariate
Cox regression analysis and identified three pyroptosisrelated genes, two of which were potential risk genes and
one of which was potential protective genes (Fig. 3B).
We constructed a prognostic index for all cancer samples calculated by the formula: Risk
score = expression level of IL18 × 0.002067 + expression
level
of
GSDMC × 0.034755 + expression
level
of
NLRP2 × 0.028693 + expression
level of PLCG1 × (− 0.00285) + expression level
of
NLRP1 × (−
0.05665) + expression
level
of
CASP4 × 0.036385. In order to confirm whether this
pyroptosis-related model could predict the prognosis
of patients with PAAD, we divided the 170 patients into
a high-risk group (n = 85) and a low-risk group (n = 85)
according to the threshold of median risk score (Fig. 4A).
The high-risk group had a higher mortality rate and shorter
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survival time compared with the low-risk group. Higher
scores were associated with a worse prognosis for PAAD
patients (Fig. 4C). IL18, CASP4, GSDMC, and NLRP2 were
highly expressed in the high-risk group, and NLRP1 was
lowly expressed in the high-risk group (Fig. 4D). Kaplan
Meier curves showed that patients in the high-risk group
had a worse prognosis (P < 0.05, Fig. 4B). Time dependent
ROC analysis showed that the prognostic accuracy of OS
was 0.673 at 1 year (95% CI 58.7–75.98), 0.768 at 3 years
(95% CI 65.35–88.32), and 0.790 at 5 years (95% CI 63.75–
94.27) (Fig. 4E). The results of these studies suggested that
the pyroptosis-related gene signature in our model could be
helpful for predicting PAAD prognosis, and the model we
established has excellent accuracy of predicting prognosis in
the training set.
Validation of the prognostic model in the test set

To verify the accuracy of the established prognostic
model, we obtained 186 pancreatic cancer patients from
GEO and calculated the risk score using the same formula in the training set. According to the median value
of the risk score, 99 patients in the GEO cohort were
classified into the low-risk group and 87 patients into the
high-risk group (Additional file 2: Fig. S2A). Patients in
the low-risk group had longer survival time than those
in the high-risk group (Additional file 2: Fig. S2C). IL18,
CASP4, GSDMC, and NLRP2 were highly expressed in
the high-risk group and NLRP1 was lowly expressed in
the high-risk group (Additional file 2: Fig. S2D). In addition, Kaplan Meier analysis also indicated that low-risk
group and high-risk group had significantly different survival rates (P < 0.05, Additional file 2: Fig. S2B), which was
consistent with the result in training set. Time dependent ROC analysis showed that the prognostic accuracy
of OS was 0.590 at 1 year (95% CI 50.2–67.33), 0.554 at
3 years (95% CI 44.62–66.33), and 0.658 at 5 years (95%
CI 57.75–73.94) (Additional file 2: Fig. S2E). As a result,
it was clear that the model we established has acceptable
accuracy of predicting prognosis in the test set.
Independent prognosis analysis of Riskscore and Clinical
Characterstics

To verify whether the risk score and clinical characteristics could act as independent prognostic factors,
we performed univariate and multivariate independent prognosis analyses. The results of univariate independent prognosis analysis showed that age, N stage,
and risk score were significantly correlated with the
OS of PAAD patients (Additional file 3: Fig. S3A).
Multivariate independent prognosis analysis showed
that the risk score could be an independent predictor
(p < 0.001) (Additional file 3: Fig. S3B). Moreover, we
evaluated the relationship between the expression of
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Fig. 3 Construction of a risk prognostic model based on pyroptosis-related genes in the TCGA cohort. A Univariate Cox regression analysis was
performed for all pyroptosis-related genes. A value of P < 0.05 was considerated statistically significant. B Multivariate Cox regression analysis was
performed on the genes derived from the univariate Cox regression analysis. C LASSOregression of the 5 OS-related genes. D Cross-validation for
tuning the parameter selection in the LASSO regression

pyroptosis-related genes and clinical features. Results
showed that NLRP1 was negatively correlated with
grade (Additional file 4: Fig. S4A, P = 0.022), N (Additional file 4: Fig. S4B, P = 0.046), T stage (Additional
file 4: Fig. S4C, P = 0.046). NLRP2 was positively correlated with grade (Additional file 4: Fig. S4D, P = 0.022).
GSDMC was negatively correlated with stage (Additional file 4: Fig. S4E, P = 0.010). CASP4 was positively

correlated with grade (Additional file 4: Fig. S4F,
P = 0.012). The risk score was positively correlated
with grade (Additional file 4: Fig. S4G, P = 5.002e − 04).
Based on the results of these studies, we concluded that
our model could be a reliable prognostic biomarker.
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Fig. 4 Construction of risk model in TCGA cohort. A The patients were equally divided into two groups according to the threshold of the median
risk score. Green represents the low-risk group. Red represents the high-risk group. B Kaplan Meier curves showing the overall survival of patients
in the high-risk and low-risk groups. C Survival status of patients with PAAD in high and low risk groups. Green represents survival. Red represents
death. D Heatmap showing the expression of the five pyroptosis-related genes. Pink represents the low-risk group. Bright blue represents the
high-risk group. E The predictive efficiency of the risk score was verified by the ROC curve

Construction of nomogram and calibration curves

In order to provide clinicians with a better quantitative
method to forecast the prognosis of the patients with
PAAD, we established a nomogram combining age,
gender, N, T, and risk scores. The nomogram showed
that the risk score was an important factor among
various clinical parameters (Fig. 5A). Furthermore,
we constructed calibration curves, which showed
that the nomogram had a good match with the actual
survival of patients with PAAD (Fig. 5B–D). Compared with traditional prognostic scoring systems, our
model had a higher AUC value (AUC = 0.664, Fig. 5E).
Based on these findings, we found that the nomogram

containing our risk scores can be used to accurately
predict the OS of PAAD patients.
GSEA enrichment analysis

We performed GSEA enrichment analysis between the
high-risk and low-risk groups in the training set and
the validation set, respectively. In the training set, the
results showed that the enriched pathways in the highrisk group included apoptosis, tight junction, spliceosome, axon guidance, and natural killer cell-mediated
cytotoxicity. The main enriched pathways in the low-risk
group were neuroactive ligand receptor interaction, taste
transduction, autoimmune thyroid disease, chemokine
signaling pathway, focal adhesion (Additional file 5: Fig.

