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Introduction

Tumor-associated macrophage 2 (TAM2) abundantly infiltrates pancreatic ductal adenocarcinoma (PAAD), and its interaction with malignant cells is involved in the regulation of tumor metabolism. In this study, we explored the metabolic heterogeneity involved in TAM2 by constructing TAM2-associated metabolic subtypes in PAAD.





Materials and methods

PAAD samples were classified into molecular subtypes with different metabolic characteristics based on a multi-omics analysis strategy. 20 PAAD tissues and 10 normal pancreatic tissues were collected for proteomic and metabolomic analyses. RNA sequencing data from the TCGA-PAAD cohort were used for transcriptomic analyses. Immunohistochemistry was used to assess TAM2 infiltration in PAAD tissues.





Results

The results of transcriptomics and immunohistochemistry showed that TAM2 infiltration levels were upregulated in PAAD and were associated with poor patient prognosis. The results of proteomics and metabolomics indicated that multiple metabolic processes were aberrantly regulated in PAAD and that this dysregulation was linked to the level of TAM2 infiltration. WGCNA confirmed pyruvate and glycolysis/gluconeogenesis as co-expressed metabolic pathways of TAM2 in PAAD. Based on transcriptomic data, we classified the PAAD samples into four TAM2-associated metabolic subtypes (quiescent, pyruvate, glycolysis/gluconeogenesis and mixed). Metabolic subtypes were each characterized in terms of clinical prognosis, tumor microenvironment, immune cell infiltration, chemotherapeutic drug sensitivity, and functional mechanisms.





Conclusion

Our study confirmed that the metabolic remodeling of pyruvate and glycolysis/gluconeogenesis in PAAD was closely related to TAM2. Molecular subtypes based on TAM2-associated metabolic pathways provided new insights into prognosis prediction and therapy for PAAD patients.
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1 Introduction

Tumor progression and development require the metabolic reprogramming of cancer cells (1). Changes in the energy metabolism pattern of cancer cells can meet the needs of rapid proliferation and adaptation to the tumor microenvironment (2). Metabolic status in the tumor microenvironment (TME) is influenced by many factors, including angiogenesis, interactions with other cells, and systemic metabolism (3). Metabolic heterogeneity can influence therapeutic effectiveness and may predict clinical outcomes (4). However, few studies have focused on methods for distinguishing subtypes based on metabolic heterogeneity.

Pancreatic cancer (PAAD) is a malignancy with poor prognosis and high mortality (5). Tumor-associated macrophages (TAMs) abundant infiltration is a prominent characteristic of PAAD (6). TAMs can interact with pancreatic cancer cells to regulate metabolic, inflammatory, and immune states, forming an immunosuppressive TME and ultimately promoting tumor occurrence and development (7). Studies have demonstrated macrophages impact the biological function of pancreatic cancer cells, such as glucose metabolism (8, 9). However, a method that combines TAM- and metabolism-related characteristics to identify new molecular subtypes of PAAD remains lacking. Metabolic subtypes offer a unique vision for classifying patients for new generation cancer treatment; thus, developing new molecular subtypes according to immune-metabolic characteristics is crucial to improve precision medicine.

Herein, we classified PAAD into four metabolic subtypes with distinct immune-metabolic characteristics according to multi-omics and explored the function of detected metabolic subtypes in the clinical features, prognosis, and treatment of PAAD, aiming to provide a new understanding of immunotherapy for PAAD.




2 Materials and methods



2.1 Patients and samples

In this study, 30 pancreatic tissues were retrieved, including 20 samples of pancreatic ductal cell carcinoma and 10 of adjacent healthy tissues. All pancreatic samples were obtained from the First Hospital of Lanzhou University from January 2016 to December 2020. M2 macrophage markers (CD206 and CD163) were quantitatively assessed by immunohistochemical (IHC) staining in all samples, and the Table 1 shows the features of these patients. All samples were acquired during the surgical procedures and were diagnosed with pancreatic ductal adenocarcinoma via postoperative pathology. The exclusion criteria were as follow: (I) comorbidity with other cancers; (II) metabolic illnesses; and (III) underwent preoperative chemotherapy or radiotherapy. The research followed the Declaration of Helsinki, and was approved by the Ethics Committee of First Hospital of Lanzhou University (No: LDYYLL2022-196).


Table 1 | Clinical characteristics of 20 PAAD patients.






2.2 RNA-Seq data download

The Cancer Genome Atlas (TCGA) and The Genotype-Tissue Expression (GTEx) contain a total of 178 PAAD and 171 healthy pancreatic tissues (10, 11). The University of California Santa Cruz (UCSC) database collates and standardizes the high-throughput sequencing (HTSeq) data in TCGA and GTEx, which can be directly obtained for differential expression analysis of genes (12). TCGA-PAAD, GTEx- pancreas and TCGA Pan-Cancer data were obtained from UCSC on July 1, 2022, all in transcripts per million formats (TPM). The clinical information of PAAD patients was obtained from TCGA. After deleting samples with missing survival data, a total of 178 patients were included. In addition, PAAD microarray data from Gene Expression Omnibus (GEO, GSE15471, GSE62165, GSE62452) were downloaded for this study (13).




2.3 Proteomics and targeted metabolomics assays

In proteomics assays, the EasynLC1200 chromatography system (Thermo Scientific) was used to perform chromatographic separations. Buffer consists of two liquid aqueous solutions: A is 0.1% formic acid, and B is 0.1% formic acid acetonitrile (acetonitrile is 85%). DDA (data-dependent acquisition) mass spectrometry was conducted using a Q-Exactive HF-X mass spectrometer (Thermo Scientific). All mass spectrometry data were merged by Proteome Discoverer 2.4 software to analyze the search library and build a spectral database. In targeted metabolomics assays, separation was performed by high-performance liquid chromatography using Shimadzu NexeraX2LC-30AD. Mobile phase: Liquid A was 5% aqueous acetonitrile, 10 mM ammonium acetate, pH 9; Liquid B was 95% aqueous acetonitrile, 10 mM ammonium acetate, pH 9. The sample was injected into the autosampler at a column temperature of 40°C, a flow rate of 300 µL/min, and a sample volume of 8 µL. Mass spectrometry was conducted utilizing a QTRAP 5500 mass spectrometer (ABSCIEX) in positive/negative ion mode. To determine the ion pair that needed to be monitored, MRM mode was employed.




2.4 Proteomics and metabolomics analysis

After obtaining the protein identification matrix, proteins with more missing values in the matrix were filtered out by the 50% principle. The Limma R software was employed to carry out difference analysis, and differentially expressed proteins (DEPs) were defined as those with a P value < 0.05 and an absolute value of log fold change (LogFC) > 1 (14). R tool “ClusterProfiler” was utilized to assess the KEGG pathways involved in DEPs (15). Using MultiQuant program, chromatographic peak regions and retention periods were retrieved for targeted metabolomics sequencing. Metabolite identification was performed using corrected retention times of energy metabolite standards. Forty energy metabolites were quantified in all samples, and the screening criteria for differentially expressed metabolites (DEMs) was a T test P value < 0.05. The MetaboAnalyst 5.0 database was utilized to conduct KEGG enrichment analysis of DEMs (16).




2.5 TAM2-related metabolic pathway analysis

To analyze TAM2-associated protein functions, co-expressed proteins of CD206 and CD163 were obtained by Pearson correlation analysis, and the screening criteria were defined as a P value < 0.05 and a correlation coefficient >0.3. KEGG enrichment analysis was carried out to assess the biological processes involved in TAM2-associated proteins. Given the important role TAM2 plays in the metabolic remodeling of PAAD, we further integrated metabolomics and IHC data to identify metabolite modules closely associated with TAM2 infiltration levels by weighted gene co-expression network analysis (WGCNA). All recognized metabolites were included in the construction of the co-expression network by the WGCNA R package (17). The samples with a large dispersion are removed by hierarchical clustering. The soft power of k = 6 was selected. Subsequently, the transformation of the expression matrix into a topology matrix was executed. The hybrid dynamic shearing tree standard was employed to cluster genes using the average-linkage hierarchical clustering approach, according to TOM. The module trait correlation was based on the module and the TAM2 infiltration level determined by Pearson’s relevant tests, and the metabolites contained in the module were defined as TAM2-associated metabolites when the P value was ≤0.05. Finally, the metabolic pathways involved in TAM2 were identified based on TAM2-associated metabolites in the MetaboAnalyst 5.0 database.




