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Pancreatic cancer is known as “the king of cancer,” and ubiquitination/deubiquitination-related genes are key contributors to its development. Our study aimed to identify ubiquitination/deubiquitination-related genes associated with the prognosis of pancreatic cancer patients by the bioinformatics method and then construct a risk model. In this study, the gene expression profiles and clinical data of pancreatic cancer patients were downloaded from The Cancer Genome Atlas (TCGA) database and the Genotype-tissue Expression (GTEx) database. Ubiquitination/deubiquitination-related genes were obtained from the gene set enrichment analysis (GSEA). Univariate Cox regression analysis was used to identify differentially expressed ubiquitination-related genes selected from GSEA which were associated with the prognosis of pancreatic cancer patients. Using multivariate Cox regression analysis, we detected eight optimal ubiquitination-related genes (RNF7, NPEPPS, NCCRP1, BRCA1, TRIM37, RNF25, CDC27, and UBE2H) and then used them to construct a risk model to predict the prognosis of pancreatic cancer patients. Finally, the eight risk genes were validated by the Human Protein Atlas (HPA) database, the results showed that the protein expression level of the eight genes was generally consistent with those at the transcriptional level. Our findings suggest the risk model constructed from these eight ubiquitination-related genes can accurately and reliably predict the prognosis of pancreatic cancer patients. These eight genes have the potential to be further studied as new biomarkers or therapeutic targets for pancreatic cancer.

Keywords: pancreatic cancer, bioinformatics, prognosis, ubiquitination-related genes, risk model


INTRODUCTION

Pancreatic cancer is a highly fatal disease, with 43,090 deaths every 5 years (Siegel et al., 2017), the 5-year overall survival rate is only 6% (Miller et al., 2019). Many factors contribute to low survival rates for pancreatic cancer. The most important factor may be that more than half of patients are diagnosed with advanced pancreatic cancer, and the 5-year survival rate of advanced pancreatic cancer is only 3% (Ilic and Ilic, 2016). Pancreatic cancer is characterized not only by early recurrence and invasion but also by chemical and radiation resistance (Adamska et al., 2018). In recent years, targeted therapy and emerging immunotherapy have opened up new prospects for the treatment of pancreatic cancer. However, the exploration of new therapeutic targets and prognostic biomarkers for pancreatic cancer still needs to be further carried out. Over the past decade, numerous studies have identified some sensitive and effective biomarkers for pancreatic cancer.

Ubiquitination/deubiquitination is an ATP-dependent reversible reaction that binds small ubiquitin molecules to the target protein through multi-step reactions involving ubiquitin-activating enzyme E1, ubiquitin-binding enzyme E2, and ubiquitin-ligase E3 (Hershko et al., 1979). ATP provides energy, E1 is activated, and the Glycine residue at the Carboxy terminal of ubiquitin and the active Cystine of E1 forms a thioester bond. Next, E1 transfers the ubiquitin to the cysteine residue of the ubiquitin carrier protein E2. E3 is specific in that it coordinates ubiquitin covalently to specific target proteins. The way ubiquitin molecules bind plays an important role in the function of the modified protein (Dikic et al., 2009). Ubiquitination produces a protein that is either monoubiquitinated or polyubiquitinated when one of the seven Lysine residues of ubiquitin binds to the C-terminal Glycine of another ubiquitin. The reverse process of ubiquitination is called deubiquitination. Ubiquitination is best known for its role in mediating protein degradation. Besides, ubiquitination is also involved in the processes of meiosis, autophagy, DNA repair, immune response, and apoptosis. Ubiquitinated proteasome pathway is involved in almost all intracellular molecular biological processes, affecting gene expression and signal transduction in the regulation of DNA damage repair, participating in the differentiation of senescent cells, regulating tumor progression of malignant transformation, and mediating therapeutic resistance (Welchman et al., 2005).

Previous studies have shown that ubiquitination/deubiquitination play important roles in pancreatic cancer. Lian et al. (2020) found that ubiquitin specific peptidase 5 (USP5) enhances STAT3 signaling and promotes migration and invasion in pancreatic cancer. Chen et al. (2020) found that E3 ubiquitin ligase UBR5 promotes pancreatic cancer growth and aerobic glycolysis by downregulating FBP1 via destabilization of C/EBPα. Yang et al. (2019) found that USP44 suppresses pancreatic cancer progression and overcomes gemcitabine resistance by deubiquitinating FBP1. There is no doubt that ubiquitination/deubiquitination is closely related to the progression of pancreatic cancer. Exploration of ubiquitination/deubiquitination related genes in pancreatic cancer is also necessary.