Yan et al. Journal of Translational Medicine

(2022) 20:455

Page 10 of 19

Fig. 5 Nomogram to predict survival probability of pancreatic cancer patients. A Nomogram combining risk score with pathologic features. B–D
Calibration plots for predicting 1 -, 2 -, 3-year OS of patients. D ROC curves for prediction of survival by the risk score and other variables (age,
gender, stage, N stage, T stage)
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S5A). In the validation set, the results indicated that the
main enriched pathways included proteasome, glycosylphosphatidylinositol GPI anchor biosynthesis, nucleotide excision repair, aminoacyl tRNA biosynthesis, and
DNA replication in the high-risk group, while in the
low-risk group, the main enriched pathways were cardiac muscle contraction, long term depression, vascular
smooth muscle contraction, calcium signaling pathway,
and amyotrophic lateral sclerosis ALS (Additional file 5:
Fig. S5B).
Evaluating the Therapeutic Response in the high‑risk
and low‑risk group

To predict the response to chemotherapy, we used the
pRRophetic algorithm to estimate the chemotherapeutic
response based on the half-maximal inhibitory concentration (IC50) available in the genomics of drug sensitivity in cancer (GDSC) database for patients with PAAD. A
total of 49 small molecular compounds with significantly different responses were identified between highand low-risk groups in our study (Additional file 11:
Table S1). The top four small molecular compounds were
found to have the lowest P values between the high-risk
and low-risk groups, including A.443654 (P = 1e−11,
Fig. 6A), PD.173074 (P = 3.9e−11, Fig. 6C), Epothilone.B
(P = 2e−10, Fig. 6E), Lapatinib (P = 3.5e−10, Fig. 6G).
PAAD patients in the high-risk group were more sensitive
to A.443654, Epothilone.B, and Lapatinib, while those in
the low-risk group were more sensitive to PD.173074. 3D
conformations of these 4 small molecular compounds
were then visualized through PubChem website (Fig. 6B,
D, F, H). In light of these findings, these small molecular
compounds might be potential PAAD treatment agents,
but further analysis is needed in the near future. Our
results provide potential molecular chemotherapy compounds for patients with PAAD.
Analysis of Tumor Microenvironment and Immune cell
infiltration

The tumor microenvironment, including immune cells
and stromal cells, is believed to play an essential role in
tumor development, metastasis, recurrence, and drug
resistance. Therefore, we combined immune score, stromal score, and ESTIMATE score to analyze the association of these scores with the risk score. The results
showed risk score was significantly correlated with
immune score (P = 0.0071), stromal score (P = 0.0024)
and ESTIMATE score (P = 0.0019, Fig. 7A–C). The proportion of 22 subtypes of immune cells in PAAD patients
was calculated using the CIBERSORT algorithm and a
threshold of P-value < 0.05 was considered as cut-off criteria (Fig. 7D). The infiltration levels of B cell memory,
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macrophages M1, and mast cell resting in the high-risk
group were higher than those in the low-risk group. However, the infiltration levels of B cells Naive, T cells CD8,
monocytes, and mast cells activated in the low-risk group
were higher than those in the high-risk group (Fig. 7E,
Additional file 6: Fig. S6A). In addition, we evaluated
the correlation between the risk score and five immune
cells. The results indicated that T cells CD8 (R = − 0.17,
P = 0.027), monocytes (R = − 0.18, P = 0.023), and B cells
Naive (R = − 0.27, P = 0.00047) were positively correlated with risk score, while macrophages M1 (R = 0.19,
P = 0.016), and B cells memory (R = 0.25, P = 0.0011)
were negatively correlated with risk score (Additional
file 6: Fig. S6B-F).
Kaplan‑Meier plots of Prognostic Genes

We plotted Kaplan-Meier plots to test whether the
expression of prognostic pyroptosis-related genes was
correlated with the prognosis of PAAD. The results show
that PAAD patients with high expression of NLRP1 had a
better prognosis, while PAAD patients with low expression of NLRP2, GSDMC, IL18 and CASP4 had a better
prognosis (Additional file 7: Fig.s S7A-E).
Knockdown of GSDMC inhibited PAAD cell proliferation
and migration

