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Background: Pancreatic ductal adenocarcinoma (PDAC) is one of the deadliest malignant tumors worldwide and has poor prognosis. DEAD box proteins31 (DDX31) participate in cellular processes involving RNA secondary structure changes. However, the functions of DDX31 in PDAC remain to be elucidated.
Methods: The key gene DDX31 was identified using a combination of a risk model and weighted gene co-expression network analysis (WGCNA) with R software. The biological functions of DDX31 in PDAC were investigated through bioinformatics analysis and in vitro experiments.
Results: Combining with WGCNA and risk model, DDX31 was identified as a potential factor of the invasive metastasis properties of PDAC, and its expression was closely related to the malignant differentiation of PDAC. The results of gene set enrichment analysis (GSEA) showed that DDX31 was correlated with cell invasive metastasis and proliferation by activating MAPK signaling pathway. The inhibition of DDX31 inhibited the invasion and migration of PDAC cells. Survival analysis showed that DDX31 expression was negatively associated with the poor prognosis in patients with PDAC.
Interpretation: DDX31 may be a potential factor for PDAC. The inhibition of DDX31 may be a potential way to treat PDAC.
Keywords: PDAC, risk model, WGCNA, DDX31, invasive metastasis, proliferation
RESEARCH IN CONTEXT
Evidence Before This Study
Pancreatic ductal adenocarcinoma (PDAC) is one of the deadliest malignant tumors worldwide and has poor prognosis. New biomarkers can highlight biological differences among PDAC samples and help predict survival outcomes. However, new biomarkers with high sensitivity and specificity have not been discovered to date. Although various potential biomarkers of PDAC have been predicted using bioinformatics methods, they have not been identified in large samples. DDX31, a member of the DEAD box protein family, participates in cellular processes involving RNA secondary structure changes. However, the functions of DDX31 in PDAC remain to be elucidated.
Added Value of This Study
The key gene DDX31 was identified by using a combination of a risk model and weighted gene co-expression network analysis. The biological functions of DDX31 in PDAC were investigated through bioinformatics analysis and in vitro experiments. The results of gene set enrichment analysis showed that DDX31 was correlated with cell invasive metastasis and proliferation. We found that the inhibition of DDX31 inhibited the invasive migration of PDAC cells. Survival analysis showed that DDX31 overexpression predicted poor prognosis in patients with PDAC.
Implications of All Available Evidence
The findings of our research indicate that DDX31 may be a potential prognostic biomarker for PDAC. The inhibition of DDX31 may be a potential way to treat PDAC. Combining DDX31 with other well-known biomarkers could be used to predict functional outcomes in patients with PDAC.
INTRODUCTION
The 5-year survival rate of pancreatic cancer (PC) is less than 8%. It is difficult to diagnose early and treat because of its high malignancy (Balachandran et al., 2019; Klein, 2021; Neoptolemos et al., 2021). The most common type of PC is pancreatic ductal adenocarcinoma (PDAC), which accounts for >90% of exocrine PC (Fenocchio et al., 2019). Most patients with PDAC present with metastasis when diagnosed and have lost the chance to receive radical surgery treatments. However, PDAC is not sensitive to chemotherapy and radiation therapy (Anderson et al., 2021). As is well known, PDAC is a genetic disease with a large number of genetic alterations (Hayashi et al., 2021; Singhi and Wood, 2021). Thus, effective biomarkers for early diagnosis and new therapeutic targets in PC are urgently needed. Cellular proliferation and invasive metastasis are known to contribute to cancer progression, metastasis, and other malignant behaviors (Thiery et al., 2009). DDX31, a member of the Asp–Glu– Ala–Asp (DEAD) box RNA helicase (DDX) family, was first identified as an RNA helicase correlated with RNA metabolism. The critical functions of DDX family members in bacteria and archaea have been revealed in previous studies (Linder and Jankowsky, 2011). Parts of DDX family members can bind to other important nuclear proteins via the ATP-dependent pathway to form large complexes and then perform additional functions in the cytoplasm and nucleus (Jankowsky, 2011). Elevated expression of some DDX family members has been found in some types of cancer in previous studies (Abdelhaleem, 2004). Some of them play an important role in the development of cancer including promoting cancer cell proliferation, invasion, and other tumor malignant biological behaviors. Recently, DDX31 was found to perform important functions in promoting invasion and migration in muscle-invasive bladder cancer (Daizumoto et al., 2018). In recent years, extensive research has been carried out on EMT-related signaling pathways and signal targets such as transforming growth factor (TGF)/SMADs, Ras/ERK1/2, Wnt/β-catenin, aiming to find the molecular mechanism of inhibiting or reversing EMT in tumor cells, so as to develop targeted drugs for controlling tumor invasion and metastasis (Sun et al., 2015). In our study, we analyzed differentially expressed genes (DEGs) and used a combination of a risk prediction model and weighted gene co-expression network analysis (WGCNA) to identify the key functional gene, DDX31. Through comprehensive analysis and in vitro and in vivo experiments, we first reveal its clinical significance and properties in promoting tumorigenesis and invasive metastasis in PDAC.
In our study, we analyzed differentially expressed genes (DEGs) and used a combination of a risk prediction model and weighted gene co-expression network analysis (WGCNA) to identify the key functional gene, DDX31. Through comprehensive analysis and in vitro and in vivo experiments, we first reveal its clinical significance and properties in promoting tumorigenesis and invasive metastasis in PDAC.
MATERIALS AND METHODS
Data Download and Data Preprocessing
The 3-level mRNA expression data and corresponding phenotypic data of 160 primary PC specimens were downloaded from TCGA database. Gene expression was transformed by log2 (normalized RSEM count 1). Standardized RNA data for GSE129455 and GSE62452, GSE102238 come from the GEO database. GSE129455 contains 7500 cells of four KPC mouse samples (Elyada et al., 2019), GSE62452 contains 69 PDAC samples (Yang et al., 2016), and GSE102238 contains 50 PDAC samples (Yang et al., 2020). The GSE62452 and GSE102238 datasets were used as validation sets. Quality control was implemented using the relative expression (RLE) and standardized scale-free standard error (NUSE) in the affyPLM package provided by Bioconductor (Wang et al., 2021).
Screening of DEGs
DEGs were screened by limma (Ritchie et al., 2015) package. TCGA and GEO datasets contained DEGs of metastatic and non-metastatic patients as well as cancer and normal tissues. The results were displayed by volcano plot, which were drawn using ggplot2 (Ito and Murphy, 2013).
Functional Enrichment Analysis
The clusterProfile (Yu et al., 2012) package was used to perform Gene Ontology (GO) enrichment analysis, including biological processes (BPs), molecular functions (MFs), and cellular components (CCs), and Kyoto Encyclopedia of Genes and Genomes (KEGG) (Kanehisa and Goto, 2000) enrichment analysis. An adjusted p value <0.05 was considered statistically significant. GSEA local software was used for enrichment analysis and visualization. The threshold of gene set enrichment analysis (GSEA) (Subramanian et al., 2005) was set to adjusted p value <0.05 and FDR <0.25 after correction. “c2. cp. kegg. v7.0. symbols. gmt” was selected as in review the reference gene set.