In this study, by analyzing the dataset from TCGA and GTEx database, we aim to study and verify the expression characteristics of ubiquitination-related genes. We then selected several ubiquitination-related genes that were significantly associated with the prognosis of pancreatic cancer patients through a series of statistical methods. Finally, we established a new and reliable risk model to predict the prognosis of pancreatic cancer patients based on the screened risk genes.



MATERIALS AND METHODS


Databases

To download the transcriptome data of 178 patients (The Cancer Genome Atlas database, TCGA database) with pancreatic cancer and the transcriptome data of 36 cases of normal pancreatic tissue (Genotype-Tissue Expression database, GTEx database) from the UCSC XENA website1. Clinical information of pancreatic cancer patients was obtained from the TCGA database. All data are processed using R software2. The clinical features of pancreatic cancer patients, include age, gender, pathological grade, T-stage, N-stage, M-stage, and TNM-stage.



Gene Set Enrichment Analysis

GSEA3 was used to explore whether the transcriptome data showed statistically significant difference between the two groups (normal and tumor). The expression data of mRNAs, including 36 normal pancreatic tissue and 178 pancreatic cancer samples were analyzed. Normalized P value (P < 0.05) and normalized enrichment score (NES) were used to determine what functions had to be selected for further analysis.



Screening for Differentially Expressed Genes (DEGs)

We screened DEGs from these ubiquitination/deubiquitination related genes obtained from GSEA analysis. The “limma” package was used to screen out the DEGs (Log2 fold change ≠ 0, P < 0.05).



GO Analysis and KEGG Analysis

Gene Ontology (GO) database is a kind of free and open database, the database includes three aspects of information: biological process, cellular component, and molecular function. The biological functions of genes can be classified and these genes included in the functions that we selected can be further understood through the GO analysis. DAVID online tool4 was used for GO analysis (Xia et al., 2015). Kyoto Encyclopedia of Genes and Genomes (KEGG) database is a database that systematically analyzes the metabolic pathways of gene products in cells and the functions of these gene products. The database is useful for studying gene and expression information as a whole network. KEGG integrates the data of genomic chemical molecules and biochemical systems, including the sequence and genome of metabolic pathways, drugs, and diseases. We used the “clusterProfiler” package (Yu et al., 2012) from Bioconductor to do KEGG analysis of these DEGs. P-value < 0.05 was used as the inclusion standard in the analysis.



Identification and Inclusion of Prognostic Ubiquitination-Related Genes for the Construction of a Risk Model

As in previous studies (Li et al., 2020), univariate Cox regression (p < 0.05) was used to screen out the ubiquitination-related genes that were significantly associated with the prognosis of pancreatic cancer patients from the DRGs. Multivariate Cox proportional hazards regression analysis (with forwarding selection and backward selection) was then used to analyze these ubiquitination-related genes selected by univariate Cox regression. Finally, optimal ubiquitination-related genes (risk genes) were obtained to be incorporated into the risk model. The alteration of these risk genes is shown online5.



Construction of the Prognostic Risk Model in Pancreatic Cancer Cohort

Multivariate Cox proportional hazards regression analysis was used to select the optimal risk genes and construct the Cox regression model. In this process, we can obtain the estimated regression coefficients of each gene. The expression levels of mRNA and estimated regression coefficients of the risk genes were used to calculate a risk score for each pancreatic cancer patients. The risk score model was established with the following formula: Risk score = expression level of Gene1 ∗ β1 + expression level of Gene2 ∗ β2+…+ expression level of Genen ∗ βn; where β is the estimated regression coefficient calculated by the multivariate Cox regression model.

The risk model was used to measure the prognostic risk for each pancreatic cancer patient. The median risk score was used as the cut-off value to divide all the pancreatic cancer patients into two groups: the high-risk group and the low-risk group. The low-risk group has a better prognosis.