To investigate the role of GSDMC in PAAD cells, two
siRNAs (GSDMC-1, GSDMC-2) were designed to
silence GSDMC expression in PANC-1 and CFPAC-1
cells. GSDMC expression was verified by western blot,
and abovementioned two siRNAs have been found to
be effective to knock down the expression of GSDMC.
The western blotting demonstrated that knockdown
of GSDMC by siRNA in PANC-1 and CFPAC-1 cells
reduced vimentin and Ki-67, but increased E-cadherin
expression (Fig. 8A). According to these results, GSDMC
could promote cell proliferation and invasion in PAAD
cells. To investigate the effects of low expression GSDMC
on cell proliferation, invasion, migration. CCK8, colony
formation assays, EdU, Transwell and wound healing
experiments were performed on CFPAC-1 and PANC-1
cells transfected with Si-GSDMC-1 or Si-GSDMC-2,
respectively. The CCK8 results showed that the proliferation ability of CFPAC-1 cells in the NC group was
significantly stronger than that in the other groups at 24,
48, 72 and 96 h (P < 0.05, Fig. 8B). By tumor cell colony
formation assay, we found that the proliferation ability
of CFPAC-1 cells transfected with Si-GSDMC-1 or SiGSDMC-2 was significantly lower than that of NC group
(Fig. 8D). The results of EdU staining assay showed that
the effect of knocking down the GSDMC gene on the
proliferation of CFPAC-1 cells was significant, and the
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Fig. 6 The screened drugs for PAAD treatment. IC 50 value of A.443654 (A), PD 173,074 (C), Epothilone. B (E), Lapatinib (G) in high-and low-risk
patients with PAAD. The corresponding 3D structures are shown in (B), (D), (F) and (H), respectively
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Fig. 7 Tumor Microenvironment and immune cell infiltration analysis. Violin plots represent the relationship of risk score with immune score (A),
stromal score (B) and ESTIMATE score (C). (D) Relative proportion of immune cell infiltration in high-risk and low-risk group. Green represents the
low-risk group. Red represents the high-risk group
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(See figure on next page.)
Fig. 8 Knockdown of GSDMC inhibited PAAD cell proliferation and migration. A Western blot results showing the expression levels of indicated
proteins in PANC-1 (left panel) or CFPAC-1 (right panel) cellline transfected with scrambled or two independent siRNA targeting GSDMC,
respectively. B, C Cell viability was determined by CCK8 assay in the PANC-1 (B) and CFPAC-1 (C) cell lines transfected with either scrambled or
two independent GSDMC siRNA targeting GSDMC, respectively. ***p < 0.001 by one-way ANOVA. D, F Colony formation assay of CFPAC-1 (D) and
PANC-1 (F) cell lines with either scrambled or two independent siRNA targeting GSDMC, respectively. ***p < 0.001 by one-way ANOVA. E, H Edu
assay to show the cell proliferation of PANC-1 (E) and CFPAC-1 (H) cell lines transfected with either scrambled or two independent siRNA targeting
GSDMC, respectively. *p < 0.05 by one-way ANOVA. J, K Wound healing assay of PANC-1 (J) and CFPAC-1 (K) cell migration capability following
transfected with scrambled or two independent siRNA targeting GSDMC, respectively. ***p < 0.001 by one-way ANOVA

ability of CFPAC-1 cells transfected with Si-GSDMC-1
or Si-GSDMC-2 to proliferate was significantly lower
than that of the NC group (Fig. 8E). The results of transwell assay showed the absence of GSDMC, limiting the
migration and invasion of CFPAC-1 cells. The results of
the wound healing experiment showed a lower migratory ability of the low expressing CFPAC-1 cells. The
results were similar to CFPAC-1 in the PANC-1 cell line
(Fig. 8C, F, H, I, K). These results indicated that knockdown the expression of GSDMC could inhibit cell proliferation, migration and invasion in PAAD.
Restoration of GSDMC rescued the inhibition of cell
proliferation, migration and invasion induced by GSDMC
silencing

In order to test whether the inhibition of cell proliferation
and migration is caused by knocking down GSDMC, we
re-expressed GSDMC using the lentiviral system in the
both PANC-1 and CFPAC-1 cells (Additional file 8: Fig.
S8A). According to the CCK8 assay, EdU staining assay,
and clone formation assay, we found that the cell proliferation and capability of colony formation were recovered to a certain extent in GSDMC-restored PANC-1 and
CFPAC-1 cells after GSDMC silencing, compared with
cells with GSDMC silencing (Additional file 8: Fig. S8B–
H). Moreover, the cell invasion and migration were also
rescued to a certain extent, in GSDMC-restored PANC-1
and CFPAC-1 cells after GSDMC silencing, compared
with cells with GSDMC silencing (Additional file 8: Fig.
S8G–K). Based on above results, we could conclude that
restoration of GSDMC could rescue the inhibition of
cell proliferation, migration and invasion after GSDMC
silencing.
Overexpression GSDMC promotes cell proliferation
and invasion in PAAD

In order to validate the potential role of GSDMC in
PAAD, we performed gain-of-function or loss-of-function analysis. First, we overexpressed GSDMC in PANC-1
and CFPAC-1 cells, the expression of Ki-67 and vimentin
was significantly increased and the expression of E-cadherin was significantly reduced, which indicated that

overexpression GSDMC can promote PAAD cell proliferation and invasion (Additional file 9: Fig. S9A). Cell viability was measured using the CCK8 assay to determine
the effect of GSDMC on PAAD cell proliferation. It was
observed that both PANC-1 and CFPAC-1 cells showed
a significant increase in their growth curve after transfection with GSDMC (Additional file 9: Fig. S9B, C). Consistent with the abovementioned CCK8 analysis results,
overexpression of GSDMC increased more clone numbers than the control group (Additional file 9: Fig. S9D,
F). Both in PANC-1 and CFPAC-1 cells showed higher
EdU-positive staining when GSDMC overexpressed
(Additional file 9: Fig. S9E, H). These results demonstrated that PAAD cell proliferation were facilitated
because of the upregulation of GSDMC. Moreover, in the
transwell assay, GSDMC overexpression enhanced invasion capacity significantly both in PANC-1 and CFPAC-1
cells (Additional file 9: Fig. S9G, I). In the wound healing
assay, the speed of cell migration has been greatly promoted both in PANC-1 and CFPAC-1 cells (Additional
file 9: Fig. S9J, K). Taken together, these results suggest
that overexpression GSDMC promotes cell proliferation,
migration and invasion in PAAD.
A.443654 inhibits the cell proliferation of PAAD

