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Abstract
BACKGROUND
Pancreatic cancer is a highly heterogeneous disease, making prognosis prediction challenging. Altered energy metabolism to satisfy uncontrolled proliferation and metastasis has become one of the most important markers of tumors. However, the specific regulatory mechanism and its effect on prognosis have not been fully elucidated.

AIM
To construct a prognostic polygene signature of differentially expressed genes (DEGs) related to lipid metabolism.

METHODS
First, 9 tissue samples from patients with pancreatic cancer were collected and divided into a cancer group and a para-cancer group. All patient samples were subjected to metabolomics analysis based on liquid tandem chromatography quadrupole time of flight mass spectrometry. Then, mRNA expression profiles and corresponding clinical data of pancreatic cancer were downloaded from a public database. Least absolute shrinkage and selection operator Cox regression analysis was used to construct a multigene model for The Cancer Genome Atlas.

RESULTS
Principal component analysis and orthogonal projections to latent structures-discriminant analysis (OPLS-DA) based on lipid metabolomics analysis showed a clear distribution in different regions. A Euclidean distance matrix was used to calculate the quantitative value of differential metabolites. The permutation test of the OPLS-DA model for tumor tissue and paracancerous tissue indicated that the established model was consistent with the actual condition based on sample data. A bar plot showed significantly higher levels of the lipid metabolites phosphatidylcholine (PC), phosphatidyl ethanolamine (PE), phosphatidylethanol (PEtOH), phosphatidylmethanol (PMeOH), phosphatidylserine (PS) and diacylglyceryl trimethylhomoserine (DGTS) in tumor tissues than in paracancerous tissues. According to bubble plots, PC, PE, PEtOH, PMeOH, PS and DGTS were significantly higher in tumor tissues than in paracancerous tissues. In total, 12.3% (25/197) of genes related to lipid metabolism were differentially expressed between tumor tissues and adjacent paracancerous tissues. Six DEGs correlated with overall survival in univariate Cox regression analysis (P < 0.05), and a 4-gene signature model was developed to divide patients into two risk groups, with patients in the high-risk group having significantly lower overall survival than those in the low-risk group (P < 0.05). ROC curve analysis confirmed the predictive power of the model.

CONCLUSION
This novel model comprising 4 Lipid metabolism-related genes might assist clinicians in the prognostic evaluation of patients with pancreatic cancer.
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Core Tip: Pancreatic malignant tumors are a highly heterogeneous disease and the seventh leading cause of cancer-related death. Lipid metabolomics analysis suggests differences in lipid metabolites in pancreatic cancer, and the occurrence and development of pancreatic cancer might be linked to lipid metabolism. A cohort from TCGA was used to construct a novel predictive model of a 4-lipid metabolism-related gene signature, which can be used to predict the prognosis of pancreatic cancer.

INTRODUCTION
Pancreatic cancer is one of the most common malignancies of the digestive system in China. Although the incidence of pancreatic cancer is not high, it is the seventh leading cause of cancer-related death[1]. Despite advances in surgical techniques and adjuvant therapy, mortality and morbidity due to the disease have not changed over the past 40 years. Furthermore, less than 5% of patients with pancreatic cancer have a survival rate of greater than 5 years; even among those who are able to undergo radical resection, the 5-year survival rate is only approximately 20%[2]. Ferlay et al[3] believed that pancreatic cancer would exceed breast cancer as the 3rd leading cause of cancer death in the future. One of the reasons for the low 5-year survival rate for pancreatic cancer is the lack of specific biomarkers for early diagnosis in clinical practice. Therefore, it is of particular importance to identify diagnostic hallmarks of significance for pancreatic cancer.
As the pancreas is an important organ for regulating lipid metabolism in the body, lipids and their metabolites might be used as indicators of health or disease. Lipidomics, proposed by Han in 2003, involves the study of all lipid molecules in the body and their role in the regulation of protein expression and gene expression[4]. Lipidomics has been widely used in the study of biomarkers for various tumors (such as ovarian cancer, prostate cancer, breast cancer)[5-7]. Recently, lipidomics has revealed that plasma concentrations of arachidonic acid, lysophosphatidylcholine, phosphatidylcholine (34:2) and phosphatidylethanolamine (26:0) are increased in patients with early pancreatic cancer[8]. Because lipid metabolism is involved in the proliferation of pancreatic cancer cells, detection of lipid contents in plasma might be helpful for the early diagnosis of pancreatic cancer. However, for pancreatic diseases, especially pancreatic cancer, lipidomics of pancreatic tissue samples has not been comprehensive.
Although our previous studies suggested that differences in serum lipid metabolites might serve as biomarkers for the early diagnosis of pancreatic cancer[9], tissue samples represent changes in the local environment of the tumor and are less affected by systemic factors. We aimed to investigate the characteristics of lipid metabolism profiles in tumor tissues and paracancerous tissues of pancreatic cancer patients using data from our center. Moreover, mRNA expression profiles and corresponding clinical data of pancreatic cancer patients were downloaded from public databases. A prognostic polygene profile of differentially expressed genes (DEGs) related to lipid metabolism was constructed using pancreatic adenocarcinoma (PAAD) data from The Cancer Genome Atlas (TCGA), and functional enrichment analysis was conducted to explore the underlying mechanisms.

