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Accurately predicting the survival prospects of patients suffering from pancreatic adenocarcinoma (PAAD) is challenging. In this study, we analyzed RNA matrices of 182 subjects with PAAD based on public datasets obtained from The Cancer Genome Atlas (TCGA) as training datasets and those of 63 subjects obtained from the Gene Expression Omnibus (GEO) database as the validation dataset. Genes regulating the metabolism of PAAD cells correlated with survival were identified. Furthermore, LASSO Cox regression analyses were conducted to identify six genes (XDH, MBOAT2, PTGES, AK4, PAICS, and CKB) to create a metabolic risk score. The proposed scoring framework attained the robust predictive performance, with 2-year survival areas under the curve (AUCs) of 0.61 in the training cohort and 0.66 in the validation cohort. Compared with the subjects in the low-risk cohort, subjects in the high-risk training cohort presented a worse survival outcome. The metabolic risk score increased the accuracy of survival prediction in patients suffering from PAAD.
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INTRODUCTION
The global adenocarcinoma statistics in 2020 based on the GLOBOCAN estimates taken from the International Agency for Research on Adenocarcinoma demonstrate that pancreatic adenocarcinoma (PAAD) has a high fatality rate (466,000 deaths in 496,000 cases) because of its poor prognosis. Moreover, it is the seventh leading cause of adenocarcinoma death in both sexes (Sung et al., 2021). Pancreatic ductal adenocarcinoma (PDAC) is a deadly disease with a 5-year survival rate of approximately 9% (Flowers et al., 2021). Somatic mutations are the most prevalent genetic alterations such as KRAS, GNAS, and tumor suppressor genes such as CDKN2A, TP53, and SMAD4 (Singhi and Wood, 2021). Other genes associated with DNA repair also contribute to PDAC development, including BRCA2, ATM, PALB2, FANCC, and FANCG. In addition to genetic mutations, PDAC involves molecular abnormalities such as hyperactivated growth factor signaling, dysregulated gene expression (transcriptional or posttranscriptional), epigenetic changes, and abnormal posttranslational modifications (Vaziri-gohar et al., 2018).
In PAAD, metabolic reprogramming, including rewired glucose, lipid, and amino acid metabolism, and abnormal metabolism characteristics within the tumor microenvironment, contribute to tumor progression. These phenomena are related to drug resistance to chemotherapy, radiotherapy, and immunotherapy (Qin et al., 2020). Genetic alterations and the tumor microenvironment related to PDAC development participate in the metabolic rewiring process (Dasgupta et al., 2019; Xu et al., 2020). Glycolytic flux is the main carbon metabolism process in all cells. It does not only produce adenosine triphosphate (ATP) but also provides biomass for anabolic processes that support cell proliferation. Increased expression levels of glucose transporters and rate-limiting enzymes that regulate the rate of glycolytic flux are increased (Akakura et al., 2001; Mikuriya et al., 2007; Commisso et al., 2013; Guillaumond et al., 2013), in addition to the elevated levels of glycolysis and pentose phosphate pathways being the characteristic of early tumors (Vernucci et al., 2019). Consequently, glycolytic metabolites, including lactate, are elevated in pancreatic cancer cells (Mikuriya et al., 2007; Guillaumond et al., 2013; Shi et al., 2014). Targeting glucose metabolism can sensitize pancreatic cancer to MEK inhibition and underlines the potential of co-targeting glycolysis and MAPK as an alternative approach to treating KRAS-driven PDAC (Yan et al., 2021).
Increased secretion of the arginine metabolite inducible nitric oxide (NO) synthase (iNOS) and endothelial nitric oxide synthase (eNOS) has been detected in PDAC tissues compared with normal tissues (Vickers et al., 1999; Lim et al., 2008). In PDAC, high levels of iNOS are associated with the proliferation and invasiveness of tumor cells (Wang et al., 2016). The function of NO and related signaling pathways in the monitoring of pancreatic cancer development and progression has been reported (Fujita et al., 2014; Wang et al., 2016). The importance of dysregulated NO in cellular glutamine metabolism is increasingly recognized in PDAC patients, which is integral to the invasive property of cancer cells and can stimulate angiogenesis and regulate oxidative phosphorylation. Given that PDAC patients exhibit an increased dependence on glutamine metabolism, small molecular inhibitors targeting the initiating enzyme GLS1 in glutamine metabolism have been actively investigated (Altman et al., 2016). Previous studies have reported that targeting glutamine metabolism can increase the sensitivity of PAAD to gemcitabine and improve its curative effect (Chen R. et al., 2017). Recently, clinical studies evaluating the combination of small molecular inhibitors and chemotherapy or targeted therapy against various solid tumors have been conducted (NCT02861300, NCT03965845, NCT04250545, NCT02771626, NCT03944902, and NCT03875313). Moreover, the safety, tolerability, and efficacy of these methods have been evaluated (Xu et al., 2020).
Accurate risk stratification is important for therapeutic decision-making and survival prediction. However, a metabolic signature panel has not been explored to accurately stratify patients suffering from PAAD to predict their prognosis and treatment management.
In this study, a prognostic survival model based on metabolic genes was constructed according to the gene expression data obtained from TCGA dataset. The model was further validated using the GEO dataset to explore an efficient metabolic signature to more accurately manage the stratification of PAAD.
MATERIALS AND METHODS
Data Collection
Normalized RNA sequencing (fragments per kilobase million, FPKM) and relevant clinical data (sex, age, histological grade, AJCC-TNM stage, survival time, and survival status) for TCGA-PAAD were obtained from TCGA (https://portal.gdc.cancer.gov/). A total of 182 mRNA samples (178 PAAD and 4 normal tissues) were analyzed. The microarray data of 63 PAAD samples in GSE57495 based on GPL15048 (Rosetta/Merck Human RSTA Custom Affymetrix 2.0 microarray HuRSTA 2a520709.CDF) (Affymetrix, Tampa, FL, United States) were obtained from the GEO database (http://www.ncbi.nlm.nih.gov/geo/). The expression profile data were log2-transformed. Furthermore, the detailed clinicopathologic data, including disease stage, survival time, and survival status, were used. The two datasets underwent a batch correction process via the “sva” R package so that they were comparable.
Construction and Validation of a Metabolic Risk Score