To investigate the potential therapeutic effects of
A.443654 in PAAD, we performed CCK8 assay, clone formation assay, EdU staining assay and cell-cycle analysis
in PANC-1 cell line. The CCK8 assay demonstrated that
the cell viability of PANC-1 cells showed an increasing
trend after treated with A.443654 (Additional file 10: Fig.
S10A). The clone formation assay indicated that the number of clones reduced significantly in PANC-1 cells after
treated with A.443654 (Additional file 10: Fig. S10B). The
EdU incorporation assay suggested that PANC-1 cells
showed lower EdU-positive staining after treated with
A.443654 (Additional file 10: Fig. S10C). The cell cycle
analysis illustrated that the cell proliferation could be
suppressed in PAAD after treated with A.443654 (Additional file 10: Fig. S10D, E). Overall, these results indicate that A.443654 could inhibit the cell proliferation of
PAAD.
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Discussion
Pyroptosis is a caspase-1-or caspase-11-dependent
programmed cell death [17, 18]. It has become increasingly evident that pyroptosis plays an important role in
the progression of cancer in recent years. Research has
shown that pyroptosis-related genes play a different role
in different types of cancer. Cell death releases inflammatory factors to provide tumor cells with a suitable
environment for survival [19]. Pyroptosis can promote
tumor cell death, making pyroptosis a potential prognostic and therapeutic target in cancer [20]. In HPV infected
cervical cancer cells, AIM2 plays a tumor suppressive
role by stimulating pyroptosis [10]. However, the role of
pyroptosis genes in PAAD is unclear. This study aimed
to construct a prognostic model regarding pyroptosisrelated genes for diagnosis and prediction of prognosis in
patients with PAAD.
In recent years, the search for PAAD biomarkers, prognostic markers, and prognostic models has been gaining
increasing attention [21–25]. Patients with PAAD may
benefit from these models since they have great ability
to predict prognosis. Consistent with previous studies,
the prognostic model we constructed still has good performances for predicting the prognosis of patients with
PAAD.
We constructed a prognostic risk model using 5 genes
(IL18, CASP4, NLRP1, NLRP2, GSDMC) through univariate Cox and Lasso Cox regression analysis. IL18 is
a proinflammatory cytokine that promotes IFN- γ Of
secretion [26]. The levels of IL18 are significantly elevated in patients with gouty arthritis [27] and rheumatoid arthritis [28]. CASP4 is a gene involved in encoding
a protein involved in immune response and inflammation
[29], and studies have shown that decreased expression
of CASP4 is associated with poor prognosis in esophageal squamous cell carcinoma [30], but low expression of
CASP4 in our prognostic model is more favorable for the
survival of PAAD patients. NLRP1 is an innate immune
receptor that assembles into an inflammasome to induce
pyroptosis in human corneal epithelial cells [31], which
is consistent with the manifestations in our constructed
model. NLRP2 is highly expressed in renal tubular epithelial cells and plays a role in promoting inflammation
[32]. GSDMC is also one of the most important model
genes in our study. Pyroptosis is primarily a programmed
cell death mediated by Gasdermins (GSDM) [33]. In
which GSDM contains molecules such as Gasdermin C
(GSDMC), Gasdermin D (GSDMD) [34]. Studies have
pointed out that high expression of GSDMC promotes
melanoma metastasis [35]. In gastric cancer, GSDMC
inhibits tumor cell growth [36]. Overexpression of
GSDMC causes poor prognosis in lung adenocarcinoma
[37]. An increasing number of studies have shown that
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the application of GSDMC is extensive. However, studies of GSDMC in PAAD are quite limited. Therefore,
we performed cell experiments with GSDMC alone to
verify the specific role of GSDMC in PAAD. Our results
showed that the growth, proliferation, and migration
were inhibited in PAAD cells with silencing of GSDMC,
which is consistent with previous studies. Therefore, we
speculated that GSDMC contributed to the poor prognosis of pancreatic cancer mainly by promoting tumor
growth and migration.
Previous studies showed that PAAD patients who benefit from immunotherapy is limited [38, 39]. Studies have
pointed out that the future treatment of pancreatic cancer should be through active combination and adoptive
immunotherapy [40]. The combinatorial approach of
immunotherapy in conjunction with other modalities is
believed to be a promising treatment strategy. Increasing
studies have shown that T cells play a key role in immunotherapy [41]. The higher CD8 expression on T cells
confers a better prognosis in esophageal, colorectal, and
non-small cell lung cancer [42, 43]. The expression of T
cells CD8 in low-risk subgroup was higher than that in
high-risk subgroup in our study, which is consistent with
previous study [44]. In addition, high expression of mast
cells resting leads to poor prognosis in hepatocellular
carcinoma [45, 46], which is consistent with our study.
In addition, we screened out four potential small
molecular compounds, including A.443654, PD.173074,
Epothilone.B, and Lapatinib. A.443654 is a well-known
Akt serine/threonine kinase inhibitor [47], which is
equally potent against Akt1, Akt2, and Akt3 within cells
(Ki = 160 pM) [48]. Studies showed that A.443654 could
induce apoptosis in chronic lymphocytic leukemia cells
in a dose-dependent manner [49]. In addition, A.443654
plays a key role in cells transition to the G2/M phase [50].
Therefore, A.443654 may inhibit PAAD by mediating the
cell proliferation, which is consistent with the results of
our validation experiments. PD.173074, a small-molecule tyrosine kinase inhibitor, which could interfere
with the relevant signaling of fibroblast growth factor
[51]. The growth and invasion of Epithelial-mesenchymal transition-induced tumor cells could be inhibited
by PD.173074 through EGFR pathway [52]. It has been
demonstrated that the FDA approved antitumor drug
Epothilone B could improve microtubule stability and
promote α-Ability of tubulin polymerization [53]. As an
EGFR and HER2 tyrosine kinase inhibitor, Lapatinib is
approved by FDA to treat patients with HER2-positive
breast cancer [54]. These results indicated that these
potential drugs might provide novel insights into the
treatment of patients with PAAD.
However, our study has some limitations.
First, GSDMC could promote the proliferation,
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migration, and invasion of PAAD, but its molecular mechanism is still unknown. Second, in vivo function of GSDMC in PAAD still need to be explored in the
future.