MATERIALS AND METHODS
All participants from our center signed an informed consent form, which was checked and verified by the Clinical Research Ethics Committee of Shanghai Fourth People’s Hospital Affiliated to Tongji University School of Medicine (No. 2019057-001).

Patients
In total, 9 patients with PAAD who had been treated and underwent surgery at the General Surgery, Shanghai Fourth People’s Hospital Affiliated to Tongji University School of Medicine, between October 2018 and March 2019 were enrolled in the study. All 9 patients were diagnosed with pancreatic cancer by computed tomography or magnetic resonance imaging before surgery and underwent laparoscopic pancreaticoduodenectomy; none of the 9 patients received neoadjuvant chemotherapy before surgery to exclude the influence of chemotherapy on the results. Postoperative pathology confirmed ductal adenocarcinoma of the pancreas. The mean age of the patients was 63, including 6 males and 3 females. Regarding clinical stage, 2 cases were T2N0Mx, 3 cases were T2N1Mx, 3 cases were T2N2Mx, and 1 case was T3N1Mx. Fresh frozen tumor tissues were selected as the experimental group, and adjacent tissues were selected as the control group. The exclusion criteria were diagnosis of benign tumors, chronic pancreatitis, other tumors, and radiotherapy and chemotherapy within 6 mo.

TCGA data collection
RNA-seq data and corresponding clinical information for 176 pancreatic cancer patients as of June 1, 2021, were downloaded from TCGA (https://portal.gdc.cancer.gov/); these data are publicly available. Therefore, this study did not involve relevant ethics or require approval of the local ethics committee. Our current study followed the access policy of TCGA and related guidelines. The “limma” package in R software (version R 4.1.0) was used to normalize the downloaded dataset, and the normalized and readable count values were obtained. A total of 197 genes related to lipid metabolism were retrieved from previous literature[10-12].

Construction of a prognostic lipid metabolism-related gene profile
DEGs between tumor tissues and adjacent nontumor tissues in TCGA were screened by the “limma” package in R software, with a P value < 0.05 considered to be significant. Univariate Cox analysis of overall survival (OS) was performed to identify DEGs related to lipid metabolism with prognostic value. To minimize the risk of overfitting, a prognostic model was constructed using least absolute shrinkage and selection operator (LASSO) Cox regression analysis[13,14]. The “glmnet” package in R software was used to select variables and shrink them by the LASSO algorithm. The independent variable for regression was the standardized expression matrix of candidate prognosis-related DEGs. Dependent variables were OS and survival status of the pancreatic cancer patients in TCGA. In the LASSO regression model, the parameter λ value of the penalty was used to select the value with the minimum cross-validation error through tenfold cross-validation. The risk score value of patients was calculated according to the standardized expression level of each gene and the corresponding regression coefficient: risk score= esum (each gene’s expression × corresponding coefficient). Patients were divided into high-risk and low-risk groups according to the median risk score. Principal component analysis (PCA) was performed using the “prcomp” function of the “stats” package in R software according to the gene expression in the gene profile. Furthermore, the “Rtsne” package in R software was used to determine the distribution of each group by the t-distributed stochastic neighbor embedding (t-SNE) method. Survival analysis of each differentially expressed gene was performed with the “surv_cutpoint” function of the “survminer” package in R software to obtain the optimal cutoff value. Time-dependent receiver operating characteristic (ROC) curves were plotted using the “survivalROC” package in R software to assess the predictive power of the gene profile.