Lasso-Cox regression analysis was conducted using glmnet (Friedman et al., 2010) package. The expression of the selected genes was combined with multivariate Cox regression coefficient to establish a prognostic model. The risk score of each patient is equal to the sum of gene expression and regression coefficient. The median risk score was used as the threshold to evaluate the model’s prediction effect to stratified PC patients. Patients with a risk score higher than the threshold were assigned to the high-risk group, and the rest were assigned to the low-risk group. Log-rank test was used to evaluate the difference of survival rate between the two groups. In addition, on the basis of the increase in risk value, the distribution of patients’ death events is shown by the point diagram. The heat map was used to observe the expression distribution of each characteristic gene in two different risk groups. The time-dependent receiver operating characteristic (ROC) curve was used to evaluate the risk score, and the specificity and sensitivity of predicting the survival rate of PC in 1-, 3-, and 5-year follow-up were observed. TNM staging (III–IV/I–II) and histological grade (4/3/2/1) were transformed into classification variables. The clinical features and risk scores of PDAC patients in TCGA cohort were analyzed by univariate and multivariate Cox regression analysis. The clinical features and risk scores were used to establish a nomogram model. The calibration analysis (Guy et al., 2019) was performed aligned with nomogram. Decision curve analysis (DCA) (Van Calster et al., 2018) was conducted to verify the risk model.
Weighted Gene Co-Expression Network Analysis
WGCNA (Guy et al., 2019) was conducted using the WGCNA package. It is a systematic way for effectively acquiring the expression patterns of multiple genes in different samples, which can obtain a gene cluster with the same expression pattern.
Human Tissue Specimens and Immunohistochemical Analysis
We were allowed by the Ethics Committee of Tianjin Cancer Institute and Hospital (Tianjin, China) to acquire the paraffin sections of four patients. A total of 86 patients received radical pancreaticoduodenectomy from January 2017 to September 2020. We randomly selected clinical patients who had been diagnosed as TNM3, TNM2, and TNM1. IHC of DDX31 was performed on tumor tissues of patients and matched normal pancreas tissues. Fourteen cases of fresh clinical tumor and normal pancreas tissue samples were collected to identify the expression of DDX31 by Western blot analysis. IHC analysis of the PDAC tissue for DDX31 (NOVUS; NBP1-21322, 1:400) was performed using a DAB substrate kit (ORIGENE, ZLI-9019). Three representative images of PC tissues IHC stain (100×, 200× magnification) and representative paired normal and tumor tissues IHC stain (100×, 200× magnification) were evaluated under a light microscope.
Cell Culture and Reagents
Human PC cell lines (BxPC-3, MIA-PaCa2, SW 1990, and L3.7) were purchased from the ATCC (Rockville, MD). All PC cell lines were cultured in a 5% CO2 incubator at 37°C. PC cell lines were cultured in RPMI-1640 medium and DMEM (GIBCO) with 10% fetal bovine serum (FBS).
Plasmid Construction and Cell Transfection
DDX31 overexpression in PC cell lines and lentivirus-mediated plasmid was conducted using the pCDH-cDNA system (Biosettia) following the manufacturer’s instructions. Lentiviruses were produced in 293T cells for the stable transfection of cell lines. Human DDX31 cDNA was cloned into a pCDH plasmid expression vector (pCDH-DDX31), and the pCDH vector was used as the control. Stable cell lines were generated using puromycin. The overexpression efficiency was confirmed by Western blot analysis. Stable knockdown PC cell lines and shRNA were designed using http://biosettia.com/support/shrna-designer. PLVi-shRNA-bsd vectors were purchased from Biasatti. Three shRNA sequences for DDX31 were synthesized and cloned into the plasmid. Detailed information of the shRNA sequence for DDX31 is listed in Supplementary Table S1. The most effective one was used for the next experiments. The most effective shRNA was identified by Western blot analysis.
Animal Studies in the Subcutaneous PC Mouse Model
Five-week-old female nude NU/NU mice were purchased from SiPeiFu Biotechnology Co. All mice were maintained in a barrier facility on HEPA-filtered racks. All animal studies were conducted under an approved protocol (Zhao et al., 2020). Tumor cells were harvested by trypsinization, washed with ice PBS, and resuspended at 1 × 107 cells per milliliter in PBS. Subsequently, 1 × 106 cells were used to establish every subcutaneous xenotransplant tumor model of human PC in nude mice. In the log phase, BxPC-3 was implanted subcutaneously in nude mice and observed three times a week.
Statistical Analysis
Statistical analysis was performed with GraphPad Prism version 8.0 (San Diego, CA, United States), R software 3.4.0.3, and SPSS version 26.0 (IBM SPSS, Armonk, NY, United States). Lasso-Cox regression analysis was performed using the R software package glmnet. In addition, the survdiff (Tan et al., 2020) function in the survival package was used for the logarithmic rank test. Time-dependent ROC was analyzed by timeROC (Blanche et al., 2013) package. Volcano plot was drawn with ggplot2 package. The establishment and application of line graph were realized with package rms (Sheng Zhang et al., 2019). The enrichment analysis was conducted with the R package cluster filer. Each experiment was conducted in triplicate, and data were presented as the mean ± SD unless otherwise stated. The variance between groups was statistically compared. Student’s t-test was conducted to compare mean values. Correlations between DDX31 expression level and patients’ survival time after surgery were determined by Kaplan–Meier method. The categorical data were analyzed by Chi-square test. *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001 indicated significant differences, and NS meant nonsignificant.
RESULTS
Identification of DEGs and Functional Enrichment Analysis
Workflow of identification of DEGs among the sequencing data of TCGA, KPC-scRNAseq, and GSE36668 in PC was shown in Figure 1A. The concrete work flowchart was presented in Supplementary Figure S1. TCGA and GSE36668 datasets were divided into “with metastasis” and “without metastasis” group; KPC mouse single-cell transcriptome sequencing datasets were divided into “ductal cells” and “normal cells” group; The flowchart showed our study aimed to screen the differentially expressed genes based on screening conditions that are highly expressed and prone to metastasis in cancer. The intersection of upregulated DEGs among the sequencing data of TCGA, KPC-scRNAseq, and GSE36668 in PC was composed of 109 genes (Figure 1B), and the DEGs are shown in the volcano plot in Supplementary Figures S2A–C. The unsupervised clustering viable cells from KPC-scRNAseq were presented in Supplementary Figures S2D,E. All the differentially expressed genes were showed in Supplementary Table S1, and the results indicated that 104 genes such as ADAMTS2, BIRC5, MYC, ID1, VIM, CDH2, SMAD7, AXIN2, FAP, CAP1, SNAI1, CD59, ANXA8, YAP1, DUSP4, SOX2, KRT9, KRT13 et al. were enriched in “metastasis group” and had high expression in pancreatic ductal adenocarcinoma. Part of these genes have been reported in basic studies of pancreatic cancer and are closely related to the invasion and metastasis of pancreatic cancer according to the literature, including MYC (Sodir et al., 2020), CDH2 (Shintani et al., 2008), SNAI1 (Dai et al., 2017), YAP1, SOX2 (Zhang et al., 2017). Besides, these genes, ADAMTS2 (Dey et al., 2020), KRT9 (Andolino et al., 2018), KRT13 (Nguyen et al., 2021), LY6D (Barros-Silva et al., 2018), had been reported in a variety of cancers. GO enrichment analysis (Table 1) was performed on the intersections. The results showed that the upregulated DEGs were mainly enriched in BPs, such as Cadherin Binding involved in cell-cell Adhesion, Ephrin Receptor Binding, and Proline-Rich Region Binding, and CCs, such as tight junctions, Dendritic Shaft, and Cell-Cell Junction. Moreover, they mainly play the molecular function (MF) of Negative Regulation of transferase Activity and Regulation of Protein Tyrosine Kinase Activity (Figures 1C,D).