Conclusions
In this study, we developed a prognostic model based
on IL18, CASP4, NLRP1, NLRP2, and GSDMC
genes, which effectively predicted the prognosis of PAAD
patients. The results suggest that these genes could
be potential biomarkers for predicting the overall survival of patients with PAAD. Furthermore, the results of
in vitro experiments showed that GSDMC can promote
the proliferation, migration and invasion in PAAD cells.
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Additional file 1: Figure S1. Functional enrichment analyses of gene
ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG).
(A) Bubble graph for GO enrichment (the bigger bubble means the more
genes enriched, and the increasing depth of red means the differences
were more obvious; q-value: the adjusted p-value). (B) KEGG enrichment
analysis of differentially expressed genes.
Additional file 2: Figure S2. Validation of the pyroptosis-related prognostic model in test set. (A) The patients were divided into two groups
according to the threshold of median risk score. Green represents the
low-risk group. Red represents the high-risk group. (B) Kaplan Meier curves
showing the overall survival of patients in the high-risk and low-risk
groups. (C) Survival status of patients with PAAD in high and low risk
groups. Green represents survival. Red represents death. (D) Heatmap
showing the expression of the five pyroptosis-related genes from which
the model was constructed in the high-and low-risk groups. Pink represents the low-risk group. Bright blue represents the high-risk group. (E)
The predictive efficiency of the risk score was verified by the ROC curve.
Additional file 3: Figure S3. Risk model independent prognostic
analysis. (A) Univariate independent prognosis Cox regression analysis of
risk score and indicated clinical characteristics. (B) Multivariate independent prognosis Cox regression analysis of risk score and indicated
clinical characteristics.
Additional file 4: Figure S4. The correlation of pyroptosis-related prognostic genes and clinical features in the training set. (A, B, C) The correlation of NLRP1 with grade, N stage, T stage. (D) The correlation of NLRP2
with grade. (E) The correlation of GSDMC with stage. (F) The correlation of
CASP4 with grade. (G) The correlation of risk score with grade.
Additional file 5: Figure S5. GSEA enrichment analysis identifies KEGG
pathways associated with high-risk and low-risk groups in the training set
(A) and test set (B).
Additional file 6: Figure S6. The correlation of immune infiltrating cells
with risk scores was determined in the training set. (A) Boxplots represent
the level of different types of immune infiltrating cells in high- and
low- risk group. (B-F) the correlation between the risk score and immune
infiltrating cells was further examined by Spearman correlation analysis.
*p < 0.05, ***p < 0.001.
Additional file 7: Figure S7. Kaplan-Meier curves of the prognostic pyroptosis-related genes in the training set. The survival curves of
NLRP1 (A), NLRP2 (B), GSDMC (C), IL18 (D), CASP4 (E).
Additional file 8: Figure S8. Restoration of GSDMC rescued the inhibition
of cell proliferation, migration and invasion induced by GSDMC silencing.
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(A) PANC-1 (left panel) and CFPAC-1 (right panel) cells were subjected to
immunoblotting as indicated. (B, C) Cell growth of PANC-1 cells (B) and
CFPAC-1 cells (C) were measured by CCK-8 assay. *P < 0.05, **P < 0.01 by
two-way ANOVA. (D, F) Clone formation of PANC-1 cells (D) and CFPAC-1
cells (F) were measured as indicated. *P < 0.05, **P < 0.01 by one-way
ANOVA. (E, H) Representative image of Edu staining and quantitative
analysis of Edu staining in PANC-1 cells (E) and CFPAC-1 cells (H). *P < 0.05,
**P < 0.01, ***P < 0.001 by one-way ANOVA. (G, I) Cell invasion of indicated
PANC-1 cells (G) and CFPAC-1 cells (I) was measured by trans-well assay.
**P < 0.01, ***P < 0.001 by one-way ANOVA. (J, K) Cell migration of PANC-1
cells (J) and CFPAC-1 cells (K) was measured by wound-healing assay as
indicated. *P < 0.05, **P < 0.01, ***P < 0.001 by one-way ANOVA.
Additional file 9: Figure S9. Overexpression GSDMC promotes cell
proliferation and invasion in PAAD. (A)PANC-1 (left panel) and CFPAC-1
(right panel) cells were subjected to immunoblotting as indicated. (B, C)
Cell growth of PANC-1 cells (B) and CFPAC-1 cells (C) were measured by
CCK-8 assay. *P < 0.05, **P < 0.01 by two-way ANOVA. (D, F) Clone formation of PANC-1 cells (D) and CFPAC-1 cells (F) were measured as indicated
***P < 0.001 by a two-tailed unpaired t-test. (E, H) Representative image of
Edu staining and quantitative analysis of Edu staining in PANC-1 cells (E)
and CFPAC-1 cells (H). **P < 0.01 by a two-tailed unpaired t-test. (G, I) Cell
invasion of indicated PANC-1 cells (G) and CFPAC-1 cells (I) was measured
by trans-well assay. *P < 0.05, ***P < 0.001 by a two-tailed unpaired
t-test. (J, K) Cell migration of PANC-1 cells (J) and CFPAC-1 cells (K) was
measured by wound-healing assay as indicated. *P < 0.05 by a two-tailed
unpaired t-test.
Additional file 10: Figure S10. A.443654 inhibits the cell proliferation of
PAAD. (A) Cell viability of PANC-1 cell line treated with DMSO and 50 nM
A.443654, respectively. *P < 0.05, **P < 0.01 by a two-tailed unpaired
t-test. (B) Colony formation assay of PANC-1 cells treated with DMSO and
50 nM A.443654, respectively. **P < 0.01 by a two-tailed unpaired t-test.
(C) Edu assay of PANC-1 cells treated with DMSO and 50 nM A.443654,
respectively. *P < 0.05 by a two-tailed unpaired t-test. (D) Representative
cell-cycle analysis of PANC-1 cells treated with DMSO and 50 nM A.443654,
respectively. (E) Quantification of cell-cycle results in PANC-1 cells.
**P < 0.01, ***P < 0.001 by a two-tailed unpaired t-test.
Additional file 11: Drugs with significant differences in IC50 values
between high-risk and low-risk groups.
Acknowledgements
The authors thank participants and staff of Xinxiang University for their
contributions.
Author contributions
FL and YN performed the data analyses and wrote the manuscript. CY contributed to the conception of the study and data analysis. WZ and LM contributed
to perform the data analysis. All authors have read and approved the final
manuscript.
Funding
The Key Scientific Research Projects of Henan Colleges and Universities (Grant
No. 21A310008) and Natural Science Foundation for Young Scientists of Henan
Province, China (Grant No. 222300420261).
Availability of data and materials
All data and R script in this study are available from the corresponding author
upon reasonable request. All authors read and approved the final manuscript.
Publicly available datasets were analyzed in this study, these can be found in
The Cancer Genome Atlas (https://portal.gdc.cancer.gov/), Genotype-Tissue
Expression (https://www.gtexportal.org/home/), and Gene Expression Omnibus (GSE71729, GSE57495).