2.6 Metabolic subtype classification

The metabolic subtypes of PAAD were further investigated based on TCGA-PAAD transcriptome data. Genes from the gene sets hsa00620 and hsa00010 of the Molecular Signatures Database (MSigDB) were utilized as pyruvate and glycolysis/gluconeogenesis (GG) metabolism-associated genes, respectively (18). Hierarchical clustering was conducted on pyruvate and GG metabolism-associated genes utilizing the HCLUST R function, and genes with dispersed expression in pyruvate and GG metabolism-associated genes were excluded. To categorize samples into the quiescent (pyruvate ≤ 0, GG ≤ 0), pyruvate (pyruvate > 0, GG 0), GG (pyruvate ≤ 0, GG > 0), and mixed (pyruvate > 0, GG > 0) metabolic subtypes, the median expression patterns of pyruvate and GG metabolism-associated genes were employed. To assess the reliability of the metabolic subtypes, the expression of pyruvate pathway genes, GG pathway genes and TAM2-associated genes was compared among different subtypes. The design style of integrating a multi-omics strategy for metabolic subtype classification was informed by previous studies (19).




2.7 Clinical features and mechanistic investigation of metabolic subtype

Kaplan-Meier survival curves were created to explore variations in survival (overall survival [OS], disease-specific survival [DSS], progression-free survival [PFS]) among various metabolic subtypes utilizing the R tools Survival and Survminer (20). The clinical characteristics of the different metabolic subtypes were also examined by chi-square or Fisher’s exact test. Characteristic molecules for each metabolic subtype were obtained by differential analysis using the Limma R package and in accordance with the following screening criteria: 1. genes showed significant upregulation in one subtype in comparison with the other three subtypes; 2. P value < 0.05 and LogFC > 0.6. Using Cytoscape plugins ClueGO and ClusterProfiler R packages, the enriched pathways were detected by these characteristic molecules to evaluate probable pathway deficits across several metabolic subtypes (21). The parameters for the ClueGO plugin were set as follows: the ontologies were set to include biological process, cellular component, and molecular function; only pathways with a p-value less than 0.05 were displayed; The GO tree interval was set to range from 3 to 8, and the Kappa score is set to 0.5. The parameters for the ClusterProfiler R packages were set as follows: organism = hsa, pvalueCutoff = 0.05, pAdjustMethod = fdr, qvalue Cutoff = 1.




2.8 Immune infiltration of metabolic subtypes

The composition of the tumor microenvironment for all TCGA-PAAD samples was calculated by the Estimate R package, such as immune, stromal and estimate scores. Subsequently, the Wilcox test was employed to detect significant differences in microenvironmental scores among distinct metabolic subtypes. Additionally, a thorough investigation of the infiltration intensity of each kind of immune cell was conducted utilizing a variety of algorithms such as TIMER, CIBERSORT, xCELL, EPIC, MCPcounter, and QUANTIseq Each sample’s immune cell infiltration by various metabolic subtypes was shown using the Heatmap R tool, and Kruskal test results were used to detect significant differences. Additionally, we analyzed the differential expression of immunosuppressive gene sets in different metabolic subtypes by the Wilcox test.




2.9 Therapeutic prediction of metabolic subtype

Considering the application of chemotherapeutic agents and immune checkpoint inhibitors in PAAD, we analyzed the response of patients with different metabolic subtypes to targeted therapy. Somatic mutation data of TCGA-PAAD were integrated and analyzed by the Maftools R package, and chi-square test was employed to calculate significant variations (22). According to their gene expression patterns, the “Oncopredict” R tool was employed to calculate each TCGA-PAAD patient’s treatment sensitivity (23). The parameters for the “Oncopredict” R tool were set as follows: trainingPtype = GDSC2_Res, testExprData = testExpr, batchCorrect = eb, powerTransformPhenotype = TRUE, removeLowVaryingGenes = 0.2, minNumSamples = 10, printOutput = TRUE, removeLowVaringGenesFrom = rawData. The estimated drugs include common clinical agents and clinical trial agents for pancreatic cancer. Subsequently, the Wilcox test was utilized to examine the four metabolic subtypes for medicines that could be sensitive, with lower half maximal inhibitory concentration (IC50) measures revealing higher drug sensitivity.




2.10 Statistical analysis

Software used for statistical analysis of data: R (version 4.0.2), SPSS (version 25.0), Prism (version 8.0.2). Test methods for calculating significant differences included the Kruskal test, Wilcox test and chi-square test. Correlation analysis using Pearson’s test. Differential analysis of expression profiles using the Limma R package. Tools used for data visualization: ggplot2 R package, Prism (version 8.0.2).





3 Results



3.1 TAM2 is highly infiltrative in PAAD and associated with poor prognosis

Integrating TCGA-PAAD and GTEx-pancreas data, the TAM2 infiltration level of all samples was measured using CIBERSORT algorithm. The findings revealed significant upregulation of TAM2 infiltration in PAAD than pancreatic tissues (Figure 1A). Microarray data sourced from the GEO database were used to validate this result. In GSE15471, GSE62165 and GSE62452, TAM2 infiltration in PAAD tissue was abnormally abundant (Figures 1B–D). CD206 and CD163 are the classical cellular markers of TAM2. Pan-cancer analysis of the TCGA&GTEx database showed that CD206 and CD163 mRNA expression was heterogeneous among 33 malignant tumor tissues, but both were significantly highly expressed in PAAD tissues (Figures S1A, B; Table S1). Subsequently, we quantified the protein expression of CD206 and CD163 by IHC staining in 20 PAAD tissues and 10 normal pancreatic tissues (Figure 1E). Consistent with the mRNA levels, the results indicated that CD206 and CD163 protein expression was upregulated in PAAD (Figures 1F–H; Table S2). Moreover, survival analysis findings indicated that PAAD patients in the high CD206 or CD163 protein expression groups exhibited shorter survival times compared to the low expression group, although this difference was not statistically significant for CD163 (Figures 1I, J). These results suggest that TAM2 is abundantly infiltrated in the PAAD microenvironment and may be associated with the malignant progression of the tumor.




Figure 1 | TAM2 infiltration was abnormally elevated in PAAD. TAM2 infiltration in PAAD and healthy pancreatic tissues was calculated by the CIBERSORT algorithm in TCGA&GTEx (A), GSE15471 (B), GSE62165 (C) and GSE62452 (D). (E) Immunohistochemical staining of CD206 and CD163 in PAAD tissue and normal pancreatic tissue. Quantitative analysis of CD206 (F) and CD163 (G) proteins in PAAD and healthy pancreatic tissues. (H) Differential expression of CD206 protein in PAAD patients with N0 and N1 stages. Survival analysis of CD206 (I) and CD163 (J) proteins in 20 patients with PAAD. TAM2, tumor-associated macrophage 2; PAAD, pancreatic cancer; TCGA, The Cancer Genome Atlas; GTEx, genotype-tissue expression. *P < 0.05, **P < 0.01, ***P < 0.001.






3.2 Proteomics and metabolism suggest metabolic abnormalities in pancreatic cancer

Differential analysis based on the proteomic matrix screened a total of 310 DEPs, including 269 upregulated DEPs and 41 downregulated DEPs in PAAD tissues (Figure 2A; Table S3). Hierarchical clustering plots showed that DEPs had different expression patterns in the normal pancreas group and PAAD group (Figure 2B). KEGG enrichment analysis findings revealed that the cellular pathways related to the DEPs included the following five main functional categories: biological processes, biosynthesis, metabolism, cellular structure and human diseases (P < 0.05, Figure 2C; Table S4). The metabolic pathways of the DEPs showed a correlation with glucose, lipid and amino acid metabolisms (Figure 2C). Targeted metabolomics analysis identified 40 energy metabolites, of which 16 metabolites were highly expressed in PAAD tissues. Log2FC, P value and expression level of DEMs are shown in a radar chart (Figure 2D). Functional enrichment analysis of the MetaboAnalyst 5.0 database revealed that DEMs have role in metabolic pathways, such as pyruvate metabolism, glycolysis/gluconeogenesis and the citrate cycle (TCA cycle) (P < 0.05, Figures 2E, S2; Table S5).




Figure 2 | Proteomics and metabolomics analysis in PAAD and healthy pancreatic tissues. Volcano (A) and heatmaps (B) of differentially expressed proteins in 20 PAAD tissues and 10 normal pancreatic tissues. (C) KEGG functional enrichment analysis for differentially expressed proteins. (D) Radar plot of differentially expressed metabolites in 20 PAAD tissues and 10 normal pancreatic tissues. (E) KEGG functional enrichment analysis for differentially expressed metabolites. PAAD, pancreatic cancer; KEGG, Kyoto Encyclopedia of Genes and Genomes.