[image: Figure 1]FIGURE 1 | DEG screening and functional enrichment analysis. (A): Workflow of DEG screening. Group 1 represents TCGA sample screening (divided into “with metastasis” and “without metastasis” group), group 2 represents KPC mouse single-cell transcriptome sequencing (divided into “ductal cells” and “normal cells” group), and group 3 represents GEO data sample (divided into “with metastasis” and “without metastasis” group). (B): Concomitant upregulated DEGs in group 1, group 2, and group 3. Red indicates group 1, blue indicates group 2, and yellow indicates group 3. (C): GO analysis of upregulated DEGs. Green represents BP, red represents CC, and blue represents MF. Adjusted p < .05. (D): Network diagram of GO analysis of upregulated DEGs. The red dots represent the interacting genes, and the blue dots represent the ID of the pathway, and the number of genes is represented by the size of the circle. DEGs: differentially expressed genes.
TABLE 1 | Relationships of DDX31 expression and clinicopathological characteristics in 86 patients with PC.
[image: Table 1]Lasso-Cox Analysis Screening Key Target Genes
Lasso is another data dimensionality reduction method, which is not only suitable for linear cases, but also suitable for nonlinear cases. Lasso selects the variables of sample data based on the penalty method. By compressing the original coefficients, the originally small coefficients are directly compressed to 0, so that the variables corresponding to these coefficients are regarded as non significant variables and the non-significant variables are directly discarded. In our study, Lasso-Cox regression analysis was conducted on the selected DEGs according to the coefficients and log(λ) value. Four variables (including CAP1, CD59, YAP1, and DDX31) were screened through the change of regression parameters and the final regression to zero variables (Figures 2A,B). Lasso regression showed that the four variables contributed significantly to the penalty coefficient of pancreatic cancer patients’ outcomes, which could be used as candidate variables for further analysis. In order to further determine whether these four variables affect the survival of patients with pancreatic cancer, univariate cox regression analysis and multivariate cox regression analysis were conducted on these four variables and clinical factors (Figure 2C). These clinical factors contained T stage (T3&T4 vs T1&T2), N stage (N1 vs N0) and M stage (M1 vs M0), which were often used to reflect important clinical risk level for tumor progression. The results were summarily displayed in the forest plot, including CAP1 (HR = 1.526, p = 0.049), CD59 (HR = 1.758, p = 0.009), DDX31 (HR = 1.517, p = 0.048), YAP1 (HR = 1.904, p = 0.003), T stage (HR = 2.023, p = 0.002), N stage (HR = 1.957, p = 0.003), and M stage (HR = 0.756, p = 0.701) in univariate analysis and YAP1 (HR = 1.831, p = 0.005), CD59 (HR = 1.669, p = 0.024), DDX31 (HR = 1.229, p = 0.0453) T stage (HR = 1.280, p = 0.0466), and N stage (HR = 1.580, p = 0.041) in multivariate analysis (Figure 2C). The T, N, M stage can reflect the ability of tumor invasion and metastasis, progression and survival of patients. It is commonly used to assess the survival status of cancer patients. Thus, we found that these four parameters combined with T, N, M staging may be a pathogenic factor in pancreatic cancer. Therefore, we used these four variables to jointly construct a prediction model to assess the invasion and metastasis and survival status of patients with pancreatic cancer.
[image: Figure 2]FIGURE 2 | Screening of prognostic genes with Lasso regression analysis. (A): Lasso-Cox regression confirmed the regression coefficients of each gene. Lasso method can achieve the effect of variable selection, the insignificant variable coefficient compressed to 0; With the increase of lambda, its absolute value is compressed accordingly, and some relatively unimportant variables are compressed to 0. The ordinate represents the regression coefficient, The horizontal coordinate represents the log λ value; (B): Identifying the suitable parameter (λ). Fit curve is a curve that matches the lasso regression to show the appropriate log λ value. The log λ value of the range of the two straight lines in the middle perpendicular to the X axis is the optimal log λ value range. (C): Forest diagram showing the selected variables with univariate and multivariate cox regression analysis. The selected variables contained DDX31, CAP1, CD59, YAP1; The common clinical staging parameters such as T, N, M staging were included in multivariate Cox regression analysis. P value less than .05 is considered to be statistically significant, and HR > 1 has the significance of promoting risk; HR < 1 has the significance of inhibiting risk.
We still found in the analysis results that a small number of patients with high expression of DDX31 had HR less than 1 (DDX31′s HR value partially crossed 1), but the analysis results of most patients showed that it might be a risk factor of pancreatic cancer patients. But we still need to explore the reasons for its low risk in subsequent experiments.