Functional enrichment analysis
The “clusterProfiler” package in R software was used to perform Gene Ontology (GO) enrichment and Kyoto Encyclopedia of Genes and Genomes (KEGG) functional analyses for DEGs between the high-risk and low-risk groups based on a P value < 0.05 and false discovery rate (FDR) < 0.05. The corrected P value, or FDR value, was the expected ratio of false rejections (true hypothesis rejections) to the total number of rejected null hypotheses, which was also adjusted for the P value by the BH method. The infiltration scores of 16 types of immune cells and the activities of 13 immune-related pathways were calculated by single sample gene set enrichment analysis (ssGSEA) using the “gsva” package of R software [15].

Statistical analysis
All figures drawn from our central data were generated with SIMCA software (version 15.0.2, Sartorius Stedim Data Analytics AB, Umea, Sweden). SIMCA software was used to conduct data processing LOG conversion plus center formatting and then automatic modeling analysis[16]. Orthogonal projections to latent structures-discriminant analysis (OPLS-DA) can filter out orthogonal variables unrelated to categorical variables in metabolites and analyze nonorthogonal variables and orthogonal variables to obtain more reliable information about intergroup differences of metabolites and the degree of correlation between experimental groups. SIMCA software was employed to perform LOG conversion and UV formatting for the data. First, OPLS-DA modeling analysis was performed on the first principal component, and 7-fold cross-validation was used to verify the quality of the model. Then, the validity of the model was evaluated by R2Y (the model’s interpretability to the categorical variable Y) and Q2 (the model’s predictability) obtained after cross-validation. Finally, the permutation test was applied to randomly change the arrangement order of the classification variable Y several times to obtain different random Q2 values and further test the validity of the model. Statistical analysis of partial data was performed using SPSS software version 23.0 (IBM Corporation, 2015, Chicago, IL, United States). All continuous variables that followed a normal distribution were compared using Student’s t-test, and the results are shown as the mean ± standard deviation. A bilateral P value < 0.05 was considered statistically significant. The Pearson method was used to calculate the correlation coefficient of the quantitative value of differential metabolites.
All figures drawn with TCGA data were generated using R software (version R 4.1.0). Gene expression values of tumor tissues and adjacent nontumor tissues in TCGA were compared using Student's t-test. The chi-square test was utilized to compare data for classification variables. ssGSEA scores of immune cells or pathways in the high-risk group and the low-risk group were compared by the Mann-Whitney test with corrected P values. Kaplan-Meier analysis and the log-rank test were used to compare OS between the high-risk group and low-risk group, and potential predictors of OS were identified using Cox regression analysis. A P value < 0.05 was considered statistically significant, unless stated otherwise, and all P values were two-tailed.

RESULTS
PCA
PCA based on lipidomics analysis clearly distinguished between pancreatic cancer and adjacent tissues (Figure 1A). The lipid metabolism of the two groups was distributed in different regions, indicating unique characteristics for the lipid metabolism of the two groups. The samples were all within the 95% confidence interval (Hotelling’s T-Squared Ellipse).

OPLS-DA
To investigate significant differences in lipid metabolites between the pancreatic cancer group and the paracancer group, the multivariate analysis model OPLS-DA was used. Data from the pancreatic group and the paracancer group were distributed in two opposite regions in the OPLS-DA model (Figure 1B). The results of the OPLS-DA score chart showed that the two groups of samples differed significantly. All samples were within the 95% confidence interval (Hotelling’s T-Squared Ellipse).
The permutation test established the corresponding OPLS-DA model to obtain R2 and Q2 values of the random model by randomly changing the ranking order of the categorical variable Y several times, with an important role in avoiding overfitting of the test model and evaluating its statistical significance. The Q2 values of the random model were all smaller than the Q2 values of the original model. The intercept of the Q2 regression line and vertical axis was less than zero; as the retention degree of displacement decreased gradually, the proportion of the Y variable of displacement increased, and Q2 of the random model decreased gradually. This indicated good robustness for the original model, and the original model could explain the difference between the two groups of samples (Figure 1C). The original Model R2Y was very close to 1, indicating that the established model conformed to the actual state of the sample data. The original Model Q2 was close to 1, indicating that if new samples were added to the model, a more approximate distribution might be obtained. Overall, the original model explained the difference between the two groups of samples well. The Q2 values of the random model were all smaller than those of the original model. The intercept of the Q2 regression line and vertical axis was less than zero. As the retention degree of displacement gradually decreased, the proportion of the Y variable of displacement increased, and Q2 of the random model decreased gradually, indicating that the original model had considerable robustness, with no overfitting observed.