Independent Prognostic Value of the Risk Model in the Pancreatic Cancer Cohort

Next, univariate and multivariate Cox regression analysis were performed to assess whether the risk model was independent of other clinical features (age, gender, pathological grade, T-stage, and N-stage) as a prognostic factor for pancreatic cancer patients (p < 0.05). The X-tile software was used to identify the optimal cut-off value of the age significantly correlated to the prognosis of pancreatic cancer patients. Because there are too many patients in M0-stage and too few patients in stage III/IV, we excluded these two clinical features (M-stage and TNM-stage) from this analysis. Besides, cases with incomplete clinical information were also excluded. Then, we constructed receiver operating curves (ROC) and calculated the area under the curve (AUC) to assess whether our model accurately predicted the overall survival (OS) of pancreatic cancer patients. C-index value of 0.75 or greater were considered to have excellent predictive value, and value of 0.6 or greater were considered acceptable for survival predictions (Cho et al., 2019).



Validation of the Eight-mRNA Model in Predicting Survival Using Kaplan–Meier Curves

Kaplan–Meier curves and the log-rank test were used to validate the prognostic significance of the risk model (p < 0.05).



Validation of the Risk Genes in Protein Level

Furthermore, the Human Protein Atlas database6 was used to validate the protein expression level of these risk genes compared to the level of gene transcription.



RESULTS


Gene Set Enrichment Analysis

Expression data set for 55242 mRNAs from the TCGA database and GTEx database were analyzed. Five ubiquitination/deubiquitination-related gene sets we validated by GSEA analysis and there were two gene sets, including REACTOME_ANTIGEN_PROCESSING_UBIQUITINATION_ PROTEASOME_DEGRADATION, and REACTOME_ PROTEIN_UBIQUITINATION were significantly enriched (Table 1 and Figure 1). These 441 ubiquitination-related genes in the two functions were selected for the subsequent analysis.


TABLE 1. Gene sets enriched in pancreatic cancer.
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FIGURE 1. GSEA results for the enrichment plots of two gene sets (REACTOME_ANTIGEN_PROCESSING_UBIQUITINATION_PROTEASOME_DEGRADATION, and REACTOME_PROTEIN_UBIQUITINATION) that were significantly differentiated in normal and pancreatic cancer tissues based on TCGA database. (A) Enrichment plot of the REACTOME_ANTIGEN_PROCESSING_UBIQUITINATION_PROTEASOME_DEGRADATION gene set. (B) Enrichment plot of the REACTOME_PROTEIN_UBIQUITINATION gene set.




GO Analysis and KEGG Analysis

Of these 441 ubiquitination-related genes in the two functions, 134 DEGs were screened. These 134 ubiquitination-related DEGs were used to do the GO analysis and KEGG analysis. The results of the GO analysis showed that the functions of the ubiquitination-related genes were concentrated in the functions of the protein polyubiquitination, post-translational protein modification, and proteasome-mediated ubiquitin-dependent protein catabolic process, as shown in Table 2. The results of KEGG analysis showed that the functions of the ubiquitination-related genes were concentrated in ubiquitin-mediated proteolysis, proteasome, and cell cycle, as shown in Table 2.


TABLE 2. Result of GO and KEGG analysis for these ubiquitination-related DEGs.
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Identification and Inclusion of Prognostic Ubiquitination-Related Genes for the Construction of a Risk Model

Sixty-three ubiquitination-related genes significantly correlated with the prognosis of pancreatic cancer patients were screened through the univariate Cox regression analysis from the 134 DEGs. Next, eight optimal ubiquitination-related genes (risk gene) obtained by multivariate Cox analysis were used to construct a risk model (Table 3): RNF7, NPEPPS, NCCRP1, BRCA1, TRIM37, RNF25, CDC27, and UBE2H. The effect of the expression value of these genes on the prognosis of pancreatic cancer is shown in Figures 2A–H. Then, the alteration of the seven genes in 175 clinical pancreatic cancer samples was analyzed in the cBioPortal database. Results showed that there were 33(19%) sequenced cases among the 175 pancreatic cancer samples with the eight genes altering. The alterations of the eight genes are shown in Figure 3A. We also investigated the different expressions of the eight genes between pancreatic cancer tissues and normal pancreatic tissues. Among the eight genes, five genes (BRCA1, TRIM37, RNF25, CDC27, and UBE2H) were significantly upregulated and three genes (RNF7, NPEPPS, and NCCRP1) were significantly down regulated in the tumor tissues (Figure 3B).