Construction of the Risk Prediction Model With CAP1, CD59, YAP1 and DDX31
A metastasis-related prognostic model was constructed on the basis of the four selected prognostic genes (CAP1, CD59, YAP1, DDX31). In our model, the probability of survival of patients was positively correlated with the risk score accompanying with the expression of CAP1, CD59, YAP1, and DDX31 (Figure 3A). the mRNA expression of CAP1, CD59, YAP1 and DDX31 was elevated obviously in high risk groups, and ultimately the high-risk group had more deaths than low-risk groups. A total of 178 PDAC samples in TCGA cohort study were used to evaluate the risk model. The results showed that the survival rate of the high-risk group was significantly poorer than that of the low-risk group (p < 0.0001), and the median survival time was significantly shortened (Figure 3B). In clinical epidemiological research, disease status and markers change over time (time-to-event outcomes). The early disease-free individuals may have a late onset due to the long follow-up time, and their markers may change from baseline during the follow-up. If the traditional ROC is used, the disease status or the time dependence of markers will be ignored. At this time, the time-dependent ROC is more appropriate. So, we performed a time-dependent ROC diagnosis and prediction analysis. We found that the 1-year survival rate prediction rate (0.602), 3-year survival rate prediction rate (0.745), and 5-year survival rate prediction rate (0.819) of the model was reliable, which were more than 0.55, further proving the effectiveness of the model (Figure 3C). In order to further evaluate the prediction performance of the risk model, we selected different clinical parameters as subgroups between high- and low-risk groups to verify the model. The median overall survival (OS) of the high-risk group was significantly shorter than that of the low-risk group in clinical stage (stage I and stage II, HR = 1.80, p = 0.007, Figure 3D), pathological stage (stage I and stage II, HR = 1.62, p = 0.026, Figure 3E), residual tumor recurrence (R0 and R1, HR = 2.22, p = 0.001, Figure 3F), and primary tumor treatment efficacy (PD and CR, HR = 1.83, p = 0.018, Figure 3G). In our model, the higher the risk score, the earlier the patient event occurred. The above results showed that we had established an effective metastasis-related model in PC. To exclude the possibility of overfitting of the model in TCGA, the risk model was verified in the GEO datasets. We analyzed the survival rate in the risk model between the high- and low-risk groups in the GEO datasets. The results showed that the probability of survival in the high-risk group was poor (HR = 2.04, p = 0.019), and the median survival time in the high-risk group was significantly shorter than that in the low-risk group (Supplementary Figure S3A). We also performed a time-dependent ROC diagnostic prediction analysis (Supplementary Figure S3B) and found that the 1-year survival rate prediction (0.661), 3-year survival rate prediction (0.703), and 5-year survival rate prediction (0.779) all had valuable predictive effects, which were greater than 0.55, indicating the effectiveness of the model. In addition, we carried out DCA (Supplementary Figure S3C) and found that the risk score has good decision-making effect. The nomogram has been regarded as a reasonable tool to create a easy intuitive graph for a statistical predictive model that quantifies the risk of a clinical event. The nomogram prediction model was also constructed (Supplementary Figure S3D) on the basis of risk factors and clinical characteristics. The 1-, 3-, and 5-year survival rate prediction of patients can match well. Furthermore, the prediction effect of the risk score was higher than that of clinical parameters, reflecting the prognostic value of the risk model. Calibration analysis was also conducted with risk scores. The results showed that the calibration of 1-, 3-, and 5-year survival corresponded to the expected prediction effect (Supplementary Figure S3E). The above results indicate that the risk model can be applied on different platforms. The percentage of copy number variation (CAP1, 4%; CD59, 4%; DDX31, 4%; YAP1, 1.8%) was calculated in TCGA samples (Supplementary Figures S4A,C). In addition, we further analyzed the clinical pathological factors and risk scores (p < .05, HR > 1) by univariate and multivariate Cox regression analysis (Supplementary Figures S3F,G), which further showed the prognostic value of the risk model.
[image: Figure 3]FIGURE 3 | Construction of the risk model. (A): Constructing the risk prediction model with prognostic genes. Red represents the high-risk group, and blue represents the low-risk group. The risk model diagram contains three parts: risk value, patient’s survival state and expression level of risk factors. The expression heat map of risk factors is below, and the risk score curve is above. (B): Survival K–M curve analysis of high- and low-risk groups. Red represents high-risk group, and blue represents low-risk group. p value less than 0.05 is considered to be statistically significant, and HR > 1 has the significance of promoting risk; HR < 1 has the significance of inhibiting risk. (C): Time-dependent ROC curve of risk scores in prediction analysis of 1-, 3-, and 5-year survival time. The ordinate represents the sensitivity, The horizontal coordinate represents the 1-specitivity; the blue curve indicates 1-survival time, the red curve indicates 3-survival time, the green curve indicates 5-survival time; (D–G): Survival K–M analysis of patients in high- and low-risk groups in subgroups of clinical stages (D), pathological grade (E), tumor recurrence (F), and primary treatment prognosis (G). P value less than .05 is considered to be statistically significant, and HR > 1 has the significance of promoting risk; HR < 1 has the significance of inhibiting risk. the blue curve indicates low-risk score, the red curve indicates high-risk score.
Function of DDX31
WGCNA is a integrated way for effectively acquiring the expression patterns of multiple genes in different samples, which can obtain a gene group with the same expression pattern. The association between modules and phenotype of samples such as clinical characteristics can be studied. A total of 170 samples with clinical characteristics were included in WGCNA (Supplementary Figure S5A). In this study, the power of β = 9 (scale-free R2 = 0.8Figure 50) was selected as the soft threshold to establish the scale-free network (Supplementary Figures S5B,C). Therefore, three co-expressed modules were identified after removing the gray modules by combined dynamic tree cutting (Supplementary Figure S5D). The TOM was mapped to 2 Figures, 544 genes selected in the analysis, indicating that each module was independently verified (Supplementary Figure S5F). We found that the blue module containing DDX31 was correlated with PDAC liver metastasis (R2 = 0.38, p = 0.04). A scatter plot was mapped between GS and MM (blue module and liver metastasis) in PDAC patients (correlation = 0.470, p = 0.70). Therefore, DDX31 was considered to be one of the, critical genes in the blue module (Figure 4A). DDX31 was identified as the common target gene between the risk model and weighted co-expressed network through Venn diagram. Then, we determined DDX31 is a prognostic target gene (Figure 4B). We compared the probability of survival between patients with high DDX31 expression and patients with low DDX31 expression. The results showed that the OS of patients with high DDX31 expression was significantly decreased, and the median survival time was significantly shortened (Figure 4C). ROC diagnostic prediction analysis (Figure 4D) was conducted, and the AUC was 0.920, indicating that DDX31 had a good predictive effect on PC metastasis. Then, 135 significant genes that were positively correlated with DDX31 were selected and shown in a volcano plot (Figure 4E). Then, we conducted GO analysis on these genes and found that they were mainly enriched in ribosome biogenesis, nuclear export, and rRNA metabolic process. These genes mainly play a critical role in the production of nuclear material components, signal transmission, and structural shape (Figure 4F). In addition, KEGG pathway enrichment analysis was performed, and the results showed that gap junction, extracellular structure organization, cell junction assembly, invasion and metastasis, and cell adhesion were significantly enriched (Figure 4G).
[image: Figure 4]FIGURE 4 | Functional analysis of target gene DDX31. (A): The blue module containing DDX31 was correlated with PDAC liver metastasis. A scatter plot was mapped between GS and MM (blue module and liver metastasis) in PDAC patients. (B): The intersected gene, DDX31, was identified between risk factors in the risk model, and genes contained in blue modules with Venn diagram. (C): Difference in survival K–M curve of DDX31 in PC. Red represents the high-expression group; blue represents the low-expression group. P value less than .05 is considered to be statistically significant, and HR > 1 has the significance of promoting risk; HR < 1 has the significance of inhibiting risk. (D): ROC prediction analysis of DDX31 in PC. AUC value is on the lower right. (E): Volcano plot of DDX31-positive related genes. (F): GO enrichment analysis of positively correlated genes with DDX31. (G): KEGG enrichment analysis of positively correlated genes with DDX31.