3.3 TAM2 is associated with metabolic abnormalities in PAAD

Based on the proteomic, metabolomic and immunohistochemical data of 20 PAAD tissues, we further analyzed the biological mechanisms involved in tumor metabolism by TAM2. A total of 20 CD163 co-expressed proteins and 155 CD206 co-expressed proteins were screened by Pearson correlation analysis (P value < 0.05 and correlation coefficient >0.3, Figures 3A, B; Table S6). AKR1A1, LDHB, MDH1/2 and DLAT were closely associated with glycolysis and pyruvate metabolism and exhibited a significant positive correlation with CD206 in PAAD (Figures 3C–G). According to KEGG pathway analysis findings, the functions of CD206 and CD163-related proteins were mainly enriched in five biological directions, with the metabolic pathway accounting for the largest proportion (Figure 3H; Table S7). We further analyzed the TAM2-associated metabolite module by WGCNA. Samples C3 and C15 were dispersed from the other samples in the sample dendrogram and were excluded from the WGCNA (Figure 4A). All metabolites were divided into four modules according to the association of expression in the cluster dendrogram (Figure 4B). The correlation between each metabolite module and CD206 or CD163 was examined using Pearson’s test. Consequently, findings illustrated close association between the blue metabolite module with CD206 expression (Figure 4C). The gene significance was highly significantly related to module membership in the blue module (Figure 4D). KEGG enrichment analysis of the metabolites contained in the blue module showed that starch and sucrose metabolism and GG and pyruvate metabolism had high pathway impact scores (P value < 0.05 and impact scores>0.2, Figure 4E). These results suggested that TAM2 was closely associated with the metabolic remodeling of PAAD and mainly involved in GG and pyruvate metabolism.




Figure 3 | TAM2-related metabolomic analysis in PAAD. (A) Proteins co-expressed with the TAM2 cell markers CD163 (A) and CD206 (B). Scatter plot of association of glycolysis- with pyruvate metabolism-related proteins (C–G) and CD206 expression. (H) KEGG functional enrichment analysis of KEGG for CD163 and CD206 co-expressed proteins. PAAD, pancreatic cancer; KEGG, Kyoto Encyclopedia of Genes and Genomes.






Figure 4 | PAAD samples were classified into four subtypes based on TAM2-associated metabolic pathways. PAAD sample dendrogram (A), metabolite cluster dendrogram (B), correlation between metabolite module and TAM2 cell markers (C), correlation between gene significance and module membership (D) of weighted metabolite co-expression network analysis based on metabolomics. (E) KEGG functional enrichment analysis for TAM2-related metabolite modules. (F) Crosstalk between pyruvate and GG metabolism. (G) The scatter plot demonstrates the metabolic isoforms based on TAM2-related metabolic pathways. The X and Y axes represent the median expression patterns of GG metabolism-associated genes and pyruvate metabolism-related genes in PAAD samples, respectively. Heatmap showing the expression of GG metabolism-associated genes (H) and pyruvate metabolism-related genes (I) in four metabolic subtypes. PAAD, pancreatic cancer; TAM2, tumor-associated macrophage 2; KEGG, Kyoto Encyclopedia of Genes and Genomes; GG, glycolysis/gluconeogenesis.






3.4 Detection of four metabolic subgroups of PAAD according to GG and pyruvate metabolism-related genes

RNA-HTSeq data from the TCGA-PAAD cohort were used to classify PAAD according to the expression profiles of pyruvate and GG metabolism-associated genes. All PAAD samples were classified into the following four subgroups: quiescent, pyruvate, GG and mixed (Figures 4F, G). The heatmap demonstrated that the expression of pyruvate and GG metabolism-associated genes sequentially increased from the quiescent subgroup to the mixed subgroup (Figures 4H, I, S3). CIBERSORT, xCELL as well as QUANTIseq algorithms were utilized to calculate the infiltration level of TAM2 infiltration in each subtype. The three algorithms yielded consistent results showing the highest TAM2 infiltration levels for the mixed subtype, the lowest for the quiescent subtype, and no significant difference between the pyruvate and GG subtypes (Figures 5A–C). The expression levels of TAM2 markers from the Cellmarker database also increased gradually from the quiescent subtype to the mixed subtype (Figure 5D). Survival analysis of OS, PFS and DSS suggested a significant difference of the outcome among the four metabolic subtypes, which in turn revealed clinical significance among the classification of metabolic subtypes (Figures 5E–G). Moreover, the analysis of clinical characteristics findings illustrated that only T-stage differed among the different metabolic subtypes, suggesting a higher proportion of the mixed subgroup in PAAD patients with T3/4 stage (Figure S4).




Figure 5 | TAM2 infiltration and survival analysis of metabolic subtypes. Comparison of TAM2 infiltration levels in different metabolic subtypes using the CIBERSORT (A), xCELL (B) and QUANTIseq (C) algorithms. (D) Differential expression of TAM2 cellular markers from the Cellmarker database in metabolic subtypes. Overall survival (E), disease-specific survival (F), and progression-free survival (G) Kaplan–Meier curves of PAAD patients with different metabolic subtypes. TAM2, tumor-associated macrophage 2; PAAD, pancreatic cancer. *P < 0.05, **P < 0.01, ***P < 0.01.






3.5 Different metabolic subtypes were involved in different biological mechanisms

The characteristic genes of each subtype were obtained by differential analysis to represent the molecular characteristics of the corresponding subgroup. The quiescent subtype contained 104 characteristic genes, the pyruvate subtype contained 364 characteristic genes, the GG subtype contained 147 characteristic genes, and the mixed subtype contained 151 characteristic genes (Table S8). The functional annotation of characteristic genes of distinct metabolic subtypes differed significantly. For GO terms, serine-type endopeptidase activity, hormone secretion, zymogen activation and immune response was characteristics for the quiescent subtype; the pyruvate subtype was characterized by cation channel complex, vesicle-mediated transport and insulin secretion; the GG subtype was characterized by xenobiotic metabolic process, detoxification, and tissue homeostasis; and the mixed subtype was characterized by extracellular matrix, antigen presentation and serine/threonine kinase signaling pathway (Figure 6A; Table S9). KEGG pathways of the quiescent subtype were dominated by glucose, amino acid, and lipid metabolisms. KEGG pathways of the pyruvate subtype were closely related to the MAPK and CAMP signaling pathways. KEGG pathways of the GG subtype were enriched in substance synthesis and glucose metabolism. KEGG pathways of the mixed subtype were involved in immune-related biological processes and signaling molecules (Figure 6B; Table S10). These results suggested that the function of metabolic subtypes was not only complex but also distinctive in the different subtypes.




Figure 6 | Functional mechanism characteristics of metabolic subtypes. GO functional annotation (A) and KEGG pathway annotation (B) for molecular characteristics of quiescent, pyruvate, glycolysis/gluconeogenesis and mixed metabolic subtypes.GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; PAAD, pancreatic cancer.






3.6 Immune infiltration analysis, immunotherapy prediction and targeted drugs sensitivity analysis

Given that the immunity is essential constituent of the functional mechanisms of metabolic subtypes, we further analyzed immune cell infiltration in distinct metabolic subtypes. Immunoassay scores obtained utilizing the ESTIMATE method were significantly different across metabolic subtypes, indicating a relationship between metabolic subtypes categorization and tumor purity in PAAD samples (Figure 7A). The results of immune infiltration analysis based on multiple algorithms showed that the infiltration levels of multiple immune cells were significantly different in various metabolic subtypes, including memory B cells, B cells, cancer-associated fibroblasts, endothelial cells, eosinophils, mast cells, monocytes, myeloid dendritic cells, neutrophils, NK, CD4+ memory T, CD4+ T, CD8+ T, and regulatory T cells (Figure 7B). In addition, most immunosuppressive genes and immune checkpoint genes were differentially expressed in different metabolic subtypes (Figure 7C). Tumor mutational burden is believed to predict the effect of tumor immunotherapy, so somatic mutation data from the TCGA-PAAD dataset were extracted for analysis. The results showed that KRAS mutations were the most frequent in the four metabolic subtypes, but no significant variation existed in the mutation frequency of highly mutated genes in the different metabolic subtypes (Figures 8A, B). The effects of metabolic remodeling on the prediction of chemotherapy response are significant. Using the OncoPredict R program, the IC50 values of prominent chemotherapeutic drugs and targeted medicines were calculated for each PAAD sample. The pyruvate subtype had decreased IC50 scores for dasatinib, irinotecan, rapamycin, sorafenib and X5 fluorouracil (Figure 8C). GG subtype had decreased IC50 scores for gefitinib, lapatinib and paclitaxel (Figure 8C). The mixed subtype had lower IC50 values for cyclophosphamide and nilotinib (Figure 8C).