Bar plot
The bar plot of the lipid group visualized the results of the cancer group and para-cancer group using the change degree of metabolite content and classification information (Figure 1D). As illustrated, the lipid metabolites phosphatidylcholine (PC), phosphatidyl ethanolamine (PE), phosphatidylethanol (PEtOH), phosphatidylmethanol (PMeOH), phosphatidylserines (PS) and diacylglyceryl trimethylhomoserine (DGTS) were significantly higher in tumor tissues than in paracancerous tissues.

Bubble plot
A bubble plot was visualized by the degree of metabolite content change, difference significance and classification information of the cancer group and the paracancer group (Figure 1E). Each point in the bubble represents a metabolite, and the size of the point represents the P value of Student’s t-test (-log10 P value): the larger the dot, the smaller the P value. Gray points represent nonsignificant differences with a P value not less than 0.05, and colored points represent a P value less than 0.05 (different colors marked according to lipid classification). The relative change percentage of the content was 0, indicating the same content of the metabolite in the two groups. A negative percentage change in relative content indicated a higher content of the metabolite in the paracancer group. Thus, we concluded that the lipid metabolites PE, PEtOH, PMeOH, PS and DGTS were significantly higher in tumor tissues than in paracancer tissues.

TCGA-PAAD cohort baseline data
The research flow chart for TCGA is depicted in Figure 2. A total of 176 pancreatic cancer patients from the PAAD cohort of TCGA were enrolled. Baseline clinical data for these patients are shown in Table 1.

Identification of prognostic lipid metabolism-related DEGs in TCGA
A total of 12.3% (25/197) of genes related to lipid metabolism were differentially expressed between tumor tissues and adjacent paracancerous tissues, and 6 of them were associated with OS in univariate Cox regression analysis (Figure 3A). A group of six prognostic DEGs related to lipid metabolism was revealed (Figure 3B, P value < 0.05). Among the DEGs, the ABO gene was highly expressed in tumor tissues, whereas MAFB, GALNT16, FADS3, CERS4 and BEST1 were expressed at low levels. The correlation between these genes is shown in Figure 3C. The network of interactions among these genes indicated GALNT16 to be the hub gene.

Development of a prognostic model in TCGA
The above 6 Lipid metabolism-related gene expression profiles were used to construct a prognostic model for pancreatic cancer patients by LASSO regression analysis. Four gene signature models were determined based on the optimal λ. Survival analysis showed that high expression of these genes was closely associated with poor prognosis in patients with pancreatic cancer according to the optimal cutoff expression value of each gene. The calculation formula of the risk score was as follows: e(0.034 × expression level of ABO - 0.551 × expression level of GALNT16 - 0.135 × expression level of FADS3 - 0.001 × expression level of CERS4). Patients were divided into a high-risk group (n = 88) and a low-risk group (n = 88) based on the median cutoff value (Figure 4A); baseline clinical characteristics for the groups are shown in Table 2. For TCGA pancreatic cancer data, PCA and t-SNE analyses showed that patients in different risk groups were distributed in two directions; the high- and low-risk groups could be distinguished according to these two analyses (Figure 4B and 4C). Figure 4D shows that patients in the high-risk group (63.6%) had a higher probability of death than those in the low-risk group (40.9%), a difference that was significant (P = 0.003). Kaplan-Meier curves showed that patients in the high-risk group had significantly worse OS than those in the low-risk group (Figure 4E, P = 0.004). The prediction performance of the OS risk score was evaluated by ROC curve analysis, and the area under the curve was 0.647 for 1 year, 0.636 for 2 years and 0.651 for 3 years (Figure 4F).