TABLE 3. The detailed information of eight prognostic mRNAs significantly associated with the prognosis of pancreatic cancer patients.
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FIGURE 2. Kaplan-Meier curves of the effect of the gene expression level of the risk genes (RNF7, NPEPPS, NCCRP1, BRCA1, TRIM37, RNF25, CDC27, and UBE2H) on the prognosis of pancreatic cancer patients. (A) Kaplan-Meier curve of the effect of RNF7 gene expression level. (B) Kaplan-Meier curve of the effect of RNF25 gene expression level. (C) Kaplan-Meier curve of the effect of NPEPPS gene expression level. (D) Kaplan-Meier curve of the effect of NCCRP1 gene expression level. (E) Kaplan-Meier curve of the effect of CDC27 gene expression level. (F) Kaplan-Meier curve of the effect of BRCA1 gene expression level. (G) Kaplan-Meier curve of the effect of TRIM37 gene expression level. (H) Kaplan-Meier curve of the effect of UBE2H gene expression level.
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FIGURE 3. Identification of mRNAs associated with patient survival. (A) The alteration proportion for the eight selected genes in 175 clinical samples of pancreatic cancer in the cBioPortal database. (B) Different expression of eight genes in the normal pancreatic tissues and tumor tissues based on TCGA database. (*P < 0.05, **P < 0.01, ***P < 0.001).




Construction of the Prognostic Risk Model in Pancreatic Cancer Cohort

Finally, 171 pancreatic cancer patients were included in the risk model. The computational formula was as follows: Risk score = (2.3538 × expression of RNF7) + (−1.0029 × expression of NPEPPS) + (0.2271 × expression of NCCRP1) + (1.1898 × expression of BRCA1) + (−1.6370 × expression of TRIM37) + (−1.5668 × expression of RNF25) + (1.9902 × expression of CDC27) + (1.0606 × expression of UBE2H).

Patients were divided into two groups, the high-risk group (n = 85) and the low-risk group (n = 86). The high-risk group had a worse outcome than the low-risk group (p < 0.001). The 1- and 3-year OS of pancreatic cancer patients in the high-risk group were 87.7 and 64.7%, respectively, while the corresponding OS in the low-risk group was 57.5 and 17.9%, respectively. The AUC (ROC) value of the risk model in 1-year, and 3-year were 0.756, and 0.810, respectively (Figures 4A,B). Then, risk scores of these pancreatic cancer patients were ranked and their distribution was analyzed. We divided pancreatic cancer patients into low-risk and high-risk groups by the median risk score for all patients enrolled in the study (Figure 4C). The survival status of each patient in the pancreatic cancer patients was shown in Figure 4D. As can be intuitively seen from Figure 4D, the higher the risk score, the shorter the OS of pancreatic cancer patients.
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FIGURE 4. Prognostic analysis of the pancreatic cancer cohort. (A) 1-year ROC curve analysis of the prognostic model. (B) 3-year ROC curve analysis of the prognostic model. (C) Risk score distribution of patients in the prognostic model. (D) Survival status scatter plots for patients in the prognostic model.




Independent Prognostic Value of the Risk Model in the Entire Pancreatic Cancer Cohort

A total of 163 pancreatic cancer patients were included in this analysis. Results of the univariate analysis showed that age, pathological grade, T-stage, N-stage, and risk score were significantly correlated with the prognosis of pancreatic cancer patients. The result of multivariate analysis showed that the risk score was independently correlated with the OS for patients with pancreatic cancer (Table 4).


TABLE 4. Effects of various clinical features on pancreatic cancer patients.
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Validation of the Eight-mRNA Signature in Predicting Survival Using Kaplan–Meier Curves

The results of the univariate analysis showed that age was an independent prognostic factor for pancreatic cancer, and the X-tile software found that 62 and 76 were the optimal cut-off values for the prognosis of pancreatic cancer patients (Supplementary Figure 1). The result of Kaplan–Meier curves showed the effects of age, gender, histological grade, T-stage, N-stage, and risk score on the prognosis of pancreatic cancer patients (Figures 5A–F). The result of Kaplan–Meier curves showed that our risk model was a stable predictive tool for the prognosis of pancreatic cancer patients stratified by age (<62, 62–76, and >76), gender (male and female), pathological grade (G1/2, or G3/4), T-stage (T1/2, or T3/4), and N-stage (N0 or N1) (Figures 6A–K). Patients with pancreatic cancer in the high-risk group had significantly shorter OS than those in the low-risk group when the patients were stratified into different subgroups based on age, gender, pathological grade, T-stage, and N-stage.
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FIGURE 5. Kaplan-Meier curves of the effect of clinical features (risk score, age, gender, pathological grade, T-stage, and N-stage) on the prognosis of pancreatic cancer. (A) Kaplan-Meier curve of the effect of age. (B) Kaplan-Meier curve of the effect of gender. (C) Kaplan-Meier curve of the effect of pathological grade. (D) Kaplan-Meier curve of the effect of T-stage. (E) Kaplan-Meier curve of the effect of N-stage. (F) Kaplan-Meier curve of the effect of risk score.
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FIGURE 6. Kaplan–Meier curves for the prognostic value of risk model for the patients grouped according to each clinical feature. (A–C) Kaplan–Meier survival curves of the age patient group (<62, 62–76, and >76). (D,E) Kaplan–Meier survival curves of the gender patient group (male and female). (F,G) Kaplan–Meier survival curves of the pathological grade patient group (G1/2 and G3/4). (H,I) Kaplan–Meier survival curves of the T-stage patient group (T1/2 and T3/4). (J,K) Kaplan–Meier survival curves of the N-stage patient group (N0 and N1).