Figure 7 | Immune microenvironment analysis of metabolic subtypes. (A) The Estimate method was utilized to compare the immune, stromal, and ESTIMATE scores across metabolic types in the TCGA-PAAD cohort. (B) Distribution of immune cell infiltration among the four metabolic subtypes according to the TIMER, CIBERSORT, xCELL, EPIC, MCPcounter and QUANTIseq methods. (C) Differential expression of immunosuppressive genes and immune checkpoint genes in different metabolic subtypes. TCGA, The Cancer Genome Atlas; PAAD, pancreatic cancer. *P < 0.05, **P < 0.01, ***P < 0.01.






Figure 8 | Chemotherapy sensitivity estimation and immunotherapy response analysis. (A) Waterfall diagram showing the genes with high mutation frequency in the somatic mutation data of TCGA-PAAD. (B) Comparison of mutation frequencies of highly mutated genes in different metabolic subtypes. (C) IC50 values of 8 chemotherapeutic agents in PAAD patients with different metabolic subtypes. TCGA, The Cancer Genome Atlas; PAAD, pancreatic cancer; IC50, half maximal inhibitory concentration.







4 Discussion

Currently, the treatment of pancreatic cancer emphasizes precision treatment. Treating PC requires accurate molecular characteristics and targeted medicines. Research based on the tumor microenvironment is increasingly used to guide novel therapies for pancreatic cancer. In this study, we created an unique multi-omics integration technique based on glycolysis and pyruvate metabolic processes, combined with macrophage infiltration to elucidate the metabolic variability of PAAD and its therapeutic significance. This can help identify PAAD patients who respond to immunotherapy and targeted therapies.

Macrophages can induce tumor cell proliferation and metastasis through angiogenesis, immunosuppression, hypoxia induction and other pathways and are involved in many tumor-promoting outcomes in cancer (24). Huilin Ye et al. found that CCL18, which secreted by tumor-associated M2 macrophage (TAM2), promotes the progression of pancreatic cancer and activates the glycolytic metabolic pathway in tumor cells. Conversely, VCAM-1 in PAAD cells was able to produce more lactate by promoting aerobic glycolysis, thereby inducing the macrophages which from the tumor microenvironment to polarize toward M2 macrophages (8). These results suggest that TAM2 and tumor cells form a mutually reinforcing positive feedback loop in pancreatic cancer (8). In addition, lactic acid produced by glycolytic metabolism in PAAD cells can induce macrophages to express VEGF dependent on HIF-1α and promote the conversion of M0 macrophages to M2 macrophages, which in turn enhances aerobic glycolysis in PAAD (25). We first compared the degree of macrophage infiltration between pancreatic cancer patients and the normal population, found that macrophages showed high infiltration in pancreatic cancer tissues, and searched for macrophage-related signaling pathways for cancer occurrence and development, including metabolism-related pathways. To clarify the metabolic status of pancreatic cancer, we performed metabolic analysis on tissue samples from pancreatic cancer patients. The results showed the metabolic characteristics of PAAD progression and identified the processes most associated with the development of pancreatic cancer: glycolysis and pyruvate metabolism.

Since Warburg proposed the theory of cancer metabolism, Numerous investigations have highlighted the correlation between cancer cells and glucose metabolism (26). Cancer metabolism is characterized by a preference for glycolysis to produce energy in a way that does not rely on oxygen (27). Glycolysis is key for pancreatic cancer cells to maintain their biosynthesis and energy requirements, promoting tumor invasion, metastasis and drug resistance (28). The large amount of lactic acid produced by cancer cells through glycolysis leads to the polarization of TAMs toward the M2 phenotype in the PC microenvironment (29). In this study, we also found that the higher glycolytic activity subtype (GG) showed higher M2-type macrophage infiltration. This is consistent with the relationship between glycolysis and macrophages in pancreatic cancer. Thus, inhibition of glycolysis is a promising strategy for targeting pancreatic cancer. Research has shown that Chromebox protein homolog 3 (CBX-3) is a positive modulator of glycolysis in pancreatic cancer cells, and that blocking the CBX3-FBP1 signaling axis inhibits aerobic glycolysis, which suggests that this approach may be useful in the treatment of pancreatic cancer (30). Additionally, glycolysis activation in pancreatic cancer can be reversed by an mTOR inhibitor (RAD001), and RAD001 in combination with gemcitabine can promote the chemotherapy sensitivity of PAAD cells (28).

Pyruvate is an important molecule for human metabolism. Pyruvate is the end product of glycolysis and is eventually transported to the mitochondria to be involved in the tricarboxylic acid cycle (31). Some enzymes in the pyruvate metabolic pathway, such as pyruvate kinase (PK) and pyruvate carboxylase, have been studied in cancer (32, 33). For instance, PKM2 has been shown to be overexpressed in various cancers and can promote cancer cell proliferation and metastasis (34). Additionally, pyruvate carboxylase activity has a function in protecting cancer cells from oxidative damage and regulating lipid metabolism (34). For PAAD, the survival time was significantly reduced in high PKM2 expression patients compared to low PKM2 expression patients. Moreover, PKM2 expression was negatively related to the number of CD8+ cells in the tumor (35). However, targeting these enzymes could attenuate glycolysis and inhibit tumor proliferation (36). From our results, the “pyruvate phenotype” seems to be less sensitive to some anticancer drugs. Therefore, targeting pyruvate metabolism-related enzymes in the future may help improve drug resistance in PAAD patients.

Since the in-depth study of immune checkpoints on the surface of T cells, immune checkpoints, such as programmed death receptor 1 (PD-1), have become new therapeutic targets for various cancers (37). However, PAAD does not respond well to immunotherapy because the TME of PAAD is immunosuppressed (38). At present, drug therapy for PAAD has gradually shifted to combination therapy with targeted therapy and immune checkpoint inhibitors. For instance, combination therapy targeting CXCL12 and PD-L1 may have anticancer effects in PAAD (39). Our study provided a new molecular subtype for PAAD based on immune status and metabolic features. The combination of targeted therapy with immunotherapy for patients with different immune metabolic phenotypes appears to be feasible in the future. Pancreatic stellate cell-secreted factors promote both glycolysis and gemcitabine resistance in PAAD cells, while drug resistance can be reduced when glycolysis is inhibited (40). Additionally, mTOR inhibitors can alter the TME of PAAD through metabolic reprogramming, thereby promoting the efficacy of PD-L1 blockers in combination with gemcitabine (41). Therefore, this combination therapy, including immunotherapy, will become a new treatment strategy for PAAD patients in the future.

This study has some limitations. Although the molecular subtypes based on the TCGA-PAAD cohort have shown advantages in clinical prognosis, tumor microenvironment and treatment outcome prediction, the reliability of molecular subtypes needs to be further validated in a large amount of clinical treatment data. Our study reveals that glycolysis and pyruvate-related metabolic remodeling occurs in pancreatic cancer tissues, but such metabolic alterations are not an exclusive signature of tumor cells. Single-cell sequencing and spatial proteomics could help clarify this scientific question. In addition, future work should focus on more novel immune-metabolic characteristics of PAAD, including glucose metabolism, the anoxic microenvironment and amino acid metabolism. The relationships between metabolites and immune cells in the TME should be studied in depth. We also need to pay attention to the metabolic characteristics of immune cells: macrophages, B cells, and T cells.




5 Conclusions

Transcriptomic and immunohistochemical analyses confirmed that TAM2 infiltration levels were abnormally elevated in PAAD and were associated with poor patient prognosis. Proteomic analysis highlighted the strong correlation between TAM2 and metabolic remodeling in PAAD patients. Metabolomic analysis further confirmed the co-expression relationship between pyruvate and glycolysis/gluconeogenesis metabolism and TAM2 infiltration in PAAD. This study identifies four subtypes of PAAD patients having various metabolic features according to TAM2-related metabolic pathways. Higher levels of pyruvate, glycolysis/gluconeogenesis metabolism, and higher levels of TAM2 infiltration, poorer survival prognosis and higher immune suppression are characteristics of the mixed subtype. In addition, different metabolic subtypes have different functional mechanisms and differ in their sensitivity to different chemotherapeutic agents.





Data availability statement

The data presented in the study are deposited in the iProX repository, accession number PXD044500.





Ethics statement

The studies involving human participants were reviewed and approved by Ethics Committee of First Hospital of Lanzhou University. The patients/participants provided their written informed consent to participate in this study.