Declarations
Ethics approval and consent to participate
Not applicable.

Yan et al. Journal of Translational Medicine

(2022) 20:455

Consent for publication
Not applicable.
Competing interests
The authors declare that they have no competing interests.
Received: 14 July 2022 Accepted: 7 September 2022

References
1. Sung H, Ferlay J, Siegel RL, Laversanne M, Soerjomataram I, Jemal A, Bray
F. Global cancer statistics 2020: GLOBOCAN estimates of incidence and
mortality worldwide for 36 cancers in 185 countries. CA Cancer J Clin.
2021;71(3):209–49.
2. Tamburrino A, Piro G, Carbone C, Tortora G, Melisi D. Mechanisms of
resistance to chemotherapeutic and anti-angiogenic drugs as novel
targets for pancreatic cancer therapy. Front Pharmacol. 2013;4:56.
3. Vincent A, Herman J, Schulick R, Hruban RH, Goggins M. Pancreatic
cancer. The Lancet. 2011;378(9791):607–20.
4. Seiler C, Gillen S, Schuster T, Meyer Zum Büschenfelde C, Friess H, Kleeff
J. Preoperative/neoadjuvant therapy in pancreatic cancer: a systematic
review and meta-analysis of response and resection percentages. PLoS
Med. 2010;7(4): e1000267.
5. Martinon F, Tschopp J. Inflammatory caspases and inflammasomes:
master switches of inflammation. Cell Death Differ. 2007;14(1):10–22.
6. Bergsbaken T, Fink SL, Cookson BT. Pyroptosis: host cell death and
inflammation. Nat Rev Microbiol. 2009;7(2):99–109.
7. Martinon F, Mayor A, Tschopp J. The inflammasomes: guardians of the
body. Annu Rev Immunol. 2009;27:229–65.
8. Zhang H, Li L, Liu L. FcgammaRI (CD64) contributes to the severity of
immune inflammation through regulating NF-kappaB/NLRP3 inflammasome pathway. Life Sci. 2018;207:296–303.
9. Hoseini Z, Sepahvand F, Rashidi B, Sahebkar A, Masoudifar A, Mirzaei H.
NLRP3 inflammasome: its regulation and involvement in atherosclerosis. J Cell Physiol. 2018;233(3):2116–32.
10. So D, Shin HW, Kim J, Lee M, Myeong J, Chun YS, Park JW. Cervical
cancer is addicted to SIRT1 disarming the AIM2 antiviral defense.
Oncogene. 2018;37(38):5191–204.
11. Kolb R, Liu GH, Janowski AM, Sutterwala FS, Zhang W. Inflammasomes
in cancer: a double-edged sword. Protein Cell. 2014;5(1):12–20.
12. Janowski AM, Kolb R, Zhang W, Sutterwala FS. Beneficial and detrimental roles of NLRs in carcinogenesis. Front Immunol. 2013;4:370.
13. Leek JT, Johnson WE, Parker HS, Jaffe AE, Storey JD. The sva package for
removing batch effects and other unwanted variation in high-throughput experiments. Bioinformatics. 2012;28(6):882–3.
14. Sheng H, Hao Z, Zhu L, Zeng Y, He J. Construction and validation of a
two-gene signature based on SUMOylation regulatory genes in nonsmall cell lung cancer patients. BMC Cancer. 2022;22(1):572.
15. Zhou L, Li SH, Wu Y, Xin L. Establishment of a prognostic model of
four genes in gastric cancer based on multiple data sets. Cancer Med.
2021;10(10):3309–22.
16. Zheng X, Zeng D, Peng W, Li P, Li L, Gao X, Zhou Z, Bai J, Li J, Ding J.
Interaction between CAF and CD8+ T cells in non-small cell lung
cancer affects prognosis and efficacy of immunotherapy. J Clin Oncol.
2020. https://doi.org/10.1200/JCO.2020.38.15_suppl.9536.
17. Chen X, He WT, Hu L, Li J, Fang Y, Wang X, Xu X, Wang Z, Huang K,
Han J. Pyroptosis is driven by non-selective gasdermin-D pore and its
morphology is different from MLKL channel-mediated necroptosis. Cell
Res. 2016;26(9):1007–20.
18. Fink SL, Cookson BT. Apoptosis, pyroptosis, and necrosis: mechanistic description of dead and dying eukaryotic cells. Infect Immun.
2005;73(4):1907–16.
19. Huang Y, Zhang Q, Lubas M, Yuan Y, Yalcin F, Efe IE, Xia P, Motta E, Buonfiglioli A, Lehnardt S, et al. Synergistic toll-like receptor 3/9 signaling
affects properties and impairs glioma-promoting activity of microglia. J
Neurosci. 2020;40(33):6428–43.
20. Ruan J, Wang S, Wang J. Mechanism and regulation of pyroptosismediated in cancer cell death. Chem Biol Interact. 2020;323: 109052.