Validation of the Risk Genes

The protein levels of immunohistochemistry (IHC) staining obtained from the HPA database showed that the expression of the protein in four risk genes (BRCA1, TRIM37, RNF25, and UBE2H) was significantly higher in pancreatic cancer tissues than in normal pancreatic tissues, three genes (RNF7, NPEPPS, and NCCRP1) do the opposite, which was consistent with that at the transcriptional level. Only CDC27 protein expression levels was high in both the normal and tumor group in the HPA database (Figures 7A–H).
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FIGURE 7. Validation of risk genes at the translational level. (A) Validation of BRCA1 by The Human Protein Atlas database (IHC). (B) Validation of CDC27 by The Human Protein Atlas database (IHC). (C) Validation of NCCRP1 by The Human Protein Atlas database (IHC). (D) Validation of NPEPPS by The Human Protein Atlas database (IHC). (E) Validation of ZNF7 by The Human Protein Atlas database (IHC). (F) Validation of ZNF25 by The Human Protein Atlas database (IHC). (G) Validation of TRIM37 by The Human Protein Atlas database (IHC). (H) Validation of UBE2H by The Human Protein Atlas database (IHC).




DISCUSSION

One or more pathway data sets are used to assess the ranking list of statistically significant genes/proteins using GSEA. GSEA can not only detect statistically significant genes and proteins group-wise but also enrich the previous research characteristics of gene sets in functional genomes in a large database of pathway gene sets (Subramanian et al., 2005; Wu et al., 2014). In our study, mRNA expression data from 178 patients with pancreatic cancer and 36 normal pancreatic tissues were used for GSEA analysis, and significant differences were found in two functions. These two functions are all related to ubiquitination, indicating that ubiquitination changes significantly in the development of pancreatic cancer. And then, these ubiquitination-related genes in the two functions were selected for subsequent analysis.

Combined with GO enrichment analysis and KEGG enrichment analysis, the results suggest that these genes are closely related to the ubiquitination process of pancreatic cancer. Next, eight optimal ubiquitination-related genes were identified via multivariate Cox proportional hazards regression analysis, and they were used to construct a risk model. The reliability and stability of the model were further validated. The results showed that the model could accurately distinguish pancreatic cancer patients with different survival outcomes. The results of univariate and multivariate analysis showed that our model could independently predict the outcome of pancreatic cancer patients. The result of Kaplan–Meier curves shows that our risk model has excellent stability and reliability in predicting the prognosis of pancreatic cancer at all age, gender, pathological grade, T-stage, and N-stage. Therefore, our risk model can screen high-risk patients for personalized treatment. Finally, the eight risk genes were validated by the HPA database, and the results showed that the protein expression level of the eight genes was generally consistent with those at the transcriptional level. These results suggest that the genes we identified deserve further study.