Author contributions

WZ and HZ are responsible for the design of the study and reviewed the manuscript. YD and XL contributed to the design of the study, collection, and interpretation of data, and drafting and revising the manuscript. WJ and SD participated in the collection and analysis of data. WL and HT are responsible for the collection and processing of samples. JY: Writing – review & editing, Methodology, Formal analysis, Software. All authors contributed to the article and approved the submitted version.





Funding

The study was funded by the (1) National Natural Science Foundation of China (grant number 82260555); (2) Medical Innovation and Development Project of Lanzhou University (grant number lzuyxcx-2022-177); (3) Major Science and Technology Projects of Gansu Province (grant number 22ZD6FA021-4); (4) Lanzhou Science and Technology Plan Project (grant number 2020-ZD-60); (5) Open Project of Gansu Provincial Key Laboratory for Mining and Innovation Transformation of Traditional Chinese Medicine (grant number ZYZX-2020-08).




Acknowledgments

We thank Gaolong Yin at Shanghai Bioprofile Technology Company Ltd. for his technical support in proteomics.





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.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2023.1170223/full#supplementary-material




References

1. Martínez-Reyes, I, and Chandel, NS. Cancer metabolism: looking forward. Nat Rev Cancer (2021) 21(10):669–80. doi: 10.1038/s41568-021-00378-6

2. Chou, MY, and Yang, MH. Interplay of immunometabolism and epithelial-mesenchymal transition in the tumor microenvironment. Int J Mol Sci (2021) 22(18):9878. doi: 10.3390/ijms22189878

3. Kaymak, I, Williams, KS, Cantor, JR, and Jones, RG. Immunometabolic interplay in the tumor microenvironment. Cancer Cell (2021) 39(1):28–37. doi: 10.1016/j.ccell.2020.09.004

4. Kim, J, and DeBerardinis, RJ. Mechanisms and implications of metabolic heterogeneity in cancer. Cell Metab (2019) 30(3):434–46. doi: 10.1016/j.cmet.2019.08.013

5. Cai, J, Chen, H, Lu, M, Zhang, Y, Lu, B, You, L, et al. Advances in the epidemiology of pancreatic cancer: Trends, risk factors, screening, and prognosis. Cancer Lett (2021) 520:1–11. doi: 10.1016/j.canlet.2021.06.027

6. Halbrook, CJ, Pontious, C, Kovalenko, I, Lapienyte, L, Dreyer, S, Lee, HJ, et al. Macrophage-released pyrimidines inhibit gemcitabine therapy in pancreatic cancer. Cell Metab (2019) 29(6):1390–1399.e1396. doi: 10.1016/j.cmet.2019.02.001

7. Yang, J, Li, Y, Sun, Z, and Zhan, H. Macrophages in pancreatic cancer: An immunometabolic perspective. Cancer Lett (2021) 498:188–200. doi: 10.1016/j.canlet.2020.10.029

8. Ye, H, Zhou, Q, Zheng, S, Li, G, Lin, Q, Wei, L, et al. Tumor-associated macrophages promote progression and the Warburg effect via CCL18/NF-kB/VCAM-1 pathway in pancreatic ductal adenocarcinoma. Cell Death Dis (2018) 9(5):453. doi: 10.1038/s41419-018-0486-0

9. Zhang, T, Yu, H, Bai, Y, Song, J, Chen, J, Li, Y, et al. Extracellular vesicle-derived LINC00511 promotes glycolysis and mitochondrial oxidative phosphorylation of pancreatic cancer through macrophage polarization by microRNA-193a-3p-dependent regulation of plasminogen activator urokinase. Immunopharmacol Immunotoxicol (2022) 45:355–69. doi: 10.1080/08923973.2022.2145968

10. Weinstein, JN, Collisson, EA, Mills, GB, Shaw, KR, Ozenberger, BA, Ellrott, K, et al. The Cancer Genome Atlas Pan-Cancer analysis project. Nat Genet (2013) 45(10):1113–20. doi: 10.1038/ng.2764

11. Carithers, LJ, and Moore, HM. The genotype-tissue expression (GTEx) project. Nat Genet (2013) 45(6):580–5. doi: 10.1038/ng.2653

12. Goldman, MJ, Craft, B, Hastie, M, Repečka, K, McDade, F, Kamath, A, et al. Visualizing and interpreting cancer genomics data via the Xena platform. Nat Biotechnol (2020) 38(6):675–8. doi: 10.1038/s41587-020-0546-8

13. Edgar, R, Domrachev, M, and Lash, AE. Gene Expression Omnibus: NCBI gene expression and hybridization array data repository. Nucleic Acids Res (2002) 30(1):207–10. doi: 10.1093/nar/30.1.207

14. Ritchie, ME, Phipson, B, Wu, D, Hu, Y, Law, CW, Shi, W, et al. limma powers differential expression analyses for RNA-sequencing and microarray studies. Nucleic Acids Res (2015) 43(7):e47. doi: 10.1093/nar/gkv007

15. Yu, G, Wang, LG, Han, Y, and He, QY. clusterProfiler: an R package for comparing biological themes among gene clusters. Omics J Integr Biol (2012) 16(5):284–7. doi: 10.1089/omi.2011.0118

16. Pang, Z, Chong, J, Zhou, G, de Lima Morais, DA, Chang, L, Barrette, M, et al. MetaboAnalyst 5.0: narrowing the gap between raw spectra and functional insights. Nucleic Acids Res (2021) 49(W1):W388–w396. doi: 10.1093/nar/gkab382

17. Langfelder, P, and Horvath, S. WGCNA: an R package for weighted correlation network analysis. BMC Bioinf (2008) 9:559. doi: 10.1186/1471-2105-9-559

18. Liberzon, A, Birger, C, Thorvaldsdóttir, H, Ghandi, M, Mesirov, JP, and Tamayo, P. The Molecular Signatures Database (MSigDB) hallmark gene set collection. Cell Syst (2015) 1(6):417–25. doi: 10.1016/j.cels.2015.12.004

19. Yuan, Q, Deng, D, Pan, C, Ren, J, Wei, T, Wu, Z, et al. Integration of transcriptomics, proteomics, and metabolomics data to reveal HER2-associated metabolic heterogeneity in gastric cancer with response to immunotherapy and neoadjuvant chemotherapy. Front Immunol (2022) 13:951137(951137). doi: 10.3389/fimmu.2022.951137

20. Obermayr, E, Koppensteiner, N, Heinzl, N, Schuster, E, Holzer, B, Fabikan, H, et al. Effect of short-term storage of blood samples on gene expression in lung cancer patients. Clin Chem Lab Med (2023) 61(2):294–301. doi: 10.1515/cclm-2022-0738

21. Bindea, G, Mlecnik, B, Hackl, H, Charoentong, P, Tosolini, M, Kirilovsky, A, et al. ClueGO: a Cytoscape plug-in to decipher functionally grouped gene ontology and pathway annotation networks. Bioinf (Oxford England) (2009) 25(8):1091–3. doi: 10.1093/bioinformatics/btp101

22. Mayakonda, A, Lin, DC, Assenov, Y, Plass, C, and Koeffler, HP. Maftools: efficient and comprehensive analysis of somatic variants in cancer. Genome Res (2018) 28(11):1747–56. doi: 10.1101/gr.239244.118

23. Maeser, D, Gruener, RF, and Huang, RS. oncoPredict: an R package for predicting in vivo or cancer patient drug response and biomarkers from cell line screening data. Briefings Bioinf (2021) 22(6):bbab260. doi: 10.1093/bib/bbab260

24. Boutilier, AJ, and Elsawa, SF. Macrophage polarization states in the tumor microenvironment. Int J Mol Sci (2021) 22(13):6995. doi: 10.3390/ijms22136995

25. Colegio, OR, Chu, NQ, Szabo, AL, Chu, T, Rhebergen, AM, Jairam, V, et al. Functional polarization of tumour-associated macrophages by tumour-derived lactic acid. Nature (2014) 513(7519):559–63. doi: 10.1038/nature13490

26. Stine, ZE, Schug, ZT, Salvino, JM, and Dang, CV. Targeting cancer metabolism in the era of precision oncology. Nat Rev Drug Discov (2022) 21(2):141–62. doi: 10.1038/s41573-021-00339-6

27. Ganapathy-Kanniappan, S, and Geschwind, JF. Tumor glycolysis as a target for cancer therapy: progress and prospects. Mol Cancer (2013) 12:152. doi: 10.1186/1476-4598-12-152

28. Chang, X, Liu, X, Wang, H, Yang, X, and Gu, Y. Glycolysis in the progression of pancreatic cancer. Am J Cancer Res (2022) 12(2):861–72.