Prognostic value of the 4-gene signature
Univariate Cox regression analysis was performed for available variables to determine whether the risk score can serve as a prognostic predictor of OS. In univariate Cox regression analysis, TCGA data analysis for pancreatic cancer indicated a significant correlation between risk score and OS (HR = 3.720, 95%CI = 1.873-7.386, P < 0.001) (Figure 5A).

Functional analyses in TCGA
To further clarify the biological functions and pathways related to the risk score, GO function enrichment and KEGG pathway analyses were performed on DEGs between the high-risk group and the low-risk group. Based on GO functional enrichment analysis, DEGs were enriched in molecular functions related to transmembrane transport, including phagocytosis, receptor ligand activity, signaling receptor activator activity, and G protein-coupled receptor binding (Figure 5B, P value < 0.05). DEGs were also enriched in certain lipid metabolism-related signaling pathways, such as the adipocytokine signaling pathway, regulation of lipolysis in adipocytes and other lipid metabolism-related signaling pathways in TCGA (Figure 5C, P value < 0.05).
To further explore the correlation between the risk score and immune status, we used ssGSEA to quantify enrichment scores for different immune cell subsets and related functions or pathways. In the cohort from TCGA, differences in scores for 16 immune cells were found between the low-risk and high-risk groups, including aDCs, B cells, CD8+ T cells, DCs, iDCs, macrophages, mast cells, neutrophils, NK cells, pDCs, T helper cells, Tfhs, Th1 cells, Th2 cells, TILs and Tregs. Overall, significant differences in all immune cells were observed (Figure 5D, all adjusted P value < 0.05). Surprisingly, except for MHC class I related to antigen presentation and type I IFN response related to immune regulation, which had similar scores in the groups (Figure 5E, P value > 0.05), other related pathways showed relatively high scores in the low-risk group (Figure 5F, P value < 0.05).