Data obtained from TCGA dataset were used to construct the metabolic risk score model, which was used as the training dataset. A total of 940 candidate metabolism-related genes (MRGs) were extracted considering KEGG pathway genes, 872 of which were common in the training dataset and GSE57495. The “limma” R package was used to identify differentially expressed MRGs (DEMRGs) (p ≤ 0.05 indicated that genes exhibited at least 1.5-fold changes) compared with normal tissues. After removing seven cases without follow-up, 171 cases with tumor samples and relevant clinical data were included in the subsequent analysis. Univariable Cox regression analysis was applied to assess the correlation of DEMRGs with PAAD patients’ overall survival rate (OS, p ≤ 0.01). Subsequently, these genes were categorized as the prognostic DEMRGs (PDEMRGs). Then, the least absolute shrinkage and selection operator (LASSO) Cox regression analysis was conducted to determine the best weighting coefficient for prognosis-metabolic genes. After conducting a 1,000,000-fold cross-validation on the maximum-likelihood estimate of the penalty, the minimum criterion was determined by using the optimal penalty parameter λ. Finally, a metabolic model was established. The GSE57495 dataset was used as the validation cohort. The patients in each dataset were divided into high- and low-risk cohorts based on the median risk score of the training dataset. Univariable and multivariable Cox regression analyses were performed to evaluate the independent prognostic value with respect to the metabolic risk score. p ≤ 0.05 was considered statistically significant.
Gene Set Enrichment and Molecular Functional Relevance Analyses
Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways were used to assess the significance of the metabolic risk scores. The gene set enrichment analysis (GSEA; GSEA v4.1.0 software, http://software.broadinstitute.org/gsea/login.jsp) was performed to evaluate the enriched pathways in the high- and low-risk cohorts. The metabolic pathway-related gene sets of “c2.cp.kegg.v7.4.symbols” was the reference gene set used in GSEA to be compared against. Any pathway with p ≤ 0.05 and a false discovery rate q ≤ 0.25 was considered statistically significant.
Molecular and functional relevance analyses of the PDEMRGs were performed using Metascape (http://metascape.org). The search tool for the retrieval of interacting genes (STRING; https://cn.string-db.org) was used to analyze the protein–protein interaction network.
Validation of the Identified Metabolism-Related Mutations Through Public Computational Tools
The PAAD mRNA levels reported in the gene expression profiling interactive database (GEPIA, http://gepia.cancer-pku.cn/) were used to verify the PDEMRG expressions adopted in the proposed model. GEPIA corroborated the differences in the gene expression between PAAD (n = 179) and normal pancreatic tissues (n = 171).
Tumor immune estimation resource version 2 (TIMER2.0; http://timer.cistrome.org), Gene-DE, and Gene-Surv modules were used to analyze the differential PDEMRG expressions between tumor and adjacent normal tissues and their relationship with pan-cancer outcomes. The correlation between PDEMRG expressions and immune infiltration concerning different immune cell types was also obtained from TIMER2.0 database.
Statistical Analysis
R packages “survival” and “survminer” were used to divide the subjects into high- and low-risk cohorts with respect to the median risk score. The receiver operating characteristic (ROC) curves and area under the curve (AUC) value calculated using the “survivalROC” package of the Rstudio software were used to identify the metabolic risk score accuracy. The Kaplan–Meier curves with log-rank tests were used to compare the survival rates with each other. Univariable and multivariable Cox regression analyses were performed for the subsequent clinical analyses. The resulting data were presented using the “pheatmap” and “ggplot2” packages of Rstudio.
RESULTS
Identification of DMREGs in Pancreatic Adenocarcinoma Patients
In the training dataset, 77 DEMRGs were identified compared with normal tissues, among which there were 43 upregulated genes and 34 downregulated genes in PAAD (Supplementary Figure S1).
A total of six PDEMRGs (five high-risk genes and one low-risk gene) were significantly related to the OS in PAAD patients (Figure 1). The mRNA expressions of all six genes were upregulated in PAAD.
[image: Figure 1]FIGURE 1 | Identification of PDEMRGs in PAAD using TCGA database: forest plot of six PDEMRGs obtained from univariable Cox regression analysis (p ≤ 0.01): high-risk genes are represented in red (hazard ratios, HR > 1) and low-risk genes are represented in green (HR ≤ 1).
Establishment and Validation of the Prognostic Risk Model
Using LASSO Cox regression analysis, six genes with high coefficients were selected to develop the metabolic risk score (Table 1). Among them, xanthine dehydrogenase (XDH), membrane-bound O-acyltransferase domain containing 2 (MBOAT2), prostaglandin E synthase (PTGES), adenylate kinase 4 (AK4), and phosphoribosylaminoimidazole carboxylase and synthase (PAICS) were identified as high-risk genes; while creatine kinase B-type (CKB) was identified as a low-risk gene. The formula for the metabolic risk score is as follows: metabolic risk score = (0.0208 × expression of XDH) + (0.0286 × expression of MBOAT2) + (0.0025 × expression of PTGES) + (0.0620 × expression of AK4) + (0.0229 × expression of PAICS) − (0.0140 × expression of CKB). The metabolic risk score of each subject in the training and validation cohorts was calculated according to this formula. Then, the subjects were divided into high- and low-risk groups based on the median score of the training cohort.
TABLE 1 | Metabolic risk score with respect to the six genes developed according to LASSO Cox regression analysis.
[image: Table 1]The overall survival results of the patients in the high- and low-risk cohorts were compared using the Kaplan–Meier curves in the training (Figure 2A) and validation (Figure 2B) cohorts to identify the prognostic differences. The OS of the high-risk group was poorer than that of the low-risk group (p ≤ 0.05) (Figures 2A,B).
[image: Figure 2]FIGURE 2 | Establishment and validation of the metabolic genes prognostic risk model: (A,B) Kaplan–Meier curve analysis comparing the OS between patients in high-risk and low-risk groups in training and validation cohorts; (C,D) survival prediction ROC curves of the risk model and other clinical indices from two cohorts; (E,F) from top to bottom, there are the six PDEMRG expression patterns, risk score distribution of patients, and their survival status scatter plots in the training and validation cohorts.
The ROC analysis was used to assess the sensitivity and specificity of the metabolic risk score. The 2-year survival AUCs were 0.61 and 0.66 in the training (Figure 2C) and validation cohorts (Figure 2D), respectively.
Heat maps were used to compare the expressions of six metabolic genes. In each dataset, their expressions slightly varied but overall remained relatively consistent (Figures 2E,F). Moreover, dot plots demonstrated that the survival rate of patients in the low-risk cohort was better than that of the patients in the high-risk cohort (Figures 2E,F).