29. Yang, J, Ren, B, Yang, G, Wang, H, Chen, G, You, L, et al. The enhancement of glycolysis regulates pancreatic cancer metastasis. Cell Mol Life Sci CMLS (2020) 77(2):305–21. doi: 10.1007/s00018-019-03278-z

30. Chen, LY, Cheng, CS, Qu, C, Wang, P, Chen, H, Meng, ZQ, et al. CBX3 promotes proliferation and regulates glycolysis via suppressing FBP1 in pancreatic cancer. Biochem Biophys Res Commun (2018) 500(3):691–7. doi: 10.1016/j.bbrc.2018.04.137

31. Acosta Felquer, ML, LoGiudice, L, Galimberti, ML, Rosa, J, Mazzuoccolo, L, and Soriano, ER. Treating the skin with biologics in patients with psoriasis decreases the incidence of psoriatic arthritis. Ann Rheumatic Dis (2022) 81(1):74–9. doi: 10.1136/annrheumdis-2021-220865

32. Zahra, K, Dey, T, Ashish,, Mishra, SP, and Pandey, U. Pyruvate kinase M2 and cancer: the role of PKM2 in promoting tumorigenesis. Front Oncol (2020) 10:159(159). doi: 10.3389/fonc.2020.00159

33. Kiesel, VA, Sheeley, MP, Coleman, MF, Cotul, EK, Donkin, SS, Hursting, SD, et al. Pyruvate carboxylase and cancer progression. Cancer Metab (2021) 9(1):20. doi: 10.1186/s40170-021-00256-7

34. Zhu, S, Guo, Y, Zhang, X, Liu, H, Yin, M, Chen, X, et al. Pyruvate kinase M2 (PKM2) in cancer and cancer therapeutics. Cancer Lett (2021) 503:240–8. doi: 10.1016/j.canlet.2020.11.018

35. Mohammad, GH, Olde Damink, SW, Malago, M, Dhar, DK, and Pereira, SP. Pyruvate kinase M2 and lactate dehydrogenase A are overexpressed in pancreatic cancer and correlate with poor outcome. PloS One (2016) 11(3):e0151635. doi: 10.1371/journal.pone.0151635

36. Mohammad, GH, Vassileva, V, Acedo, P, Olde Damink, SWM, Malago, M, Dhar, DK, et al. Targeting pyruvate kinase M2 and lactate dehydrogenase A is an effective combination strategy for the treatment of pancreatic cancer. Cancers (2019) 11(9):1372. doi: 10.3390/cancers11091372

37. Morad, G, Helmink, BA, Sharma, P, and Wargo, JA. Hallmarks of response, resistance, and toxicity to immune checkpoint blockade. Cell (2021) 184(21):5309–37. doi: 10.1016/j.cell.2021.09.020

38. Bear, AS, Vonderheide, RH, and O'Hara, MH. Challenges and opportunities for pancreatic cancer immunotherapy. Cancer Cell (2020) 38(6):788–802. doi: 10.1016/j.ccell.2020.08.004

39. Feig, C, Jones, JO, Kraman, M, Wells, RJ, Deonarine, A, Chan, DS, et al. Targeting CXCL12 from FAP-expressing carcinoma-associated fibroblasts synergizes with anti-PD-L1 immunotherapy in pancreatic cancer. Proc Natl Acad Sci USA (2013) 110(50):20212–7. doi: 10.1073/pnas.1320318110

40. Amrutkar, M, Berg, K, Balto, A, Skilbrei, MG, Finstadsveen, AV, Aasrum, M, et al. Pancreatic stellate cell-induced gemcitabine resistance in pancreatic cancer is associated with LDHA- and MCT4-mediated enhanced glycolysis. Cancer Cell Int (2023) 23(1):9. doi: 10.1186/s12935-023-02852-7

41. Qiu, J, Feng, M, Yang, G, Cao, Z, Liu, Y, You, L, et al. mTOR inhibitor, gemcitabine and PD-L1 antibody blockade combination therapy suppresses pancreatic cancer progression via metabolic reprogramming and immune microenvironment remodeling in Trp53(flox/+)LSL-Kras(G12D/+)Pdx-1-Cre murine models. Cancer Lett (2023) 554:216020. doi: 10.1016/j.canlet.2022.216020




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.


Copyright © 2023 Li, Du, Jiang, Dong, Li, Tang, Yi, Zhou and Zhang. 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.


OEBPS/Images/fimmu-14-1170223-g003.jpg
—log10(F-value)

Expression level of DLAT

301 Cor=0.579

T T T T
-06 -03 0 03 06

T T T T T
015 020 025 030 035

D correlation coefficient E Expression level of CD206
Cor=0.521 c11 Cor=0.495 c18,

= % T2 P=0.027¢4 d

=] & Scrz cif

= 214 4 . i

e <

5 S

s =

g T

pe s

% 20- 5

$ [

g c1o s

)

ol c17 & 4o i 8

m

EXxpression level of LDAB

T T T T T
015 020 025 030 035
Expression level of CD206

2]

T T T T T
015 020 025 030 035
Expression level of CD206

Cor = 0.4952 C11.
21| P=0.028 cis”
20
19

ci16e

8

Expression level of MDH2
N
3
I

| cor=0.449
P=0.042C12° e}

Ci17e

0‘15 0‘20 0.’25 ﬂ!w 0255
Expression level of CD206

015 020 025 03 035
Expression level of CD206

Biological Processes
Pancrea

secretion

Cardiac muscle contraction

Oxidative phosphorylation

Protein export

Thermogenesis

Endocrine—regulated calcium reabsorption
Ribosome

Proximal tubule bicarbonate reclamation
Biosynthesis

Protein processing in endoplasmic reticulum
Biosynthesis of nucleotide
Thyroid hormone synthesis
Biosynthesis of cofactors
Biosynthesis of amino acids
Human Diseases

Chemical c;
Ferroptos
Amyotrophic lateral sclerosis
H
Non-—alcoholic fatty liver disease

ngars

nogenesis reactive oxygen sp

ngton disease

Parkinson disease
Neurodegeneration — multiple diseases

Legionellosis

us disease — COVID-19

Prion disease

Alzheimer disease

Digestion and Degradation

Fatty acid degradation

Valine, leucine and isoleucine degradation
Fat digestion and absorption

Protein digestion and absorption
Carbohydrate digestion and absorption
Lysine degradation

Metabolism

Glyoxylate and dicarboxylate metabolism
Glycine, serine and threonine metabolism
Glycolysis / Gluconeogenesis

Pyruvate metabolism

Amino sugar and nucleotide sugar metabolism
Tryptophan metabolism

Butanoate metabolism

Propanoate metabolism

Ascorbate and aldarate metabolism
Cysteine and methionine metabolism
Arginine and proline metabolism

Fatty acid metabolism

Alanine, aspartate and glutamate metabolism
Citrate cycle (TCA cycle)

Carbon metabolism

KEGG pathway annotation

|“"
~

©
=)

Bk
I 7
BN
I ©
K]
|

‘|

w ‘ w
5
= =
o
>
)

.‘
=

I, 14
I 14
I
I
I

I 7

I

I

I 5

Ia,
b
3

I
s
[ K

m‘
~
©

Io,(,,
IS
©

‘
o

Number of Gene






OEBPS/Images/fimmu-14-1170223-g008.jpg
ADAMTST2
CACNA18
DNAH11
FAT2

FBN3

PCDHB7
POM121L12
RIMS2
SCN5A

Irinotecan sensit

Cyclophosphamide sensitivity

Alteres

d in 117 (78%) of 150 samples.