DDX31 Might Be a Potential Oncogene in PDAC
To our knowledge, no study has investigated the biological function of DDX31 in PDAC. To investigate the expression of DDX31 in PDAC specimens, we performed IHC analysis in 86 tumor tissues and paired normal pancreas tissues (Figures 5A,B). According to the results of IHC, 62.8% (54/86) of patients, the expression of DDX31 was higher in tumor tissues than in paired normal tissues. Interestingly, in this series of 86 patients, 16.7% (9/86) of patients, the expression of DDX31 was lower in tumor tissues than in paired normal tissues and the expression was the approximate level in normal and tumor tissues in 26.7% of (23/86) these patients. According to the results of IHC, we speculate that the reasons may be as follows : First, it may be the existence of heterogeneity among pancreatic cancer patients in our center ; furthermore, there may be some possible copy number variations in this part of the patients resulting in a decline in their expression levels. Moreover, of these tissues, 14 paired fresh tumor tissues and normal pancreatic tissues were selected randomly to perform Western blot analysis (Figures 5C,D). We found that the expression of DDX31 was increased in tumor tissues. The 86 tumor tissues were divided into two groups according to the expression of DDX31 (DDX31-Low and DDX31-High) (Figure 5E). According to the results of correlation analysis of DDX31 expression and patients’ clinical pathological features, we found that high DDX31 expression was strongly correlated with the tumor size (χ2 = 3.9681, p = 0.0464), lymph node metastasis (χ2 = 9.9801, p = 0.0016), and TNM grade (χ2 = 5.8091, p = 0.0159) of PDAC patients and histological grade of tumor tissues (χ2 = 4.3641, p = 0.0369) (Table 1). At the same time, the Kaplan–Meier analysis of TMA data showed that patients with high DDX31 expression had significantly lower OS rate and relapsed-free survival (RFS) rate compared with patients with low DDX31 expression (Figures 5F,G). Next, univariate and multivariate analyses of clinical follow-up data of PDAC patients were performed. The results indicated that the expression of DDX31 was negatively correlated with OS and RFS in PDAC patients (Table 2). Together, our results indicated that high expression of DDX31 might be a risk factor of poor prognosis in PDAC occurrence and progression.
[image: Figure 5]FIGURE 5 | Expression of DDX31 in PDAC tissue and its clinical significance. (A): IHC analysis of DDX31 in PDAC (×100 and ×200 magnification, bar = 200 and 100 μm). (B): The differential expression of DDX31 in 86 normal pancreas tissues and paired tumor tissues is shown in a heat map and was statistically analyzed by Wilcoxon signed rank tests. (C): Fourteen paired fresh tumor tissues and normal tissues were attained, and Western blot analysis was performed to identify the elevated expression in PDAC tissues compared with normal tissues. (D): Statistical result of relative DDX31 expression to β-tubulin Western blot is shown in Figure 7D. (E): IHC stain of DDX31 in PDAC tissue paraffin section. Representative images for weak, moderate, and high expression of DDX31 in PDAC tissues are shown (×100 and ×200 magnification, bar = 200 and 100 μm). (F,G): Difference analysis of overall survival (OS, L) rate and relapse-free survival (RFS, R) rate between DDX31 low- (weak and moderate expression) and high-expression group. *p < .05.
TABLE 2 | Univariate and multivariate analysis of clinicopathological factors for overall survival rate (OS) and relapsed-free survival rate (RFS).
[image: Table 2]DDX31 Promoted PDAC Cellular Migration
To explore the potential roles of DDX31 in PDAC cells, the basic protein expression of DDX31 in all cell lines was determined (Figure 6A). We found that most PDAC cell lines showed higher protein expression of DDX31 than the immortalized normal ductal epithelial cell line HPDE6c7. MIA-PaCa2 with low endogenous expression of DDX31 and SW1990 with high endogenous expression of DDX31 were chosen to confirm the cellular location of DDX31 in PDAC cells (Supplementary Figure S5A). The results of immunofluorescence analysis revealed that DDX31 was mainly localized to the nucleus in PDAC cells. GSEA was conducted according to the expression level of DDX31 (Figure 6B). Finally, we found that the pathways that were positively correlated with DDX31 were mainly enriched in cell adhesion molecules and cell cycle pathways. Then, we performed loss and gain-of-function studies according to the results of Western blot analysis (Figure 6C). BxPC-3-vector/DDX31-OE and MIA-PaCa2-vector/DDX31-OE cell lines were established, and related functional experiments were performed to elucidate the role of DDX31 in PDAC. First, the protein expression levels of DDX31 in BxPC-3-vector/DDX31-OE and MIA-PaCa2-vector/DDX31-OE cell lines were validated by Western blot analysis. To explore the function by which DDX31 promotes PDAC cell migration and proliferation, we performed Western blot analysis with some confirmed EMT-related proteins and proliferation-related protein antibodies. As shown in Figure 6C, the proteins N-cadherin, Snail, ZEB1, Ki67, and PCNA were positively correlated with DDX31 overexpression (Figure 6C, BxPC-3, MIA-PaCa2, L). The opposite results were observed in DDX31-knockdown PDAC cells (Figure 6C, SW 1990, L3.7, R). These results revealed that DDX31 positively regulated these classical EMT and proliferation markers. To determine the role of DDX31 in cellular migration, wound healing assay and transwell migration assay were performed. Compared with the WT PDAC cells and vector control PDAC cells, the results of transwell assay showed that the migration rate of PDAC cells significantly increased upon DDX31 overexpression (Figure 6D, BxPC-3, MIA-PaCa2), and the overexpression of DDX31 also significantly promoted cells’ wound closure (Figure 6F, BxPC-3, MIA-PaCa2). Next, we focused on the effects of DDX31 knockdown on cellular mobility capacities in SW1990 and L3.7 cell lines (Figures 6E,G; the sequence of DDX31 shRNA was placed in Table 3). By contrast, the opposite results were obtained in DDX31-knockdown PDAC cell lines (Figures 6E,G, SW1990 and L3.7). According to the results of transwell assay and wound-closing procedure, the depletion of DDX31 significantly decreased the capacity of cellular migration. Furthermore, the functional verification work of DDX31 had also conducted in HPDE6c7 (normal pancreatic ductal epithelial cells) (Supplementary Figures S7).
[image: Figure 6]FIGURE 6 | DDX31 promoted PDAC cell migration. (A): The basic protein expression of DDX31 in all PDAC cell lines was measured with Western blot analysis. (B): GSEA was carried out according to the expression level of DDX31; p value < .05, FDR < 0.25. (C): Loss and gain-of-function studies according to the results of Western blot analysis were performed (DDX31 overexpression on BxPC-3/MIA-PaCa2 cell lines, DDX31 knockdown on SW1990/L3.7 cell lines). (D,E): Cell migration was detected by transwell assays (bar = 200 μm) and wound healing experiments (bar = 200 μm) in DDX31-overexpression PDAC cell lines BxPC-3 and MIA-PaCa2. (F,G): Transwell assay and wound healing assay were performed when DDX31 was downregulated in PDAC cells (SW1990 and L3.7). Images were collected three times randomly from each experiment (overexpression, left; knockdown, right). The Figure ure at the bottom shows the corresponding statistical chart (unpaired t-tests). Values are presented as the means ± SDs of three independent experiments. *p < 0.05, **p < .01, ***p < .001, ****p < .0001, and NS means non significant.
TABLE 3 | shRNA sequences of DDX31.