Univariable and Multivariable Analyses
In addition to the metabolic risk score, the following values were examined in the training cohort: age, sex, grade, stage, T-stage, and N-stage (Figures 3A,B). Moreover, the stage values were assessed in the validation cohort regarding univariable and multivariable Cox regression analyses (Figures 3C,D).
[image: Figure 3]FIGURE 3 | Independent value of the metabolism-related gene prognostic risk model: (A,B) forest plots of the univariable and multivariable Cox regression analyses of the relationship between risk model or clinical factors and OS in the training cohort; (C,D) forest plots of the univariable and multivariable Cox regression analyses in the validation cohort.
The clinical covariates of the training and validation cohorts are listed in Table 2. Among other clinical factors, the results of multivariate analysis suggest that the metabolic risk is an independent prognostic factor, with hazard ratios of 2.539 (95% CI: 1.271–5.073) and 3.648 (95% CI: 1.495–8.905) in the training (Figure 3B) and validation cohorts (Figure 3D), respectively.
TABLE 2 | Clinical covariates of the training and validation cohorts.
[image: Table 2]Gene Set Enrichment and Molecular Functional Relevance Analyses
GSEA was performed on each dataset to explore metabolism-related and other enriched KEGG pathways associated with metabolic covariates. In the training cohort, a high-risk group with significant enrichment pathways was concentrated on the p53 signaling pathway, cell cycle, glycosphingolipid biosynthesis lacto and neolacto series, pentose phosphate, glycolysis gluconeogenesis, drug metabolism enzymes, pyrimidine metabolism, and pancreatic cancer pathways (Figure 4A).
[image: Figure 4]FIGURE 4 | Significantly enriched KEGG pathways in the training cohort via GSEA and molecular functional relevance analysis: (A,B) enriched pathways of the high-risk group in the training cohort. (C) Enriched terms of GO-BP among the six PDEMRGs obtained from Metascape. (D) Protein–protein interactions among the six PDEMRGs obtained from STRING.
Other identified pathways included the galactose metabolism glycosaminoglycan biosynthesis of keratan sulfate, adherens junction, tight junction, mismatch repair, base excision repair, nucleotide excision repair, and proteasome pathways. Moreover, the following pathways were present in cancer cells: O glycan biosynthesis, N glycan biosynthesis, and oocyte meiosis pathways (Figure 4B). The pathways with significant enrichment in the high-risk validation cohort included glycosaminoglycan degradation, DNA replication, and drug metabolism enzymes pathways (Supplementary Figure S2).
From the Metascape analysis results, two enriched gene ontology biological process terms (GO-BP) were obtained among the six PDEMRGs: the AMP metabolic (three genes) and organophosphate biosynthetic process results (four genes) (Figure 4C). The protein–protein interactions among the six PDEMRGs obtained from the STRING database were also analyzed, and no interactions were found (Figure 4D).
Validation of the Identified Metabolism-Related Mutations Through Public Computational Tools
GEPIA showed that all the genes included (XDH, MBOAT2, PTGES, AK4, PAICS, and CKB) in the model exhibited different PAAD mRNA expressions compared with normal pancreatic tissues (p ≤ 0.05) (Figure 5A). However, their expression levels did not differ with the stages (Figure 5B). XDH, MBOAT2, PTGES, AK4, PAICS, and CKB were upregulated and their results were consistent with those of the proposed model.
[image: Figure 5]FIGURE 5 | Expression levels of the six PDEMRGs obtained from GEPIA database: (A–F) mRNA expression levels of the six PDEMRGs in PAAD and normal pancreatic tissues obtained from GEPIA database (*p ≤ 0.05)—red represents PAAD and gray represents normal pancreatic tissues, and (G–L) mRNA expression levels of the six PDEMRGs in PAAD with disease stage obtained from GEPIA database.
The correlations between the gene expression level in pan-cancer and other TCGA tumors, as well as the clinical outcomes, were analyzed using the TIMER database. The expressions of six PDEMRGs varied among TCGA tumors, which could be a prognostic factor in some tumors (Supplementary Figures S3–S5). The expression of XDH was higher in bladder urothelial carcinoma, cervical squamous cell carcinoma, endocervical adenocarcinoma, esophageal carcinoma, kidney renal clear cell carcinoma, kidney renal papillary cell carcinoma, lung adenocarcinoma, lung squamous cell carcinoma, and uterine corpus endometrial carcinoma, compared with corresponding normal tissues. However, its expression was lower in breast invasive carcinoma, cholangiocarcinoma, colon adenocarcinoma, liver hepatocellular carcinoma, and rectum adenocarcinoma. The XDH expression was a poor prognostic factor in adrenocortical carcinoma and kidney chromophobe but a good prognostic factor in liver hepatocellular carcinoma clinical outcomes (Supplementary Figures S3, S5). The correlation between the other five PDEMRG expression levels in pan-cancer and other TCGA tumors and clinical outcomes is documented in (Supplementary Figures S3–S5).
The correlations among the expression of six PDEMRGs and different types of immune cells in PAAD were also identified; they were correlated with the infiltration of tumor purity, CD4+ T cells, CD8+ T cells, B cells, neutrophils, and myeloid-derived suppressor cells (MDSC) (Figures 6A–F). The CKB expression was positively correlated with tumor purity (Cox = 0.196, p = 1.01e−02) and infiltration of some immune cells, including CD4+ T cells (Cox = 0.161, p = 3.54e−02), MDSC (Cox = 0.227, p = 2.86e−3). On the other hand, it was negatively correlated with CD8+ T cells (Cox = −0.185, p = 1.54e−02) and neutrophils (Cox = −0.223, p = 3.39e−3) (Figure 6F). The expression of XDH and MBOAT2 was positively correlated with the infiltration of B cells (Cox = 0.255, p = 7.71e−04; Cox = 0.205, p = 7.28e−03) and MDSC (Cox = 0.384, p = 2.14e−7; Cox = 0.564, p = 1.0e−15) (Figures 6A,B). A negative correlation between PTGES expression and infiltration of CD4+ T cells (Cox = −0.16, p = 3.65e−02), and positive correlation with the infiltration of MDSC (Cox = 0.522, p = 2.52e−13) was observed (Figure 6C). The expressions of AK3L1 and PAICS were positively correlated with the infiltration of B cells (Cox = 0.199, p = 9.19e−03; Cox = 0.232, p = 2.31e−03), neutrophils (Cox = 0.174, p = 2.27e−02; Cox = 0.161, p = 3.50e−02), and MDSC (Cox = 0.407, p = 3.27e−08; Cox = 0.519, p = 3.74e−13). On the other hand, they were negatively correlated with the infiltration of CD4+ T cells (Cox = −0.169, p = 2.74e−02; Cox = −0.261, p = 5.72e−04) (Figures 6D,E).
[image: Figure 6]FIGURE 6 | Correlation among the expressions of six PDEMRGs and different immune cell types in PAAD patients obtained using TIMER 2.0 database (A–F) Correlation among the expression levels of XDH, MBOAT2, PTGES, AK3L1, PAICS, and CKB and infiltration of immune cells in PAAD.