Of the eight genes identified, seven genes (RNF7, NCCRP1, BRCA1, TRIM37, RNF25, CDC27, and UBE2H) have been reported to play roles in ubiquitination (Asamitsu et al., 2003; Kallio et al., 2011; Link et al., 2016; Cho et al., 2018; Lim and Joo, 2020; Meitinger et al., 2020; Zhang et al., 2020). It has not been reported that NPEPPS directly participates in the process of ubiquitination, but NPEPPS is also known to degrade the tau protein, which accumulates and polymerizes in some neurodegenerative diseases (Kudo et al., 2011). In our study, the expression of these ubiquitination-related genes was significantly associated with the prognosis of patients with pancreatic cancer, providing us with a new key to the study of pancreatic cancer. Among these genes, some have been studied as biomarkers for cancer. For example, BRCA has been proved to be a biomarker in many cancers, and its mutation or not has a guiding role in the application of targeted drugs, such as pancreatic cancer (Wu and Shi, 2020). RNF7, an apoptosis-sensitive gene, has been shown in several previous studies to play an important role in the development and progression of tumors such as prostate cancer and lung cancer (Li et al., 2014; Tan et al., 2016). There are also relevant studies showing that RNF7 regulates ionizing radiation-induced apoptosis in pancreatic cancer (Kim et al., 2011). TRIM37 has also been shown to promote the proliferation, invasion and migration in breast cancer, lung cancer, gastric cancer, glioma, and pancreatic cancer (Jiang et al., 2016; Li et al., 2018; Tang et al., 2018; Hu et al., 2019; Fu et al., 2020). CDC27 promotes the progression and affects PD-L1 expression in T-cell lymphoblastic lymphoma, and also promotes epithelial-to-mesenchymal transition in colorectal cancer (Qiu et al., 2017; Song et al., 2020). There are few studies on the role of NCCRP1, RNF25, and UBE2H in cancer, but the existing research results suggest that these three genes also have the potential to become new tumor biomarkers or targets for cancer (Miwa et al., 2017; Cho et al., 2018; Zhu et al., 2018).

Of the eight genes we identified, three genes (RNF7, NPEPPS, and NCCRP1) were down-regulated and the remaining five (BRCA1, TRIM37, RNF25, CDC27, and UBE2H) were up-regulated in tumor tissue compared to normal pancreatic tissue. But we found that even though some genes (RNF7, NPEPPS, and NCCRP1) were down-regulated in tumor group, patients with pancreatic cancer with high expression of these genes had a worse prognosis. Some genes are up-regulated (TRIM37 and RNF25), but high expression of these genes has a better prognosis. So we suspect that these genes play an opposite role in the development and progression of pancreatic cancer. For example, NPEPPS may inhibit tumor formation in normal tissue but may promote tumor progression once the tumor has formed. This phenomenon has been reported in previous literature. In retrospect, the study has shown that TGF-β is a key negative regulator of cell proliferation, but the abnormal function of retinoblastoma protein can lead to the inhibition of the function of TGF-β and promote the progression of pancreatic cancer (Gore et al., 2014). Another study showed that Daple is also a tumor-suppressor gene, although it appears only in the early stages of cancer to function as a tumor-suppressor gene. In the later stages of cancer, when cancer cells escape from their primary sites and circulate in the blood, the expression of Daple makes cancer cells more aggressive and more likely to spread (Aznar et al., 2015).

Many previous studies have explored new potential biomarkers and therapeutic targets for pancreatic cancer through bioinformatic methods. Wu et al. (2019) screened nine DEGs (MET, KLK10, COL17A1, CEP55, ANKRD22, ITGB6, ARNTL2, MCOLN3, and SLC25A45) through the joint analysis of GEO and TCGA databases and construct a risk score model. They also analyzed the relationship between the nine gene models and tumor immune infiltration. Wei et al. (2019) constructed a risk model to predict the prognosis of pancreatic cancer patients by screening nine immune-related lnRNAs from the TCGA database. Compared with the previous studies, we use GSEA enrichment analysis to explore the function of ubiquitination in pancreatic cancer, and on this basis, identify eight ubiquitination-related genes to construct a risk model. There has been no previous study on the bioinformatics related to the ubiquitination of pancreatic cancer, and our study provides a new idea for relevant studies on the progression of pancreatic cancer.

Of course, our study also has some shortcomings. First, our study was a retrospective study based on a public database. The data we used has not been validated by prospective clinical trials. Besides, the identified mechanism of ubiquitination-related genes affecting the development of pancreatic cancer needs further support from basic experimental studies. Next, we need to collect clinical specimens and data for subsequent studies.



CONCLUSION

Using GSEA enrichment analysis, we found that the ubiquitination-related functions of pancreatic cancer were significantly different from those of normal pancreatic tissues. Subsequently, we extracted and screened the genes in these functions, and finally selected eight genes significantly related to the prognosis of pancreatic cancer patients as risk genes to construct a risk model. This model has a good predictive effect on the prognosis of pancreatic cancer patients. Moreover, these eight genes have the potential to be further studied as new biomarkers or therapeutic targets for pancreatic cancer.
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