[image: Table 3]DDX31 Promoted Cellular Proliferation and Cell Viability in PDAC Cells
Crystal violet staining was conducted to evaluate the clone formation ability. DDX31-overexpressing PDAC cell lines demonstrated a greater number of colonies than the vector control and WT control (Figure 7A). EdU staining assays were also performed. As shown in Figure 7B, PDAC-DDX31-OE showed a higher percentage of EdU-positive cancer cells. This finding indicated that DDX31 overexpression led to an increased cell proliferation capability in DDX31-OE PDAC cells (BxPC-3/MIA-PaCa2) compared with the WT-CTRL/pCDH-VEC control group. In addition, the overexpression of DDX31 promoted the cell viability of BxPC-3 and MIA-PaCa2 cells by CCK-8 assay (Figure 7C). To further confirm the proliferation oncogene function of DDX31, clone formation and EDU stain assay was performed. The results revealed that DDX31 downregulation suppressed the proliferation ability of DDX31-knockdown PDAC cells (SW1990/L3.7) (Figures 7D,E). However, the downregulation of DDX31 obviously inhibited the cell viability of SW1990/L3.7 cells compared with the scramble group and WT PDAC cells by CCK-8 assay (Figure 7F). To further identify the role of DDX31 in PDAC proliferation, in vivo the mouse xenograft experiment were used. Subcutaneous tumors in nude mice were formed by BxPC-3 infected with pCDH-DDX31, pCDH-VECTOR lentivirus, and WT-CTRL PDAC cell lines, and we isolated tumors after 19 and 5 days. As shown in Figure 7G, the results revealed that DDX31 overexpression significantly promoted tumor growth.
[image: Figure 7]FIGURE 7 | DDX31 promoted PDAC cell proliferation and cell viability. (A,D): Colony formation assays were performed in the indicated cell lines. Representative images and statistical analysis are shown (overexpression, left; knockdown, right). (B,E): EdU staining assays (bar = 200 μm) were conducted in indicated cell lines. Representative images and statistical analysis are shown. (C,F): CCK-8 assays were performed to test the DDX31 function on cell viability in indicated cell lines. Representative growth curves are shown. (G): In vivo subcutaneous tumor model was used to determine the role of DDX31 in the cellular proliferation of BxPC-3 (infected with pCDH-DDX31 and pCDH-VECTOR lentivirus). Mice were sacrificed after 19 days; the volume and mass of harvested tumors were measured three times a week. Each experiment was independently repeated three times, and the representative results are shown. Unpaired Student’s t-test was used for (A–G) analysis. *p < 0.05, **p < 0.01, and NS means non significant.
DDX31 Affects Invasive Metastasis and Proliferation of Pancreatic Cancer by Activating MAPK Signaling Pathway
To explore how the DDX31 affects invasive metastasis and proliferation in PDAC cells, the GSEA was carried out according to the expression level of DDX31 (Figure 8A). We found that MAPK signaling pathway was significantly enriched in high expression of DDX31. And then, correlation analysis between DDX31 and the core genes of the MAPK signaling pathway were shown with heatmap (Figure 8B and Supplementary Figures S8A,B); the results indicated that DDX31 was significantly positively correlated with these core genes (MAPK9, AKT1, ELK1,- ELK4, RAF1, KRAS, EGFR, MYC, FOS, ATF2 and so on) which played vital roles in MAPK signaling pathway (Figure 8B); for further figuring out the link between DDX31 and MAPK signaling pathway; DDX31-OE PDAC cells (BxPC-3/MIA-PaCa2) and DDX31-knockdown PDAC cells (SW1990/L3.7) were chosen to performed the western blot assays; the results of western blot assays revealed that P-ERK1/2, P-P38, EMT-related markers and proliferation markers (N-cadherin, Snail, ZEB1, and PCNA) were elevated with high expression of DDX31. To further validate the fact, the inhibitor of MAPK signaling pathway (selumetinib) was used for blocking to reverse the function of DDX31; finally, we found that the proteins P-ERK1/2, P-P38, EMT-related markers and proliferation markers (N-cadherin, Snail, ZEB1, and PCNA) in PDAC cells were consistently changed with the use of inhibitor of MAPK signaling pathway. The results indicated that DDX31 exerted the function of invasive metastasis and proliferation were probably dependent on MAPK signaling pathway; for further validating the results, wound healing assay and transwell migration assay were performed. Compared with the WT PDAC cells and vector control PDAC cells, the results of transwell assay showed that the migration rate of PDAC cells did not significantly change upon DDX31 overexpression by using the inhibitor of MAPK signaling pathway (Figure 8E, BxPC-3, MIA-PaCa2), and the PDAC cells’ wound closure showed the same results (Figure 8F, BxPC-3, MIA-PaCa2). According to the results of transwell assay and wound-closing procedure, the inhibitor of MAPK signaling pathway significantly blocked the function of DDX31. Crystal violet staining was conducted to evaluate the clone formation ability. DDX31-overexpressing PDAC cell lines demonstrated no obvious difference of colonies than the vector control and WT control by using the inhibitor of MAPK signaling pathway (Figure 8G). EdU staining assays were also performed. As shown in Figure 8H, PDAC-DDX31-OE did not show a higher percentage of EdU-positive cancer cells. This finding indicated that DDX31 overexpression did not increased cell proliferation capability in DDX31-OE PDAC cells (BxPC-3/MIA-PaCa2) compared with the WT-CTRL/pCDH-VEC control group in the case of simultaneous use of the inhibitor of MAPK signaling pathway. In addition, the overexpression of DDX31 did not change the cell viability of BxPC-3 and MIA-PaCa2 cells by CCK-8 assay (Figure 8I). To further identify the role of DDX31 in PDAC proliferation, in vivo mouse xenograft experiment were used. Subcutaneous tumors in nude mice were formed by BxPC-3 infected with pCDH-DDX31, pCDH-VECTOR lentivirus, and WT-CTRL PDAC cell lines, and the inhibitor of MAPK signaling pathway was intraperitoneally injected three times a week; finally, we isolated tumors after 19 and 5 days. As shown in Figure 8J, the results revealed that DDX31 overexpression did not show significant differences of promoting tumor growth in the case of simultaneous use of the inhibitor of MAPK signaling pathway.
[image: Figure 8]FIGURE 8 | DDX31 affects invasive metastasis and proliferation of pancreatic cancer by activating MAPK signaling pathway. (A): GSEA was carried out according to the expression level of DDX31; p value < .05, FDR <0.25; (B): Correlation analysis between DDX31 and the core genes of the MAPK signaling pathway (MAPK9, AKT1, ELK1, ELK4, RAF1, KRAS, EGFR, MYC, FOS); the results were shown with heat map; p value < .05; (C): The protein expression of the core molecules in MAPK signaling pathway (ERK1/2, P-ERK1/2 and P38, P-P38) within loss and gain-of DDX31 (DDX31 overexpression on BxPC-3/MIA-PaCa2 cell lines, DDX31 knockdown on SW1990/L3.7 cell lines). EMT-related and proliferation markers (N-cadherin, Snail, ZEB1, and PCNA) were also showed according to the results of Western blot analysis. (D): Effect of MAPK pathway inhibitor on PDAC cell lines of DDX31 overexpression was shown with western blot assays. (E,F): Cell migration was detected by transwell assays (bar = 200 μm) and wound healing experiments (bar = 200 μm) in DDX31-overexpression PDAC cell lines BxPC-3 and MIA-PaCa2 by giving MAPK pathway inhibitor (selumetinib). Representative images and statistical analysis are shown. (G): Colony formation assays were performed in DDX31-overexpression PDAC cell lines BxPC-3 and MIA-PaCa2 by giving MAPK pathway inhibitor (selumetinib). Representative images and statistical analysis are shown. (H): EDU staining assays (bar = 200 μm) were conducted in DDX31-overexpression PDAC cell lines BxPC-3 and MIA-PaCa2 by giving MAPK pathway inhibitor (selumetinib). (I): the cell viability of BxPC-3 and MIA-PaCa2 cells were detected in the overexpression of DDX31 by CCK-8 assay. (J): Subcutaneous tumors in nude mice were estimated in DDX31-overexpression PDAC cell lines BxPC-3 by giving MAPK pathway inhibitor (selumetinib), and the inhibitor of MAPK signaling pathway was intraperitoneally injected three times a week; Representative images and statistical analysis are shown. Images were collected three times randomly from each experiment. The figures at the bottom show the corresponding statistical chart (unpaired t-tests). Values are presented as the means ± SDs of three independent experiments. *p < .05, **p < .01, ***p < .001, ****p < .0001, and NS means non significant.