DISCUSSION
A novel six-metabolism-related gene prognostic risk score was constructed based on TCGA-PAAD dataset, whose results were validated using the GSE57495 dataset. GEPIA corroborated the differences in six-metabolism-related gene expression between PAAD tissues (n = 179) and normal pancreatic tissues (n = 171). Multivariable analysis demonstrated that the metabolic risk score was an independent prognostic factor in PAAD.
The formula of the metabolic risk score proposed in this study underlined that CKB was related to a favorable survival outcome; moreover, the other five genes (XDH, MBOAT2, PTGES, AK4, and PAICS) were associated with unfavorable survival outcomes.
XDH belongs to a group of molybdenum-containing hydroxylases that are involved in the oxidative metabolism of purines. These encoded proteins perform different mechanistic functions. XDH can be converted into xanthine oxidase through reversible sulfhydryl oxidation or irreversible proteolytic modification. XDH is highly expressed in the small intestine, duodenum, liver, and colon tissues. The expression of XDH decreased in some cancer types such as prostate, colon, breast, liver, bladder, and leukemia (Xu et al., 2019). Moreover, the low expression of XDH was associated with poor prognoses in various types of cancers, including colorectal cancer (Linder et al., 2009), early-stage gastric cancer (Linder et al., 2006), breast cancer (Linder et al., 2005), ovarian cancer (Linder et al., 2012), and hepatocellular carcinoma (Chen G.-L. et al., 2017; Sun et al., 2020; Lin et al., 2021). Indeed, decreased XDH may mediate immune evasion by affecting the immune cell infiltration into the tumor microenvironment (Lin et al., 2021). Other researchers have demonstrated that low XDH can induce cancer stem cell-related gene expression in hepatocellular carcinoma (Chen R. et al., 2017; Sun et al., 2020). Among non-small-cell lung cancer (NSCLC) patients who received adjuvant chemotherapy, high xanthine oxidase expression levels were associated with a better prognosis (Kim et al., 2011). Other researchers have reported that high tumoral XDH expression is an independent predictor of poor prognosis in patients with lung adenocarcinoma (Konno et al., 2012). Using the TIMER2.0, we found that the expression of XDH was a poor prognostic factor in adrenocortical carcinoma and kidney chromophobe but a good prognostic factor in liver hepatocellular carcinoma clinical outcomes. Furthermore, the expression of XDH varied among TCGA tumors (Supplementary Figures S3, S5). In our model, a high mRNA level of XDH could increase the risk score, resulting in poor survival in PAAD patients. The expression of XDH was positively correlated with the infiltration of B cells and MDSC in PAAD cases (Figure 6A).
MBOAT2 is broadly expressed in the bone marrow, brain, esophagus, prostate, and skin. This gene is involved in phospholipid metabolism. The results of previous studies were consistent with the results of this study, indicating that MBOAT2 was overexpressed in the neoplastic epithelia of pancreatic ductal adenocarcinoma and was inversely correlated with patient survival (Badea et al., 2008). The role of circ-MBOAT2 in modulating tumor development and glutamine catabolism in pancreatic cancer has been confirmed in the literature (Zhou et al., 2021). MBOAT2 is differentially expressed in various types of tumors (Supplementary Figure S3). The mRNA expression of MBOAT2 might be responsible for the prognosis of multiple tumors. For example, the high mRNA level of MBOAT2 can increase the risk of poor prognosis of adrenocortical carcinoma, bladder urothelial carcinoma, head and neck squamous cell carcinoma HPV+, liver hepatocellular carcinoma, mesothelioma, pheochromocytoma, paraganglioma, uterine corpus endometrial carcinoma, and uveal melanoma. However, it can decrease the risk of poor prognosis in breast invasive carcinoma-basal (Supplementary Figure S5). The expression of MBOAT2 is positively correlated with the infiltration of B cells and MDSC in PAAD cases (Figure 6B).
The protein encoded by the PTGES gene is a glutathione-dependent prostaglandin E synthase. PTGES is biased-expressed in the placenta, urinary bladder, appendix, skin, and testis. PTGES can produce prostaglandin E2 (PGE2) through the pro-inflammatory cytokine interleukin 1 beta (IL1B). In addition, PGE2 mediates inflammation, pain, and fever (Ackerman et al., 2008; Wang et al., 2019). PTGES can promote bone cancer growth and bone cancer pain in mice (Isono et al., 2011). In patients with NSCLC, the expression of PTGES is significantly elevated and strongly related to poor clinical outcomes (Wang et al., 2019). PTGES/PGE2-signaling promotes lung metastasis in a lung tumor suppressor gene Gprc5a-knockout mouse model by creating an immunosuppressive microenvironment (Wang et al., 2020). The expression of PTGES varies among TCGA tumors and is related to the poor prognosis of glioblastoma multiforme, kidney renal clear cell carcinoma, liver hepatocellular carcinoma, rectal adenocarcinoma, and uveal melanoma. However, it is related to the good prognosis of head and neck squamous cell carcinoma HPV+ (Supplementary Figures S3, S5). The expression of PTGES is negatively correlated with the infiltration of CD4+ T cells but positively correlated with the infiltration of MDSC in PAAD cases (Figure 6C).
AK4, also known as “AK3L1,” is a member of the adenylate kinase enzyme family that is involved in energy metabolism. AK4 is biased-expressed in the kidney, liver, fat, heart, skin, and brain tissues. The encoded protein is localized to the mitochondrial matrix and can regulate the adenine and guanine nucleotide compositions within a cell by catalyzing the reversible transfer of phosphate groups among these nucleotides. Subsequently, it affects stress, ATP regulation, drug resistance, hypoxia tolerance, and malignant transformation in cancer (Fujisawa et al., 2016). Previous studies have found that AK4 is a poor prognosis marker of lung cancer (Jan et al., 2012) because it can negatively regulate the transcription factor ATF3 to promote the metastasis of lung cancer (Jan et al., 2012; Kong et al., 2013). AK4 also acts as a carcinogen in ovarian carcinoma (Tan et al., 2021) and is associated with multidrug resistance in osteosarcoma cell lines (Lei et al., 2018). The expression of AK3L1 varies among TCGA tumors and is negatively correlated with the prognosis of cervical squamous cell carcinoma, endocervical adenocarcinoma, head and neck squamous cell carcinoma, head and neck squamous cell carcinoma HPV+, kidney chromophobe, liver hepatocellular carcinoma, lung adenocarcinoma, stomach adenocarcinoma, uterine corpus endometrial carcinoma, and uveal melanoma. However, it is positively correlated with the clinical outcomes of lymphoid neoplasm diffuse large B-cell lymphoma (Supplementary Figures S4, S5). The expression of AK3L1 is positively correlated with the infiltration of B cells, neutrophils, and MDSC but negatively correlated with the infiltration of CD4+ T cells in PAAD cases (Figure 6D).