1.004
075
0504
0254

0.00

&£ S
1.00
0.754
0.501
0.25
0.001
& (0&7’@
Ca

(23
E=4
Q
2]
[
o4
©
©
o

.‘5
[
Q
0
2
£ 10
©
0
©
[a]

1.00
P=0.493 P=0.073
group 075 group
W «ras 050 W smaos
KRAS SMAD4
Mutations  0.25 Mutations
o 3®
[y
Q*&
1.00
P=0.918 P=0.094
group 078 group
W ess 050 [ coxnea
W s CDKN2A
Mutations ~ 0.25 Mutations
0.00
500
2
>
400
(72}
§ Subgroups
2 300 ES Quiescent
o
© E3 Pyruvate
3 200 Ba 66
s B Mixed
]
iL 100
©
X






OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Integrated transcriptomics, proteomics and metabolomics-based analysis uncover TAM2-associated glycolysis and pyruvate metabolic remodeling in pancreatic cancer

      

        		

          Introduction

        



        		

          Materials and methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Patients and samples

          



          		

            2.2 RNA-Seq data download

          



          		

            2.3 Proteomics and targeted metabolomics assays

          



          		

            2.4 Proteomics and metabolomics analysis

          



          		

            2.5 TAM2-related metabolic pathway analysis

          



          		

            2.6 Metabolic subtype classification

          



          		

            2.7 Clinical features and mechanistic investigation of metabolic subtype

          



          		

            2.8 Immune infiltration of metabolic subtypes

          



          		

            2.9 Therapeutic prediction of metabolic subtype

          



          		

            2.10 Statistical analysis

          



        



        



        		

          3 Results

        

          		

            3.1 TAM2 is highly infiltrative in PAAD and associated with poor prognosis

          



          		

            3.2 Proteomics and metabolism suggest metabolic abnormalities in pancreatic cancer

          



          		

            3.3 TAM2 is associated with metabolic abnormalities in PAAD

          



          		

            3.4 Detection of four metabolic subgroups of PAAD according to GG and pyruvate metabolism-related genes

          



          		

            3.5 Different metabolic subtypes were involved in different biological mechanisms

          



          		

            3.6 Immune infiltration analysis, immunotherapy prediction and targeted drugs sensitivity analysis

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusions

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-14-1170223-g004.jpg
A B
Sample dendrogram
o
o beid
OO ©
3 o
e mn
£ o -
%’ e 1810 Lax il 5o
T 1580 4 *osgets T
< gt Shtt]
ro 0o
[&]8] (18] <
S
CD163
CD206 |
Trait heatmap
i @
Citrate cycle (TCA cycle)
6
Glyoxylate and
= dicarboxylate metabolism
3| @
2 Starch and sucrose metabolism
= o
5 . ©®
‘é’ Glycolysis / ‘
S Gluconeogenesis Pyruvate
metabolism
0.0 0.1 0.2 0.3
MetaboAnalyst impact score
G

Median pyruvate metabolism

gene expression(z-score)

: Glycolysis /
! Gluconeogenesis

-2 0 2
Median glycolysis/gluconeogenesis
gene expression(z-score)

Cluster Dendrogram

Module colors

F

-log10(p)
6
4

2

o-KG

—log10(p)

|

I II‘
I‘|
|

I
\ll

i...

|

fin

L
|.|.‘ :! ”.H:“{,@

'||"' y

101
|
\‘ IHl

Glycolysis/gluconeogenesis genes

MEturquoise

MEblue

MEbrown

MEgrey

Module-trait relationships

-0.093 -02
0.7) (0.4)
-022
(0.4)
0.16 -02
(05) (0.4)
0.19 0.28
(0.4) (0.3)
cD163 CD206

Fumarate

I

Malate

TCA cycle /

Oxaloacetate

Citrate

|III

i "h

| eeom i | |

] u‘j';"s:m 1]

~

Mal

11 owcz I
| Aoz

' mwcm
e | JIRLUT

ok
1 woniet

Poi2

ou
|| acsst
| GALM

Avoo Il |

Fap1 ”
ALDH3BT !
Enoz

1o
|
ALDHTAL |
Pamt
I
|peiz
prin
[f | Awomanz Il
s
| s ||
I

[|| Aonte

| Aoic | |
1 awos

D

1

05 8
2
8

0 5
®
o
2
O

05 O

ate

Module membership vs. gene significance
cor=0.83, p=0.003

Succinyl=CoA

@Phosphoenolpyruvate

0.4 0.6 0.8
Module Membership in blue module

-_> G6P —> F6P —» FBP —> BPG

A\

3PG

A\

2PG

PEP

A 4

S~—s | Pyruvate | —| Lactate |

IllI| Il
Ll

‘ I o
| | Pt P
1] I ’ I
010 LR A | :
[ v o
| o
11101 scssz -2
| ||| acars
[H] IIFIIII [ ] [rovee
11 MDY roup
‘ Il I fl ]l e Quiescent
i Pyruvate
L e e
TR R oo
I | e
Lorier

[0 | [rorms

Pyruvate metabolism genes





OEBPS/Images/fimmu-14-1170223-g006.jpg
Quiescent

‘E .
ey
8 cntopepiase
8 activity
'3
o
2
v
Py
25
&
=9
=
5.8
-—_Q
[ON=]

Gl

xenobiotic
metabolic process

Starch and sucrose metabolism
Salivary secretion

Proximal tubule bicarbonate reclamation
Protein digestion and absorption

Platelet activation

Pancreatic secretion

Neuroactive ligand-receptor interaction
Glycine, serine and threonine metabolism
Glycerolipid metabolism

Fat digestion and absorption
Complement and coagulation cascades

Carbohydrate digestion and absorption

[ o

tissue homeostasis

zymogen activation

ion cnannet
nnibitor activity

catciumindependent @
callcoll adhesion

comso.  endodomalcol
aterentton

gasrlatestinal epitheliom

Sphingolipid signaling pathway
Retrograde endocannabinoid signaling |
neurodegeneration multiple diseases {
Maturity onset diabetes of the young {
MAPK signaling pathway {
Long-term depression
Insulin secretion

Glutamatergic synapse

Pyruvate

GABAergic synapse {
Dopaminergic synapse

Circadian entrainment

Cholinergic synapse

CAMP signaling pathway

Adrenergic signaling in cardiomyocytes

03669
Count

Synapic vesicie cycie |

T
0 51015

dendritic cell
antigen processing
and presentation

Mucin type O-glycan biosynthesis

(V]
o

Fructose and mannose metabolism
Drug metabolism cytochrome P450-
Chemical carcinogenesis DNA adducts

mulcetiar oganism signaing
reuiaton of membrane potentisl

-
§ v

—Z="=S._  antigen processing
', and presentation of
N\ peptideor
\ polysaccharide
1 antigen via mic
class Il

S,

hormone metabolic
process

Tight junction |

Thyroid hormone synthesis

Steroid hormone biosynthesis {
Small cell lung cancer
Retinol metabonsm]

Metabolism of xenobiotics
Linoleic acid metabolism -
Histidine metabolism {

Galactose metabolism

Bile secretion

Aldosterone-regulated
sodium reabsorption

012345
Count

collagen-containing
extracellular matrix .

Antigen processing and presentation {

cation channel
complex

pathway

TGF-beta signaling pathway |
Staphylococcus aureus infection
Salivary secretion |
Retinol metabolism -
Protein digestion and absorption -
Phagosome 1|
Pentose and glucuronate{

Leishmaniasis <

Mixed

IL-17 signaling pathway -
Focal adhesion
ECM-receptor interaction -
Bladder cancer |

Amoebiasis

Integrin binding

transmembrane
receptor protein
serinelthreonine
Kinase signaling

AGE-RAGE signaling pathway
in diabetic complications. }—'—v—'—
Count

Pyruvate

Mixed





OEBPS/Images/fimmu-14-1170223-g002.jpg
AGR2 @)

APOC2

rac@l 2
L 2

=

|
i
: -Log10P value
i
|
|
|

4
@

-Log10P value
6

~Log10(P.value)

~

4
X
0

‘Down|

conne
co2341 1138 C00008
e @ o
cone2 4 Coonzs
%
N
oot 5 W qow
° 5 ®
W
conet £ 3 w abundance of T oy 5 cooose
;@ g% @ abundance ol N 31 B
a0
® log2(fc) <0
2% 2s
i ® S5 o
coosss 5 conez
% 2,
X &
. ® g
coosss sa0
"

Biological Processes
Adherens ju
Antigen processing and presen
¢GMP-PKG
Ferroptosis

Le
Necroptosis

ction

ation

gnaling pathway

1kocyte transendothelial migration

Platelet ac ion

Synaptic vesicle cycle

Biosynthesis

Aminoacyl-tRNA biosynthesis

Biosynthesis of amino acids

N-Glycan biosynthesis

Protein processing in endoplasmic reticulum
Thyroid hormone synthesis

Various types of N—glycan biosynthesis
Metabolism

Amino sugar and nucleotide sugar metabolism
Carbon metabolism

Cholesterol metabolism

Cysteine and methionine metabolism
Glutathione metabolism

Glycolysis / Gluconeogenesis

Cellular structure

Pha
Proteasome

Ribosome

Human Diseases

Alzheimer disease

Coronavirus disease — COVID-19
Spinocerebellar ataxia

sosome

Huntington disease

Parkinson disease

Systemic lupus erythematosus
Prion disease

Staphylococcus aureus infection

KEGGid P value Component Name

C00498 0.000 ADPglucose

€00002 0.000 ATP

C00197 0.000 3-phosphoglycerate

C00036 0.000 Oxaloacetate

€00044 0.000 GTP

€co0111 0.000 Dihydroxyacetone phosphate
co1182 0.000 Ribulose-1, 5 bisphosphate
C00029 0.000 UDPglucose