DISCUSSION
The insidious onset, inconspicuous early symptoms, rapid progression and high fatality rate of pancreatic cancer results in considerable difficulties in the early detection, diagnosis and treatment of pancreatic cancer[17]. Although CA199 plays an important role in the diagnosis of pancreatic diseases, it is less sensitive for early pancreatic cancer and precancerous lesions. For example, in one study, CA199 did not serve as a biomarker for the screening of asymptomatic populations but only for the screening of symptomatic patients or clinical differential diagnosis of other diseases[18]. Therefore, finding specific biomarkers for pancreatic cancer has been a hot topic in pancreatic cancer research. In our study, we attempted to search for patient-specific molecular markers of pancreatic cancer by analyzing differences in lipid metabolites between tumor tissues and adjacent tissues. Preliminary analysis results suggest that the lipid metabolites PC, PE, PEtOH, PMeOH, PS and DGTS are significantly higher in tumor tissues than in paracancerous tissues.
Lipids are involved in regulating various biological processes, including energy conversion, material transport, information recognition and transmission, and abnormal lipid metabolism is closely related to certain diseases, such as diabetes mellitus, Alzheimer’s disease, and the occurrence and development of tumors[19-21]. Our results suggest that differences in lipid metabolites exist between tumor tissues and paracancerous tissues in pancreatic cancer patients. Nevertheless, how such differences in lipid metabolites lead to the occurrence and development of tumors is still unknown. Therefore, we systematically investigated the expression of 197 Lipid metabolism-related genes in pancreatic cancer tissues and their relationship with OS. We developed a novel prognostic model integrating 4 Lipid metabolism-related genes and performed functional analysis and enrichment of immune-related pathways.
The prognostic model proposed in this study consists of four lipid metabolism-related genes: GALNT16, FADS3, CERS4, and ABO. The main functions of these genes can be roughly divided into the following four categories: protein O-linked glycosylation via serine (GALNT16), involvement in the fatty acid biosynthetic process (FADS3), action upstream of or within the lipid metabolic process (CERS4) and involvement in lipid glycosylation (ABO)[22-26]. Tabassum et al[23] reported that GALNT16 is a novel lipid locus associated with cardiovascular diseases (CVDs). GALNT16 was enriched in proteins, lipid metabolism, insulin/IGF pathway-protein kinase B signaling cascade, prolactin signaling pathway, AMPK signaling pathway and other specific biological functions. However, how GALNT16 affects lipid metabolites remains unclear[27]. FADS3 is a novel mammalian membrane-bound fatty acid desaturase gene, and FADS3 single-nucleotide polymorphisms might be associated with changes in plasma levels of triglycerides, high-density lipoprotein cholesterol, low-density lipoprotein cholesterol and sphingolipid metabolism[28]. High expression of FADS3 was associated with higher triglyceride levels. Karsai et al[29] reported a higher level of d18:2 sphingomyelin species (30%) in women than in men and a corresponding higher level of FADS3 activity. Ceramide synthases form a family of six different proteins, and ceramides are components of complex sphingolipids, such as sphingolipid or glucosylceramide. Ebel et al[30] found that CERS4-deficient mice developed progressive hair loss due to altered sebum composition and that sebum became more viscous. Overexpression of CERS4 and CERS6 in breast and colon cancer cells resulted in increased short-chain (C16:0) and long-chain ceramides (C18:0 and C20:0), inhibited cell proliferation and increased apoptosis[31]. However, in our prognostic model, three genes (GALNT16, FADS3, and CERS4) were underexpressed in pancreatic cancer patients. A large body of evidence supports a link between ABO and CVDs. However, the mechanism of ABO association with atherosclerosis remains unclear. Moreover, ABO glycotransferase was associated with cholesterol metabolism, and there might be a broader effect on atherosclerotic CVD[32]. ABO was overexpressed, indicating a poor prognosis. Whether these genes influence the prognosis of pancreatic cancer patients by affecting lipid metabolism is unknown. Despite few studies on the association between these genes and pancreatic cancer, our findings might pave the way for lipid metabolomics in pancreatic cancer patients.
Although the mechanisms of tumor susceptibility have been the focus of research recently, the potential regulatory mechanisms between tumor immunity and lipid metabolism remain unknown, especially in pancreatic cancer. We performed GO analysis of genes related to lipid metabolism based on differences in genes between risk groups and were pleasantly surprised to find that these DEGs are enriched in many immune-related biological processes and pathways. Therefore, we also provide evidence that lipid metabolism might be closely related to tumor immunity. An important finding in our study was significant differences in genes related to transmembrane transport in lipid metabolism between the low-risk group and the high-risk group. As alteration of energy metabolism to allow uncontrolled proliferation and metastasis is one of the most important markers of tumors, one possible hypothesis is that different signals released by lipid metabolism affect energy transfer by influencing transmembrane transport processes[33]. In addition, our study found no difference in MHC class I and type I IFN responses between the high-risk and low-risk groups. MHC class I is mainly related to the antigen presentation process in the immune response. Type I interferons, IFN-α and IFN-β, are mainly secreted by innate immune cells and are important effector molecules of antiviral immunity[34]. Type II interferon, IFN-γ, is primarily secreted by activated T cells[35]. Therefore, we believe that lipid metabolites, as opposed to nonantigens, play an important role in tumor development in pancreatic cancer patients.
The study had some limitations. First, we constructed a prognostic model using a public database; however, more prospective real-world data should be used to verify its clinical validity. Although we also attempted to use other public database data for verification, the sample size of these databases was small, and the available data were very limited. Second, our study developed a prognostic model by considering only one factor, lipid metabolism, and excluded many significant prognostic genes involved in other aspects of pancreatic cancer, which might constitute an inherent flaw. Third, 197 Lipid metabolism-related genes mentioned in this paper were only summarized through a literature review, and some rare genes or functions involved in lipid metabolism are not included herein. Fourth, when we performed lipid metabolite analysis, our research only looked for differences in lipid metabolites between cancer tissues and adjacent para-cancer tissues and did not analyze differences between cancer tissues and healthy control pancreatic tissues. Given the high risk of pancreatic surgery, it was difficult to obtain healthy controls for pancreatic tissue. However, our previous studies showed differences in lipid metabolites between pancreatic cancer patients and healthy controls in blood samples[36]. In addition, the association between the risk score and immune activity was not further validated in the corresponding experiments.

CONCLUSION
In conclusion, our study developed a novel prognostic model composed of 4 Lipid metabolism-related genes, which was analytically confirmed to be associated with OS in patients with pancreatic cancer and to be an independent risk factor for predicting the prognosis of pancreatic cancer.

ARTICLE HIGHLIGHTS
Research background
Finding specific prognostic markers is important for pancreatic cancer. Understanding the relationship between lipid metabolism-related genes and pancreatic cancer is helpful to improve its prognosis.