PAICS encodes a bifunctional enzyme that catalyzes purine biosynthesis and contains phosphoribosylaminoimidazole carboxylase activity in its N-terminal region and phosphoribosylaminoimidazole succinocarboxamide synthetase in its C-terminal region. PAICS is ubiquitously expressed in the placenta, appendix, adrenal gland, lymph node, testis, and liver. PAICS, a de novo purine metabolic enzyme, is significantly overexpressed in several tumor types, including lung adenocarcinoma, breast cancer, diffuse large B-cell lymphoma, and prostate cancer (Chakravarthi et al., 2017; Akashi et al., 2019; Zhou et al., 2019). The expression of PAICS varies among TCGA tumors and is a poor prognosis factor responsible for breast invasive carcinoma, breast invasive carcinoma-LumA, cervical squamous cell carcinoma, endocervical adenocarcinoma, head and neck squamous cell carcinoma, kidney chromophobe, kidney renal papillary cell carcinoma, brain lower grade glioma, liver hepatocellular carcinoma, lung adenocarcinoma, mesothelioma, sarcoma, and thyroid carcinoma (Supplementary Figures S4, S5). The expression of PAICS is positively correlated with the infiltration of B cells, neutrophils, and MDSC but negatively correlated with the infiltration of CD4+ T cells in PAAD cases (Figure 6E).
CKB encodes a cytoplasmic enzyme that is a member of the ATP:guanido phosphotransferase protein family involved in energy homeostasis. It can reversibly catalyze the transfer of phosphate between ATP and various phosphagens such as creatine phosphate. It is broadly expressed in the colon, brain, prostate, and stomach tissues. The mRNA expression level of CKB increases with an unmethylated CKB promoter in hematologic malignancies (Ishikawa et al., 2005). However, public RNA-seq datasets indicate that CKB is downregulated in human solid tumors, and its lower expression is associated with a worse prognosis in cervical, head–neck, colon (Mooney et al., 2011), gastric (Mello et al., 2015), kidney, ovarian, pancreatic and sarcoma prostate cancer patients (Wang et al., 2021). Another study reported that the CKB expression level is increased in some ovarian cancer tissues, and the knockdown of CKB can delay disease progression by decreasing glycolysis (Li et al., 2013). The expression of CKB varies among TCGA tumors and is associated with a good prognosis of cervical squamous cell carcinoma, endocervical adenocarcinoma, and kidney chromophobe. However, it is associated with poor prognosis of thyroid carcinoma prognosis (Supplementary Figures S4, S5). We identified CKB as a low-risk gene. In addition, the public transcriptomic data reported in TIMER 2.0 identified a negative correlation between CKB and infiltration of immune cells in PAAD patients. This serves as another validation method for our analysis. Although we have identified CKB as a low-risk gene; public transcriptomic data reported in TIMER 2.0 identified a negative correlation between CKB and infiltration of CD8+ T cells and neutrophils in PAAD patients (Figure 6F).
GSEA demonstrated that the most-abundant metabolism-related pathways are concentrated in the high-score risk score groups. Regarding the enrichment of genes regulating the glycosphingolipid biosynthesis of lacto and neolacto series, pentose phosphate and glycolysis gluconeogenesis, galactose metabolism, glycolysis gluconeogenesis, pyrimidine metabolism, galactose metabolism, O glycan biosynthesis, N glycan biosynthesis, and glycosaminoglycan biosynthesis–keratan sulfate pathway, the related biosynthesis pathway indicates an increased nutrient demand by cancer cells. Other pathways, including the p53 signaling pathway, cell cycle, adherens junction, tight junction, pancreatic cancer, base excision repair, nucleotide excision repair, mismatch repair, and proteasome pathways, in cancer indicate the promotion of cell biosynthesis.
The most involved GO-BPs among the six PDEMRGs were the AMP metabolic process and organophosphate biosynthetic process. They might synergize to transduce a molecular pathway even though there were no protein–protein interactions described between them until now. Note that this needs to be further verified.
The expressions of six PDEMRGs in pan-cancer were obtained from TCGA, and their association with outcomes was obtained from TIMER2.0 database. Accordingly, we can observe that these genes are crucial in the development of different tumor types. The expressions of six PDEMRGs were associated with immune infiltration in PAAD patients.
This study had several important limitations. First, it was not possible to obtain more clinical information using the data obtained from the GEO database. Second, it was not possible to adjust the data regarding the impact of therapy on survival rates. Therefore, the score obtained should be considered as prognostic rather than predictive because therapeutic factors cannot be excluded. Third, in real-world applications, the significance of the metabolic-related gene risk model should be further confirmed. To that end, basic experiments should be conducted to explore the potential pathogenesis, which include, but are not limited to, the use of the six PDEMRGs siRNA/cDNA in vitro to transfect pancreatic cancer cell lines to silence or overexpress target genes or inhibit the expression or function of high-risk genes with inhibitors. Then, cell viability, cell cycle, apoptosis, tumor metastasis, and invasion should be evaluated, which require other phenotypic experiments. In vivo experiments include utilizing PDEMRG inhibitors on xenogeneic tumor transplanted mice and the transplantation of ordinary tumor cells and gene knockout/overexpression tumor cells to observe the tumor growth and metastasis ability. Further research should be conducted to study the signaling pathways affecting the influence of PDEMRGs on tumor growth and interaction with their corresponding signal pathway markers. With the wide application of second-generation sequencing technologies in clinical practice, researchers will be able to conduct prospective research using our model.
In conclusion, a prognostic survival model for PAAD cases based on the expressions of metabolism-related genes was developed and validated in this study. Multivariable analyses showed that the metabolic risk score was an independent predictor of the survival rate and reflected the disordered metabolism of PAAD patients.
This risk model can be used as an effective method to predict the prognosis of PAAD patients.
DATA AVAILABILITY STATEMENT
The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found below: The website of GEO dataset is https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE57495. The data from TCGA accession ID is TCGA-PAAD.
AUTHOR CONTRIBUTIONS