C00117 0.000 D-Ribose 5-phosphate
C02341 0.001 Trans-Aconitate

C00008 0.002 ADP

©00661 0.002 Glyceraldehyde 3-phosphate
C00631 0.002 2-phosphoglycerate

©00068 0.002 Thiamine pyrophosphate
C00345 0.003 6-phosphogluconate
C00026 0.010 alpha-Ketoglutarate

©00042 0.044 Succinate

KEGG pathway annotation

o o o
~ o~
©
=)

Im||
)
~ D~
©
>

|m

I IIU.U.
o oo
)

5 S ‘
=
31
s Bs
R
8 8

B

Number of Gene

m

6 . Glycolysis / Gluconeogenesis
. Citrate cycle (TCA cycle)

Purine
metabolism

2 Butanoate metabolism
Glycerolipid metabolism

Pyruvate metabolism ®

Pentose phosphate pathway

~I0g10(p)

~log10(p)

~ N ow s oo

~log10(p)

Alanine, aspartate and glutamate metabolism @

1
2
3





OEBPS/Images/logo.jpg
, frontiers | Frontiers in Immunology





OEBPS/Images/fimmu.2023.1170223_cover.jpg
’ frontiers ‘ Frontiers in Immunology

Integrated transcriptomics, proteomics and
metabolomicsbased analysis uncover
TAM2-associated glycolysis and pyruvate
metabolic remodeling in pancreatic cancer





OEBPS/Images/fimmu-14-1170223-g001.jpg
Macrophage M2 infiltration

04

0.2

0.0

Normal

Tumor

Tumor

TCGA&GTEx GSE15471 Cc GSE62165 D GSE62452
0.4 0.4 r——'l*
=3 s c
k) kel K<}
S s E..
£ gos -
£ £ £
o N N
= = = 02 ®
@D @ 02 D
o o o
© © ©
4 - =
Q Q Q 0.1
12 ] ]
o o o
@ & 0.1 S
= = = o0
Normal Tumor Normal Tumor
F 1 b Low CD163
- 1.00 )
o == High CD163
2 % Pvalue = 0.037
o 2 o5
3 z
8 2
E, = 0.50
3 ©
5 e
g O o025
N
]
Normal Tumor 0.00
0 4 8 12 16 20 24 28
G Time(months)
< € owi{0 10 9 8 3 3 2 1
2 8high108432100
o 0 4 8 12 16 20 24 28
g Time(months)
£
2
o
s J
3 1.00 k- Low CD163
é = High CD163
Normal Tumor E 0.75 Palue=0.23
H e
@ 050
§ 3
173
g 6 0.25
o
3
= 0.00
% 0 4 8 12 16 20 24 28
s Time(months)
8 m
] o lowq10 10 7 6 4 3 2 1
o 8 highq10 8 6 5 1 1 0 0
0 4 8 12 16 20 24 28

Time(months)






OEBPS/Images/fimmu-14-1170223-g007.jpg
ImmuneScore

StromalScore

ESTIMATEScore

Immunosuppressive gene expression

Subgroups
B Quiescent
[ Pyruvate

» -
.t W cc
1 F B Mixed
Quiescent Pyruvate GG ‘ Methods
b b TIMER
ol CIBERSORT
i QUANTIseq
1000 L: d MCPcounter
'| N . XxCELL
= EPIC
k ]
1 o 10
o . o
| 1 T &
y d o ] 5
Quiescent Pywvate GG Mixed ! ! l ] I I i ]
= - (1]
. o ol LT | 0
E
o0, | . F.o
/ ! '! SR 5
B " ]
¢ L -10
(] LT
55 . H Y
Quiescent Pyrwvate GG 2l L
[[] Quiescent |:| Pyruvate [[] GG [[] Mixed
ADORA2A BTLA CD160 CD244 CD274 CD96 CSFIR CTLA4 HAVCR2 1L10 IL10RB
o hs P ok
5.0 i ok ®
.
25 @ “
b sizsl hodd) (000 4 &b |
S
o= — e el L — L
KDR LAG3 LGALS9 NECTIN2 PDCD1 PDCDILG2 TGFB1I1 TGFBR1 TIGIT VTCN1 SIGLEC15
| Fkk
759 ®‘ (D - ek
D . ** ns
ns ok
5.0 ® ' I
i W@ fl
25- (\D’ ‘
0.0 O






OEBPS/Images/table1.jpg
CD206 expression CD163 expression

Characteristics (:32) (nL:;A(’)) — .
Age
| <60 4(50%) 4(50%) 1 5(62.5%) 3(37.5%) 0.65

>60 6(50%) 6(50%) 5(41.7%) 7(58.3%)

Gender
Female 6(60%) 4(40%) 0371 6(60%) 4(40%) 0371
Male 4(40%) 6(60%) 4(40%) 6(60%)

CA199
<=35 1(20%) 4(80%) 0.303 | 2(40%) 3(60%) 1
>35 9(60%) 6(40%) 8(53.3%) 7(46.7%)

Histologic grade
G3 7(63.6%) 4(36.4%) 0.37 8(72.7%) 3(27.3%) 0.07
G2 3(33.3%) 6(66.7%) 2(22.2%) 7(77.8%)

Pathologic stage

Stagel 0(0%) 7(100%) 0.003 3(42.9%) 4(57.1%) 1
Stage2/3 10(76.9%) 3(23.1%) 7(53.8%) 6(46.2%)
‘ T stage
Tl 3(75%) 1(25%) 0.582 2(50%) 2(50%) 1
T2/3 7(43.8%) 9(56.3%) 8(50%) 8(50%)
N stage
NO | 0(0%) 7(100%) 0.003 [ 3(42.9%) 4(57.1%) 1
N1 10(76.9%) 3(23.1%) 7(53.8%) 6(46.2%)

Vascular invasion

No 6(50%) 6(50%) 1 7(58.3%) 5(41.7%) 0.65
Yes 4(50%) 4(50%) 3(37.5%) 5(62.5%)
i
M stage

Mo 10(50%) 10(50%) 10(50%) 10(50%)





OEBPS/Images/fimmu-14-1170223-g005.jpg
B c
~ o % ~ *%
= = =
0.15 *
S > S [o— Subgroup
2 2 2 ;
[+ S 02/ S A:Quiescent
o o o
g o G 0.10 B:Pyruvate
© ®© ©
£ £ £ C:GG
“ “ u“ y
o o o D:Mixed
= = 01 -
[ c c
7} 9] 7}
= = e £
L L L
O 9 L
= = =
[ =4 [ =4 =}
w w oo w
A B G D A B [o3 D
CIBERSORT algorithm QuanTlseq algorithm xCell algorithm
= "7 cowes CD206 ccL1s CD209 CcD68 TNFSF10 CSFIR CXCR4
é P %
[ = -1 wx ]
& wxx T TT * axx
N = sae i - — 1 Subgroup
= |
8 107 =, i - | —— i—r [ ] A:Quiescent
» wx * .
4 - * = — | | B:Pyruvate
X
= | | cea
— 1 :
E e D:Mixed
5 % M
c
e}
(7]
%]
o
<4
g o
— — — — — e ———
ABCD ABCD ABCD ABCD ABCD ABCD ABGCD ABTCD
F G
1.00 =k Quiescent 1.00 = Quiescent == GG 1.00 = Quiescent
o = Pyruvate g = Pyruvate = Mixed g =+ Pyruvate
- -
-§ 0.75 G_G E 075 E 0.75 G,G
= == Mixed ) (%) = Mixed
= o o
z 5 £
= 0.50 D 0.50 "E 0.50
? g 5
© [ [
- 1)
025 025 O o025
[ 2 5 P =0.054
o} 2] o
a} [
0.00 0.00 0.00
0 2 4 6 8 0 4 6 8 0 ¢ 4 4 6 8
Time(years) Time(years) Time(years)
Quiescent { 50 9 3 0 0 Quiescent { 47 9 3 0 0  Quiescent { 50 7 3 0 0
Pyruvate { 25 8 4 1 0 Pyruvate { 24 8 4 1 0 Pyruvate { 25 T 4 1 0
GG {27 8 2 1 0 GG {27 8 2 1 0 GG {27 5 1 0 0
Mixed { 76 11 2 0 0 Mixed { 74 10 2 0 0 Mixed { 76 8 1 0 0
0 2 4 6 8 0 2 4 6 8 0 2 4 6 8
Time(years) Time(years) Time(years)