Research motivation
To construct a novel model to predict the prognosis of pancreatic cancer.

Research objectives
To investigate the characteristics of lipid metabolites in pancreatic cancer and construct a prognostic polygene signature of differentially expressed genes related to lipid metabolism.

Research methods
Lipid metabolomics analysis was conducted to explore differences in lipid metabolites between pancreatic cancer tissues and paracancerous tissues. A predictive model of lipid metabolism genes associated with pancreatic cancer was established using a cohort from The Cancer Genome Atlas.

Research results
Lipid metabolomics analysis showed that the lipid metabolites phosphatidylcholine, phosphatidyl ethanolamine, phosphatidylethanol, phosphatidylmethanol, phosphatidylserines and diacylglyceryl trimethylhomoserine were significantly higher in cancer tissues. A 4-gene signature model, including GALNT16, FADS3, CERS4 and ABO, was developed to predict the prognosis of pancreatic cancer.

Research conclusions
Differentially expressed genes related to lipid metabolism reflected abnormal lipid metabolism in pancreatic cancer. A novel predictive model of a 4-lipid metabolism-related gene signature contributed to the prediction of pancreatic cancer prognosis.

Research perspectives
New gene markers and models are needed to predict prognosis because of the high heterogeneity of pancreatic cancer.
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Figure Legends
Figure 1 Identification of differential lipid metabolites. A: Score scatter plot of the PCA model for the cancer group vs. the paracarcinoma tissue group; B: Score scatter plot of the orthogonal projections to latent structures - discriminant analysis (OPLS-DA) model for the cancer group vs. the paracancer group; C: Permutation test of the OPLS-DA model for the cancer group vs. the para-cancer group; D: Bar plot for the cancer group vs. the paracancer group. TAG: triacylglycerols; SM: sphingomyelin; SHeXcer: sulfatide; PS: phosphatidylserines; PMeOH: phosphatidylmethanol; PG: phosphatidylglycerols; PEtOH: phosphatidylethanol; PE: phosphatidylethanolamines; PC: phosphatidylcholines; MAG: myelin-associated glycoprotein; LPE: lyso-PE; LPC: lyso-PC; LDGTS: lyso-DGTS; HexCer: hexosylceramide; ACar: acaraben; DGTS: diacylglyceryl trimethylhomoserine; DGDG: digalactosyl diacylglycerols; DAG: diacylglycerols; Cer: ceramide; CE: cholesteryl esters; BMP: bis(monoacylglycerol)phosphate.
Figure 2 Flow chart of data collection and analysis. TCGA: The Cancer Genome Atlas; DEGs: differentially expressed genes.
Figure 3 Candidate genes related to lipid metabolism in The Cancer Genome Atlas. A: Venn diagrams were used to identify differentially expressed genes associated with overall survival between tumor tissues and adjacent normal tissues; B: The forest plot shows the relationship between gene expression and overall survival by univariate Cox regression analysis; C: Correlation coefficients in the correlation network of candidate genes are shown in different colors.
Figure 4 Prognostic analysis of 4-gene signature models in The Cancer Genome Atlas. A: Distribution of risk score values in The Cancer Genome Atlas (TCGA); B: Principal component analysis plot of the pancreatic adenocarcinoma (PAAD) cohort from TCGA; C: t-distributed stochastic neighbor embedding analysis of the PAAD cohort from TCGA; D: Distribution of overall survival status, survival time, and risk scores in the cohort from TCGA; E: The Kaplan-Meier curve presents the overall survival of patients in the high-risk and low-risk groups in the PAAD cohort from TCGA; F: The prognostic performance of the risk score in the PAAD cohort from TCGA was verified by the area under the curve of the time-dependent receiver operating characteristic curve. PC: Principal component; tSNE: t-distributed stochastic neighbor embedding. 
Figure 5 Construction of the predictive prognostic model and preliminary exploration of the potential mechanism. A: Results of univariate Cox regression analyses of overall survival in The Cancer Genome Atlas cohort; B: Gene Ontology enrichment; C: Kyoto Encyclopedia of Genes and Genomes pathways; D: The scores of 16 immune cells; E: The scores of 13 immune-related functions. ns was P ≥ 0.05; aP < 0.05; bP < 0.01; cP < 0.001. 