Conceptualization: L-YX, CW, Y-HT, and LZ. Data curation: L-YX and H-YH. Formal analysis: L-YX. Investigation: H-YH, TF, J-YL, X-JZ, Y-LH, and Y-XX. Methodology: L-YX. Project administration: LZ. Software: L-YX. Validation: L-YX. Visualization: L-YX. Writing—original draft: L-YX. Writing—review and editing: all authors.
FUNDING
This study was supported by Health commission of Jilin Province (NO. 2017J063) and Department of Finance of Jilin Province (NO. JLSWSRCZ2020-0048).
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors, and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2022.804190/full#supplementary-material
ABBREVIATIONS
ATP, adenosine triphosphate; AUCs, areas under the curve; CI, confidence interval; DEGs, differentially expressed genes; DEMRGs, differentially expressed MRGs; eNOS, endothelial nitric oxide synthase; FPKM, fragments per kilobase million; GEPIA, Gene Expression Profiling Interactive Analysis database; GEO, Gene Expression Omnibus; GSEA, gene set enrichment analysis; HR, hazard ratio; iNOS, inducible nitric oxide synthase; KEGG, Kyoto Encyclopedia of Genes and Genomes; LASSO, least absolute shrinkage and selection operator; MDSC, myeloid-derived suppressor cells; MRGs, metabolism-related genes; NSCLC, non-small-cell lung cancer; PAAD, pancreatic adenocarcinoma; PDAC, pancreatic ductal adenocarcinoma; PGE, prostaglandin E2; OS, overall survival; STRING, Search Tool for the Retrieval of Interacting Genes; ROC, receiver operating characteristic; TCGA: the Adenocarcinoma Genome Atlas; TME, tumor microenvironment.
REFERENCES
 Ackerman, W. E., Summerfield, T. L. S., Vandre, D. D., Robinson, J. M., and Kniss, D. A. (2008). Nuclear Factor-Kappa B Regulates Inducible Prostaglandin E Synthase Expression in Human Amnion Mesenchymal Cells1. Biol. Reprod. 78, 68–76. doi:10.1095/biolreprod.107.061663
 Akakura, N., Kobayashi, M., Horiuchi, I., Suzuki, A., Wang, J., Chen, J., et al. (2001). Constitutive Expression of Hypoxia-Inducible Factor-1alpha Renders Pancreatic Cancer Cells Resistant to Apoptosis Induced by Hypoxia and Nutrient Deprivation. Cancer Res. 61, 6548–6554. https://pubmed.ncbi.nlm.nih.gov/11522653/
 Akashi, K., Maeda, T., Kato, K., Ohshima, K., Taylor, D., Osborne, S., et al. (2019). Paics Inhibition is a Potential Therapeutic Strategy for MYC-Positive DLBCL. Blood 134 (Supplement_1), 396. doi:10.1182/blood-2019-129613
 Altman, B. J., Stine, Z. E., and Dang, C. V. (2016). Erratum: From Krebs to Clinic: Glutamine Metabolism to Cancer Therapy. Nat. Rev. Cancer 16, 749. doi:10.1038/nrc.2016.114
 Badea, L., Herlea, V., Dima, S. O., Dumitrascu, T., and Popescu, I. (2008). Combined Gene Expression Analysis of Whole-Tissue and Microdissected Pancreatic Ductal Adenocarcinoma Identifies Genes Specifically Overexpressed in Tumor Epithelia. Hepatogastroenterology 55, 2016–2027. https://pubmed.ncbi.nlm.nih.gov/19260470/
 Chakravarthi, B. V. S. K., Goswami, M. T., Pathi, S. S., Dodson, M., Chandrashekar, D. S., Agarwal, S., et al. (2017). Expression and Role of PAICS, a De Novo Purine Biosynthetic Gene in Prostate Cancer. Prostate 77, 10–21. doi:10.1002/path.566510.1002/pros.23243
 Chen, G.-L., Ye, T., Chen, H.-L., Zhao, Z.-Y., Tang, W.-Q., Wang, L.-S., et al. (2017a). Xanthine Dehydrogenase Downregulation Promotes TGFβ Signaling and Cancer Stem Cell-Related Gene Expression in Hepatocellular Carcinoma. Oncogenesis 6, e382. doi:10.1038/oncsis.2017.81
 Chen, R., Lai, L. A., Sullivan, Y., Wong, M., Wang, L., Riddell, J., et al. (2017b). Disrupting Glutamine Metabolic Pathways to Sensitize Gemcitabine-Resistant Pancreatic Cancer. Sci. Rep. 7, 7950. doi:10.1038/s41598-017-08436-6
 Commisso, C., Davidson, S. M., Soydaner-Azeloglu, R. G., Parker, S. J., Kamphorst, J. J., Hackett, S., et al. (2013). Macropinocytosis of Protein Is an Amino Acid Supply Route in Ras-Transformed Cells. Nature 497, 633–637. doi:10.1038/nature12138
 Dasgupta, A., Shukla, S. K., Gunda, V., King, R. J., and Singh, P. K. (2019). Evaluating the Metabolic Alterations in Pancreatic Cancer. Methods Mol. Biol. 1882, 221–228. doi:10.1007/978-1-4939-8879-2_20
 Flowers, B. M., Xu, H., Mulligan, A. S., Hanson, K. J., Seoane, J. A., Vogel, H., et al. (2021). Cell of Origin Influences Pancreatic Cancer Subtype. Cancer Discov. 11, 660–677. doi:10.1158/2159-8290.CD-20-0633
 Fujisawa, K., Terai, S., Takami, T., Yamamoto, N., Yamasaki, T., Matsumoto, T., et al. (2016). Modulation of Anti-cancer Drug Sensitivity through the Regulation of Mitochondrial Activity by Adenylate Kinase 4. J. Exp. Clin. Cancer Res. 35, 48. doi:10.1186/s13046-016-0322-2
 Fujita, M., Imadome, K., Endo, S., Shoji, Y., Yamada, S., and Imai, T. (2014). Nitric Oxide Increases the Invasion of Pancreatic Cancer Cells via Activation of the PI3K-AKT and RhoA Pathways after Carbon Ion Irradiation. FEBS Lett. 588, 3240–3250. doi:10.1016/j.febslet.2014.07.006
 Guillaumond, F., Leca, J., Olivares, O., Lavaut, M.-N., Vidal, N., Berthezène, P., et al. (2013). Strengthened Glycolysis under Hypoxia Supports Tumor Symbiosis and Hexosamine Biosynthesis in Pancreatic Adenocarcinoma. Proc. Natl. Acad. Sci. U.S.A. 110, 3919–3924. doi:10.1073/pnas.1219555110
 Ishikawa, J., Taniguchi, T., Takeshita, A., and Maekawa, M. (2005). Increased Creatine Kinase BB Activity and CKB mRNA Expression in Patients with Hematologic Disorders: Relation to Methylation Status of the CKB Promoter. Clinica Chim. Acta 361, 135–140. doi:10.1016/j.cccn.2005.05.028
 Isono, M., Suzuki, T., Hosono, K., Hayashi, I., Sakagami, H., Uematsu, S., et al. (2011). Microsomal Prostaglandin E Synthase-1 Enhances Bone Cancer Growth and Bone Cancer-Related Pain Behaviors in Mice. Life Sci. 88, 693–700. doi:10.1016/j.lfs.2011.02.008
 Jan, Y.-H., Tsai, H.-Y., Yang, C.-J., Huang, M.-S., Yang, Y.-F., Lai, T.-C., et al. (2012). Adenylate Kinase-4 Is a Marker of Poor Clinical Outcomes that Promotes Metastasis of Lung Cancer by Downregulating the Transcription Factor ATF3. Cancer Res. 72, 5119–5129. doi:10.1158/0008-5472.CAN-12-1842
 Kim, A. W., Batus, M., Myint, R., Fidler, M. J., Basu, S., Bonomi, P., et al. (2011). Prognostic Value of Xanthine Oxidoreductase Expression in Patients with Non-small Cell Lung Cancer. Lung Cancer 71, 186–190. doi:10.1016/j.lungcan.2010.05.006
 Kong, F., Binas, B., Moon, J. H., Kang, S. S., and Kim, H. J. (2013). Differential Expression of Adenylate Kinase 4 in the Context of Disparate Stress Response Strategies of HEK293 and HepG2 Cells. Arch. Biochem. Biophys. 533, 11–17. doi:10.1016/j.abb.2013.02.014
 Konno, H., Minamiya, Y., Saito, H., Imai, K., Kawaharada, Y., Motoyama, S., et al. (2012). Acquired Xanthine Dehydrogenase Expression Shortens Survival in Patients with Resected Adenocarcinoma of Lung. Tumor Biol. 33, 1727–1732. doi:10.1007/s13277-012-0431-2
 Lei, W., Yan, C., Ya, J., Yong, D., Yujun, B., and Kai, L. (2018). MiR-199a-3p Affects the Multi-Chemoresistance of Osteosarcoma through Targeting AK4. BMC Cancer 18, 631. doi:10.1186/s12885-018-4460-0