Page 18 of 19

21. Ge JN, Yan D, Ge CL, Wei MJ. LncRNA C9orf139 can regulate the growth
of pancreatic cancer by mediating the miR-663a/Sox12 axis. World J
Gastrointest Oncol. 2020;12(11):1272–87.
22. Higuchi T, Yokobori T, Naito T, Kakinuma C, Hagiwara S, Nishiyama
M, Asao T. Investigation into metastatic processes and the therapeutic effects of gemcitabine on human pancreatic cancer using
an orthotopic SUIT-2 pancreatic cancer mouse model. Oncol Lett.
2018;15(3):3091–9.
23. Kong L, Liu P, Fei X, Wu T, Wang Z, Zhang B, Li J, Tan X. A prognostic
prediction model developed based on four CpG sites and weighted
correlation network analysis identified DNAJB1 as a novel biomarker
for pancreatic cancer. Front Oncol. 2020;10:1716.
24. Ma Q, Wu X, Wu J, Liang Z, Liu T. SERP1 is a novel marker of poor prognosis in pancreatic ductal adenocarcinoma patients via anti-apoptosis
and regulating SRPRB/NF-kappaB axis. Int J Oncol. 2017;51(4):1104–14.
25. Wang H, Wang X, Xu L, Lin Y, Zhang J, Cao H. Identification of genomic
alterations and associated transcriptomic profiling reveal the prognostic significance of MMP14 and PKM2 in patients with pancreatic cancer.
Aging (Albany NY). 2020;12(18):18676–92.
26. de Campos BO, Fischer RG, Gustafsson A, Figueredo CM. Effectiveness
of non-surgical treatment to reduce il-18 levels in the gingival crevicular
fluid of patients with periodontal disease. Braz Dent J. 2012;23(4):428–32.
27. Terkeltaub R, Zachariae C, Santoro D, Martin J, Peveri P, Matsushima
K. Monocyte-derived neutrophil chemotactic factor/interleukin-8 is a
potential mediator of crystal-induced inflammation. Arthritis Rheum.
1991;34(7):894–903.
28. Brennan FM, Zachariae CO, Chantry D, Larsen CG, Turner M, Maini RN,
Matsushima K, Feldmann M. Detection of interleukin 8 biological activity
in synovial fluids from patients with rheumatoid arthritis and production of interleukin 8 mRNA by isolated synovial cells. Eur J Immunol.
1990;20(9):2141–4.
29. McIlwain DR, Berger T, Mak TW. Caspase functions in cell death and
disease. Cold Spring Harb Perspect Biol. 2015;7(4): a026716.
30. Shibamoto M, Hirata H, Eguchi H, Sawada G, Sakai N, Kajiyama Y, Mimori
K. The loss of CASP4 expression is associated with poor prognosis in
esophageal squamous cell carcinoma. Oncol Lett. 2017;13(3):1761–6.
31. Griswold AR, Huang HC, Bachovchin DA. The NLRP1 inflammasome
induces pyroptosis in human corneal epithelial cells. Invest Ophthalmol
Vis Sci. 2022;63(3):2.
32. Rossi MN, Pascarella A, Licursi V, Caiello I, Taranta A, Rega LR, Levtchenko
E, Emma F, De Benedetti F, Prencipe G. NLRP2 regulates proinflammatory
and antiapoptotic responses in proximal tubular epithelial cells. Front Cell
Dev Biol. 2019;7:252.
33. Yatim N, Cullen S, Albert ML. Dying cells actively regulate adaptive
immune responses. Nat Rev Immunol. 2017;17(4):262–75.
34. Maltez VI, Tubbs AL, Cook KD, Aachoui Y, Falcone EL, Holland SM, Whitmire JK, Miao EA. Inflammasomes coordinate pyroptosis and natural
killer cell cytotoxicity to clear infection by a ubiquitous environmental
bacterium. Immunity. 2015;43(5):987–97.
35. Watabe K, Ito A, Asada H, Endo Y, Kobayashi T, Nakamoto K, Itami S, Takao
S, Shinomura Y, Aikou T, et al. Structure, expression and chromosome
mapping of MLZE, a novel gene which is preferentially expressed in
metastatic melanoma cells. Jpn J Cancer Res. 2001;92(2):140–51.
36. Saeki N, Usui T, Aoyagi K, Kim DH, Sato M, Mabuchi T, Yanagihara K,
Ogawa K, Sakamoto H, Yoshida T, et al. Distinctive expression and function of four GSDM family genes (GSDMA-D) in normal and malignant
upper gastrointestinal epithelium. Genes Chromosomes Cancer.
2009;48(3):261–71.
37. Wei J, Xu Z, Chen X, Wang X, Zeng S, Qian L, Yang X, Ou C, Lin W,
Gong Z, et al. Overexpression of GSDMC is a prognostic factor for
predicting a poor outcome in lung adenocarcinoma. Mol Med Rep.
2020;21(1):360–70.
38. Cheng X, Zhao G, Zhao Y. Combination immunotherapy approaches
for pancreatic cancer treatment. Can J Gastroenterol Hepatol.
2018;2018:6240467.
39. Yoon JH, Jung YJ, Moon SH. Immunotherapy for pancreatic cancer. World
J Clin Cases. 2021;9(13):2969–82.
40. Mellman I, Coukos G, Dranoff G. Cancer immunotherapy comes of age.
Nature. 2011;480(7378):480–9.
41. Winter H, van den Engel NK, Ruttinger D, Schmidt J, Schiller M, Poehlein
CH, Lohe F, Fox BA, Jauch KW, Hatz RA, et al. Therapeutic T cells induce