DISCUSSION
Due to the proliferation and invasion of tumor, the treatment and diagnosis of PDAC face great challenges (Chen et al., 2019). The high proliferation capacity of PDAC leads to rapid tumor growth, which further promotes tumor metastasis and eventually leads to poor survival prognosis of PDAC patients (Hosein et al., 2020). Therefore, it is extremely urgent for us to find an effective therapeutic target to elucidate the molecular mechanism of PDAC proliferation and invasion.
In our study, a total 109 intersected DEGs were obtained by systematic analysis of multiple center datasets. Then, GO and KEGG pathway enrichment analysis were performed and indicated that the screened DEGs are associated with pathways of Cadherin Binding involved in cell-cell Adhesion, Ephrin Receptor Binding, and Proline-Rich Region Binding. Furthermore, Lasso regression analysis was performed to screen out four genes and these four genes were used to build a four-gene signature as a prognostic risk model. Moreover, the effectiveness and reliability of this risk model were tested in GEO dataset. Subsequently, WGCNA analysis was employed and we found that DDX31 was involved in liver and lymphatic invasion of PDAC. And then, we found DDX31 was tightly correlated with invasive metastasis and proliferation in PDAC cell lines by activating MAPK signaling pathway in vivo and vitro experiments.
CAP1, adenylate cyclase-associated protein 1, The protein encoded by this gene is related to the S. cerevisiae CAP protein, which is involved in the cyclic AMP pathway. The human protein is able to interact with other molecules of the same protein, as well as with CAP2 and actin. Alternatively spliced transcript variants have been identified (Schneider et al., 2021). The expression of CAP1 in non-small-cell lung cancer increased during growth of the primary tumor (Kolegova et al., 2021). besides, the Phosphorylation of CAP1 could promote the proliferation, migration and invasion in lung cancer (Zeng et al., 2022). Moreover, cap1 has been identified as a potential biomarker by the analysis of the pancreatic cancer proteome (Agrawal, 2017). CD59 is a glycosylphosphatidylinositol (GPI)-anchored membrane protein that could regulate the complement activation by preventing C9 from polymerizing and forming the membrane attack complex (Zhang et al., 2018). CD59 has been reported to be highly expressed in patients with pancreatic cancer (Schmitt et al., 1999), and Pancreatic cancer-educated macrophages could up-regulate CD59 to protect cancer cells from CDC through the IL-6R/STAT3 signaling pathway (Ronghua Zhang et al., 2019). YAP1, The Hippo-yes-associated protein (YAP) pathway, plays an important role in modulating metabolism (Zhao et al., 2018), tumorigenesis (McClelland et al., 1990). YAP1 is a transcriptional coactivator of the Hippo pathway, which can reduce the activity of YAP1 by promoting cytoplasmic localization of YAP1 (Shen et al., 2018). Hippo-YAP/TAZ signaling is a critical factor in tumor growth and metastasis (Zhang et al., 2009); particularly, YAP1 increase the ability of EMT and invasion of breast epithelial cells (Overholtzer et al., 2006). Activation of YAP1 could mediate Epithelial-to-Mesenchymal transition in Triple-Negative Breast Cancer (Kim et al., 2021). DEAD box protein family members have attracted considerable attention in recent years, and their functions in cancer pathogenesis and development were reported in previous studies.
DDX1 was first found in human neuroblastoma and retinoblastoma cell lines in 1998 (Godbout et al., 1998) and it was reported in cervical carcinoma cells in 2001, its’ location pattern in the nucleus of HeLa, this study also found that DDX1 was involved in the 3-end cleavage and polyadenylation of pre-mRNAs (Bléoo et al., 2001). In 2018, Tanaka K et al. found that DDX1 could promotes colorectal tumorigenesis through activation of the LGR5. DDX2 (also known as eIF4A) was reported as the key factor promoting the progression of T-cell acute lymphoblastic leukaemia and inhibition of DDX2 could effectively kill human leukemic cells (Wolfe et al., 2014). DDX5 (also known as p68) was identified by Mirsada Causevic that it was over-expressed in colorectal cancer (Causevic et al., 2001). In 1998, DDX6 (also known as rck/p54) was found high expression in human colorectal tumor tissues, but low expression in normal colorectal mucosa tissues (Nakagawa et al., 1999). The next year, DDX9 was found and mapped to the prostate cancer susceptibility locus at chromosome band 1q25 (Lee et al., 1999). DDX43 (also known as HAGE) had been reported as a promising biomarker indicated poor prognosis in breast cancer (Abdel-Fatah et al., 2014). Qing Xia and Xian-Tao Kong made the serological evaluation in 60 patients with pancreatic cancer, and other 200 individuals as control, including 30 with colorectal cancer, 30 with gastric cancer, 30 with hepatocellular cancer, 30 with lung cancer, 20 with chronic pancreatitis, and 60 healthy volunteers in 2005. Their results showed that DDX48 antibody reactivity 33.33% in pancreatic cancer patients, 10.00% in colorectal cancer patients, 6.67% in gastric cancer patients, and 6.67% in hepatocellular cancer patients (Xia et al., 2005). DDX53 was studied in drug-resistance, Youngmi Kim and et al. proved that DDX53 overexpression enhance the refractory to taxol in cervix cancer cells (Park et al., 2018). DDX56 was published as a functional oncogene which promote the early squamous cell lung cancer recurrence through miRNA modulating Wnt signaling pathway (Wu et al., 2021).
In 2014, Bish and Vogel (2014) found that DDX31 is involved in the growth and maintenance of medulloblastoma. In 2018, Daizumoto et al. (2018) demonstrated that DDX31 plays an essential role in the progression of muscle-invasive bladder cancer (MIBC) cooperates with mutp53 and EGFR, leading to migration and invasion. Moreover, DDX31 has also been reported to reduce HDM2 binding to p53 and affect cell cycle and apoptosis in renal cell carcinoma (Fukawa et al., 2012). These evidences indicate that DDX31 can help drive tumor progression and metastasis, and it also proves the rationality of our screening results. Subsequently, we conducted an in-depth study on whether DDX31 affects the proliferation and transfer capacity of PDAC.