 Li, X.-H., Chen, X.-J., Ou, W.-B., Zhang, Q., Lv, Z.-R., Zhan, Y., et al. (2013). Knockdown of Creatine Kinase B Inhibits Ovarian Cancer Progression by Decreasing Glycolysis. Int. J. Biochem. Cel Biol. 45, 979–986. doi:10.1016/j.biocel.2013.02.003
 Lim, K.-H., Ancrile, B. B., Kashatus, D. F., and Counter, C. M. (2008). Tumour Maintenance Is Mediated by eNOS. Nature 452, 646–649. doi:10.1155/2020/507376210.1038/nature06778
 Lin, Z., Xie, Y.-Z., Zhao, M.-C., Hou, P.-P., Tang, J., and Chen, G.-L. (2021). Xanthine Dehydrogenase as a Prognostic Biomarker Related to Tumor Immunology in Hepatocellular Carcinoma. Cancer Cel Int 21, 475. doi:10.1186/s12935-021-02173-7
 Linder, N., Bützow, R., Lassus, H., Lundin, M., and Lundin, J. (2012). Decreased Xanthine Oxidoreductase (XOR) Is Associated with a Worse Prognosis in Patients with Serous Ovarian Carcinoma. Gynecol. Oncol. 124, 311–318. doi:10.1016/j.ygyno.2011.10.026
 Linder, N., Haglund, C., Lundin, M., Nordling, S., Ristimaki, A., Kokkola, A., et al. (2006). Decreased Xanthine Oxidoreductase Is a Predictor of Poor Prognosis in Early-Stage Gastric Cancer. J. Clin. Pathol. 59, 965–971. doi:10.1136/jcp.2005.032524
 Linder, N., Lundin, J., Isola, J., Lundin, M., Raivio, K. O., and Joensuu, H. (2005). Down-regulated Xanthine Oxidoreductase Is a Feature of Aggressive Breast Cancer. Clin. Cancer Res. 11 (12), 4372–4381. doi:10.1158/1078-0432.CCR-04-2280
 Linder, N., Martelin, E., Lundin, M., Louhimo, J., Nordling, S., Haglund, C., et al. (2009). Xanthine Oxidoreductase - Clinical Significance in Colorectal Cancer and In Vitro Expression of the Protein in Human colon Cancer Cells. Eur. J. Cancer 45, 648–655. doi:10.1016/j.ejca.2008.10.036
 Mello, A. A., Leal, M. F., Rey, J. A., Pinto, G. R., Lamarão, L. M., Montenegro, R. C., et al. (2015). Deregulated Expression of SRC, LYN and CKB Kinases by DNA Methylation and its Potential Role in Gastric Cancer Invasiveness and Metastasis. PLoS One 10, e0140492. doi:10.1371/journal.pone.0140492
 Mikuriya, K., Kuramitsu, Y., Ryozawa, S., Fujimoto, M., Mori, S., Oka, M., et al. (2007). Expression of Glycolytic Enzymes Is Increased in Pancreatic Cancerous Tissues as Evidenced by Proteomic Profiling by Two-Dimensional Electrophoresis and Liquid Chromatography-Mass Spectrometry/mass Spectrometry. Int. J. Oncol. 30, 849–855. doi:10.3892/ijo.30.4.849
 Mooney, S. M., Rajagopalan, K., Williams, B. H., Zeng, Y., Christudass, C. S., Li, Y., et al. (2011). Creatine Kinase Brain Overexpression Protects Colorectal Cells from Various Metabolic and Non-metabolic Stresses. J. Cel. Biochem. 112, 1066–1075. doi:10.1002/jcb.23020
 Qin, C., Yang, G., Yang, J., Ren, B., Wang, H., Chen, G., et al. (2020). Metabolism of Pancreatic Cancer: Paving the Way to Better Anticancer Strategies. Mol. Cancer 19, 50. doi:10.1186/s12943-020-01169-7
 Shi, M., Cui, J., Du, J., Wei, D., Jia, Z., Zhang, J., et al. (2014). A Novel KLF4/LDHA Signaling Pathway Regulates Aerobic Glycolysis in and Progression of Pancreatic Cancer. Clin. Cancer Res. 20, 4370–4380. doi:10.1158/1078-0432.CCR-14-0186
 Singhi, A. D., and Wood, L. D. (2021). Early Detection of Pancreatic Cancer Using DNA-Based Molecular Approaches. Nat. Rev. Gastroenterol. Hepatol. 18, 457–468. doi:10.1038/s41575-021-00470-0
 Sun, Q., Zhang, Z., Lu, Y., Liu, Q., Xu, X., Xu, J., et al. (2020). Loss of Xanthine Oxidoreductase Potentiates Propagation of Hepatocellular Carcinoma Stem Cells. Hepatology 71, 2033–2049. doi:10.1002/hep.3097810.1002/hep.30978
 Sung, H., Ferlay, J., Siegel, R. L., Laversanne, M., Soerjomataram, I., Jemal, A., et al. (2021). Global Cancer Statistics 2020: GLOBOCAN Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries. CA A. Cancer J. Clin. 71, 209–249. doi:10.3322/caac.2160910.3322/caac.21660
 Tan, H., Wu, C., Huang, B., Jin, L., and Jiang, X. (2021). MiR-3666 Serves as a Tumor Suppressor in Ovarian Carcinoma by Down-Regulating AK4 via Targeting STAT3. Cbm 30, 355–363. doi:10.3233/CBM-190538
 Vaziri-gohar, A., Zarei, M., Brody, J. R., and Winter, J. M. (2018). Metabolic Dependencies in Pancreatic Cancer. Front. Oncol. 8, 617. doi:10.1038/s41388-022-02183-310.3389/fonc.2018.00617
 Vernucci, E., Abrego, J., Gunda, V., Shukla, S. K., Dasgupta, A., Rai, V., et al. (2019). Metabolic Alterations in Pancreatic Cancer Progression. Cancers (Basel) 12, 2. doi:10.3390/diagnostics1109154110.3390/cancers12010002
 Vickers, S. M., Macmillan-crow, L., Green, M., Ellis, C., and Thompson, J. (1999). Association of Increased Immunostaining for Inducible Nitric Oxide Synthase and Nitrotyrosine with Fibroblast Growth Factor Transformation in Pancreatic Cancer. Arch. Surg. 134, 245–251. doi:10.1001/archsurg.134.3.245
 Wang, J., He, P., Gaida, M., Yang, S., Schetter, A. J., Gaedcke, J., et al. (2016). Inducible Nitric Oxide Synthase Enhances Disease Aggressiveness in Pancreatic Cancer. Oncotarget 7, 52993–53004. doi:10.18632/oncotarget.10323
 Wang, T., Jing, B., Sun, B., Liao, Y., Song, H., Xu, D., et al. (2019). Stabilization of PTGES by Deubiquitinase USP9X Promotes Metastatic Features of Lung Cancer via PGE2 Signaling. Am. J. Cancer Res. 9 (6), 1145–1160. https://pubmed.ncbi.nlm.nih.gov/31285948/
 Wang, T., Jing, B., Xu, D., Liao, Y., Song, H., Sun, B., et al. (2020). PTGES/PGE2 Signaling Links Immunosuppression and Lung Metastasis in Gprc5a-Knockout Mouse Model. Oncogene 39, 3179–3194. doi:10.1038/s41388-020-1207-6
 Wang, Z., Hulsurkar, M., Zhuo, L., Xu, J., Yang, H., Naderinezhad, S., et al. (2021). CKB Inhibits Epithelial-Mesenchymal Transition and Prostate Cancer Progression by Sequestering and Inhibiting AKT Activation. Neoplasia 23, 1147–1165. doi:10.1016/j.neo.2021.09.005
 Xu, H., Li, C., Mozziconacci, O., Zhu, R., Xu, Y., Tang, Y., et al. (2019). Xanthine Oxidase-Mediated Oxidative Stress Promotes Cancer Cell-specific Apoptosis. Free Radic. Biol. Med. 139, 70–79. doi:10.1016/j.freeradbiomed.2019.05.019
 Xu, R., Yang, J., Ren, B., Wang, H., Yang, G., Chen, Y., et al. (2020). Reprogramming of Amino Acid Metabolism in Pancreatic Cancer: Recent Advances and Therapeutic Strategies. Front. Oncol. 10, 572722. doi:10.3389/fonc.2020.572722
 Yan, L., Tu, B., Yao, J., Gong, J., Carugo, A., Bristow, C. A., et al. (2021). Targeting Glucose Metabolism Sensitizes Pancreatic Cancer to MEK Inhibition. Cancer Res. 81, 4054–4065. doi:10.1158/0008-5472.CAN-20-3792
 Zhou, S., Yan, Y., Chen, X., Wang, X., Zeng, S., Qian, L., et al. (2019). Roles of Highly Expressed PAICS in Lung Adenocarcinoma. Gene 692, 1–8. doi:10.1016/j.gene.2018.12.064
 Zhou, X., Liu, K., Cui, J., Xiong, J., Wu, H., Peng, T., et al. (2021). Circ-MBOAT2 Knockdown Represses Tumor Progression and Glutamine Catabolism by miR-433-3p/GOT1 axis in Pancreatic Cancer. J. Exp. Clin. Cancer Res. 40, 124. doi:10.1186/s13046-021-01894-x
Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Xie, Huang, Fang, Liang, Hao, Zhang, Xie, Wang, Tan and Zeng. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/fgene-13-804190-g005.gif
i I
i
== =3 |
§ ¢ [ = 3 B
MT.::—.“W_”I.&_,,.T Tr.; = )i e
i e |78 T gt e H
.-.9 T =k =
i BB eE
gkl =0 e
b [t i || £ H !
! i o =