Yan et al. Journal of Translational Medicine

42.
43.

44.
45.
46.
47.

48.
49.

50.
51.
52.

53.

54.

(2022) 20:455

Page 19 of 19

tumor-directed chemotaxis of innate immune cells through tumorspecific secretion of chemokines and stimulation of B16BL6 melanoma to
secrete chemokines. J Transl Med. 2007;5:56.
Schumacher K, Haensch W, Roefzaad C, Schlag PM. Prognostic significance of activated CD8(+) T cell infiltrations within esophageal carcinomas. Cancer Res. 2001;61(10):3932–6.
Hiraoka K, Miyamoto M, Cho Y, Suzuoki M, Oshikiri T, Nakakubo Y, Itoh
T, Ohbuchi T, Kondo S, Katoh H. Concurrent infiltration by CD8+ T cells
and CD4+ T cells is a favourable prognostic factor in non-small-cell lung
carcinoma. Br J Cancer. 2006;94(2):275–80.
Wang Z, Zhao J, Zhao H, Liu Z, Zhang Y, Liu X, Wang F. Infiltrating CD4/
CD8 high T cells shows good prognostic impact in pancreatic cancer. Int
J Clin Exp Pathol. 2017;10(8):8820–8.
Ju MJ, Qiu SJ, Gao Q, Fan J, Cai MY, Li YW, Tang ZY. Combination of peritumoral mast cells and T-regulatory cells predicts prognosis of hepatocellular carcinoma. Cancer Sci. 2009;100(7):1267–74.
Zhang H, Sun L, Hu X. Mast cells resting-related prognostic signature in
hepatocellular carcinoma. J Oncol. 2021;2021:4614257.
Gandelman M, Dansithong W, Kales SC, Paul S, Maag G, Aoyama E,
Zakharov A, Rai G, Dexheimer T, Whitehill BM, et al. The AKT modulator
A-443654 reduces alpha-synuclein expression and normalizes ER stress
and autophagy. J Biol Chem. 2021;297(4): 101191.
Luo Y, Shoemaker AR, Liu X, Woods KW, Thomas SA, de Jong R, Han EK, Li
T, Stoll VS, Powlas JA, et al. Potent and selective inhibitors of Akt kinases
slow the progress of tumors in vivo. Mol Cancer Ther. 2005;4(6):977–86.
de Frias M, Iglesias-Serret D, Cosialls AM, Coll-Mulet L, Santidrián AF,
González-Gironès DM, de la Banda E, Pons G, Gil J. Akt inhibitors induce
apoptosis in chronic lymphocytic leukemia cells. Haematologica.
2009;94(12):1698.
Lee SR, Park JH, Park EK, Chung CH, Kang SS, Bang OS. Akt-induced
promotion of cell-cycle progression at G2/M phase involves upregulation
of NF-Y binding activity in PC12 cells. J Cell Physiol. 2005;205(2):270–7.
Anreddy N, Patel A, Sodani K, Kathawala RJ, Chen EP, Wurpel JN, Chen ZS.
PD173074, a selective FGFR inhibitor, reverses MRP7 (ABCC10)-mediated
MDR. Acta Pharm Sin B. 2014;4(3):202–7.
Nguyen P, Tsunematsu T, Yanagisawa S, Kudo Y, Miyauchi M, Kamata N,
Takata T. The FGFR1 inhibitor PD173074 induces mesenchymal–epithelial transition through the transcription factor AP-1. Br J Cancer.
2013;109(8):2248–58.
Ballatore C, Brunden KR, Huryn DM, Trojanowski JQ, Lee VM, Smith AB.
Microtubule stabilizing agents as potential treatment for Alzheimer’s
disease and related neurodegenerative tauopathies. J Med Chem. 2012.
https://doi.org/10.1021/jm301079z.
Ye M, Huang W, Liu R, Kong Y, Liu Y, Chen X, Xu J. Synergistic activity of
the HSP90 inhibitor ganetespib with lapatinib reverses acquired lapatinib
resistance in HER2-positive breast cancer cells. Front Pharmacol. 2021;12:
651516.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Ready to submit your research ? Choose BMC and benefit from:

• fast, convenient online submission
• thorough peer review by experienced researchers in your field
• rapid publication on acceptance
• support for research data, including large and complex data types
• gold Open Access which fosters wider collaboration and increased citations
• maximum visibility for your research: over 100M website views per year
At BMC, research is always in progress.
Learn more biomedcentral.com/submissions