In our study, DDX31 might be a potential risk factor affecting poor survival status of pancreatic cancer patients by univariate (HR = 1.517; CI = 1.003–2.296) and multivariate (HR = 1.229; CI = 0.795–1.900) cox regression analysis, but not significantly statistical difference in multivariate cox regression analysis. With respect to DDX31's HR value partially crossed 1, we found in the analysis results that a small number of patients with high expression of DDX31 had HR less than 1, but the analysis results of most patients showed that it might be a gene that promotes the risk of pancreatic cancer. we 'll explore the reasons for its low risk in subsequent experiments. Besides, what we need to mention here is that among the 86 clinical samples, in 9 of them, the expression level of DDX31 in the para-cancer tissues was higher than that in the cancer tissues, which we speculated should be caused by the heterogeneity between tumor samples or due to the lack of copy number variation in some tumor patients, we still need to further explore the effect of DDX31 genome level changes on transcriptional level and post-transcriptional translation (Figure 5B; Supplementary Figure S5). Then further investigation need to be conducted to explore it in vivo and vitro experiments. We first evaluated the association between DDX31 expression and OS/RFS in patients with PDAC and found a significant negative correlation between high DDX31 expression and the patients’ OS/RFS (Figures 5F,G). Furthermore, GO/KEGG enrichment analysis was conducted, and the results showed that the expression of DDX31 was positively correlated with proliferation and EMT in PDAC patients. Therefore, the validation was performed at the cell-line and the mouse xenograft experiment level. Overexpression of DDX31 in BxPC-3 and MIA PaCa-2 cell lines showed upregulated expression of N-cadherin (EMT-related marker), Snail (EMT-related marker), Ki67(proliferation-related marker), and PCNA (proliferation-related marker) (Figure 6C), as well as enhanced proliferation and invasion in vivo and in vitro (Figures 6D,G; Figures 7A,F). In contrast, low expression of DDX31 showed the opposite trend in SW1990 and L3.7 cell lines. Moreover, we found that overexpression of DDX31 in normal pancreatic cell lines (HPDE6c7) also significantly enhanced cell proliferation and migration (Supplementary Figure S7), suggesting that DDX31 can indeed promote the development of pancreatic cancer. All these phenotypic experiments demonstrated that DDX31 could indeed promote proliferation and invasion of PDAC. After that, we carried out the exploration of the mechanism.
Through gene set enrichment analysis (GSEA), we discovered that the MAPK signaling pathway was significantly positively correlated with DDX31 expression. Therefore, we postulated that the MAPK signaling pathway might be the downstream of DDX31 (Figures 8A,B). As is well known, MAPKs are a family of serine/threonine kinases, regulate a variety of cellular functions, including proliferation, apoptosis, and EMT (Guo et al., 2020), and also play critical roles in intracellular signal transduction in cells (de Leeuw et al., 2018). In our study, we found that DDX31 promotes the phosphorylation of ERK1/2 and MERK1/2, which may lead to increased tumor proliferation and invasion (Figures 8C,D). To further verify our hypothesis, we performed a blocking experiment using MAPK/MERK/ERK pathway inhibitor. The results showed that DDX31 overexpression induced cell proliferation and invasion were significantly inhibited compared with those without MAPK/MERK/ERK signaling pathway inhibitor (Figures 6D,G; Figures 7A,G; Figures 8E,J). Besides, we obtained the same conclusion through in vivo validation by conducting a tumor formation assay in mouse model. These evidences suggested that DDX31 promotes PDAC proliferation and invasion via the MAPK/MERK/ERK signaling pathway.
Upon validation using bioinformatics analysis and cell biology experiments, we confirmed that DDX31 could promote proliferation and invasion of PDAC cells via the MAPK/MERK/ERK signaling pathway. Our results indicate that DDX31 may be a potential therapeutic target and a promising biomarker for assessing the prognosis for patients with PDAC. Through our study, we identified DDX31 as a new research target, thereby providing a useful reference for PDAC proliferation and invasion. But we still have many problems need to be further figured out. DDX31 was absent in 25% of pancreatic cancer patients, and its expression in some cancer tissues was similar to that in paracancerous tissues. We speculate that there may be other modifications with it in the nucleus, or other effects at the transcriptional level, which we need to further explore in subsequent studies.
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Supplementary Figure S1 | The work flowchart of analysis. The concrete and distinct work flowchart of this research was presented.
Supplementary Figure S2 | DEG analysis of TCGA and GEO datasets. (A–C): Up- and downregulated DEGs are shown in the volcano plot. (D): Unsupervised clustering of viable cells in the KPC-SCRNA dataset. (E): DEGs between ductal cells and acinar cells are shown in the heat map.
Supplementary Figure S3 | Validation of the prediction ability of the risk model. (A): Survival and prognosis of patients in high- and low-risk groups were verified in the GSE62452 and GSE102238 dataset. Red represents the high-risk group, and blue represents the low-risk group. (B): Time-dependent ROC curve prediction analysis of 1-, 3-, and 5-year risk scores. (C): 1-, 3-, and 5-year predictive ability of risk score in the nomogram. (D): 1-, 3-, and 5-year prediction ability of risk score with calibration analysis. (E): DCA of the risk model. (F): Univariate and multivariate cox regression analysis of risk model in GEO datasets.
Supplementary Figure S4 | Screening of key phenotypic module and key genes by WGCNA. (A): Hierarchical clustering dendrogram of samples from TCGA database. (B): Analysis of scale-free fit index and the mean connectivity for various soft-thresholding powers. Testing the scale-free topology when β = 9. (C): Hierarchical clustering dendrogram of genes with dissimilarity on the basis of topological overlap. Modules are the branches of the clustering tree. (D): Correlation between module eigengenes and clinical traits. Each row corresponds to a module eigengene, and columns represent clinical traits. Each cell contains the correlation and p value, and the yellow module containing DDX31 is selected. The red bar represents positive correlation, while the blue bar represents negative correlation. (E): Gene correlation analysis within the expression of blue module. (F): The heat map describes the TOM among the 2544 genes selected in WGCNA. Gene modules are represented by horizontal and vertical coordinates, and highly overlapping modules are marked by high-bright parts.
Supplementary Figure S5 | Single-nucleotide variation (SNV) and copy number variation (CNV) of targeted genes in TCGA samples. (A): Percentage and types of SNV in TCGA samples. (B): Top ranking genes with high percentage of SNV in high-risk score group of TCGA samples. (C): The percentage of CNV of CAP1, CD59, DDX31, and YAP1 in PDAC samples of TCGA.
Supplementary Figure S6 | Immunofluorescence of DDX31 in PC cell lines. (A): Immunofluorescence of DDX31 in SW1990 and MIA-PaCa2 cell lines.
Supplementary Figure S7 | The functional verification work of DDX31 in HPDE6c7 (normal pancreatic ductal epithelial cells).
Supplementary Figure S8 | The spearman’s correlation analysis between DDX31 and the core molecules in MAPK signaling pathway. (A): The spearman’s correlation analysis between DDX31 and the top50 genes in MAPK signaling pathway; (B): The spearman’s correlation analysis between DDX31 and the top50 to top100 genes in MAPK signaling pathway; p value<.001; R>.3.
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