OPS/images/fgene-13-804190-g006.gif





OPS/images/fgene-13-804190-g003.gif
A rm v B e —

O A pipe—

AR ASS (EN

. . LI






OPS/images/fgene-13-804190-g004.gif





OPS/images/fgene-13-804190-t001.jpg
Gene

XDH
MBOAT2
PTGES
AK4
PAICS
CKB

Coef

0.0208
0.0440
0.0025
0.0062
0.0229
-0.014

Metabolic-related
KEGG pathways

Purine metabolism
Glycerolipid metabolism

Avachidonic acid metabolism

Purine metaboism and thiamine metabolisr
Purine metabolism

Arginine and proline metabolism





OPS/images/fgene-13-804190-t002.jpg
Characteristic

Sex

Female

Male

Unknown
Age (years)

<60

>60

Unknown
Grade

High

Moderate

Poor

Unknown
Stage

|

]

i

1%

Unknown
T-stage

1

g

3

4

Unknown
N-stage

0

1

Unknown
Metabolic risk score

High

Low
Survival

Alive

Training
cohort (n = 175)

74 (42%)
83 (51%)
13 (7%)

52 (30%)
110 (63%)
13 (7%)

25 (14%)
83 (51%)
49 (28%)

13 (7%)

16 (9%)
139 (80%)
3 (2%
42%
13 (7%)

5(3%)

20 (11%)

134 (77%)
3(2%)
18 (7%)

45 (26%)
117 (67%)
13 (7%)

85 (50%)
86 (50%)

84 (48%)

Validation cohort GSE
(n = 63)

13 (21%)
50 (79%)

33 (52%)
30 (48%)

21(33%)





OPS/xhtml/nav.xhtml
Contents

		Cover

		A Prognostic Survival Model of Pancreatic Adenocarcinoma Based on Metabolism-Related Gene Expression		Introduction

		Materials and Methods		Data Collection

		Construction and Validation of a Metabolic Risk Score

		Gene Set Enrichment and Molecular Functional Relevance Analyses

		Validation of the Identified Metabolism-Related Mutations Through Public Computational Tools

		Statistical Analysis





		Results		Identification of DMREGs in Pancreatic Adenocarcinoma Patients

		Establishment and Validation of the Prognostic Risk Model

		Univariable and Multivariable Analyses

		Gene Set Enrichment and Molecular Functional Relevance Analyses

		Validation of the Identified Metabolism-Related Mutations Through Public Computational Tools





		Discussion

		Data Availability Statement

		Author Contributions

		Funding

		Publisher’s Note

		Supplementary Material

		Abbreviations

		References









OPS/images/cover.jpg
& frontiers | Frontiers in Genetics






OPS/images/fgene-13-804190-g001.gif
ErREgEe






OPS/images/fgene-13-804190-g002.gif









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Genetics





