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The extracellular matrix (ECM) is a vital component of the tumor microenvironment, which interplays with stromal and tumor cells to stimulate the capacity of cancer cells to proliferate, migrate, invade, and undergo angiogenesis. Nevertheless, the crucial functions of ECM-related genes (ECMGs) in pancreatic adenocarcinoma (PAAD) have not been systematically evaluated. Hence, a comprehensive evaluation of the ECMGs is required in pan-cancer, especially in PAAD. First, a pan-cancer overview of ECMGs was explored through the integration of expression profiles, prognostic values, mutation information, methylation levels, and pathway-regulation relationships. Seven ECMGs (i.e. LAMB3, LAMA3, ITGB6, ITGB4, ITGA2, LAMC2, and COL11A1) were identified to be hub genes of PAAD, which were obviously up-regulated in PAAD and considerably linked to tumor stage as well as prognosis. Subsequently, patients with PAAD were divided into 3 clusters premised on ECMG expression and ECM scores. Cluster 2 was the subtype with the best prognosis accompanied by the lowest ECM scores, further verifying ECM’s significant contribution to the pathophysiological processes of PAAD. Significant differences were observed for oncogene and tumor suppressor gene expression, immune microenvironment, and chemotherapy sensitivity across three ECM subtypes. After applying a variety of bioinformatics methods, a novel and robust ECM-associated mRNA-lncRNA-based prognostic panel (ECM-APP) was developed and validated for accurately predicting clinical outcomes of patients with PAAD. Patients with PAAD were randomly categorized into the train, internal validation, and external validation cohorts; meanwhile, each patient was allocated into high-risk (unfavorable prognosis) and low-risk (favorable prognosis) populations premised on the expression traits of ECM-related mRNAs and lncRNAs. The discrepancy in the tumor mutation burden and immune microenvironment might be responsible for the difference in prognoses across the high-risk and low-risk populations. Overall, our findings identified and validated seven ECMGs remarkably linked to the onset and progression of PAAD. ECM-based molecular classification and prognostic panel aid in the prognostic assessment and personalized intervention of patients with PAAD.
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Introduction

Pancreatic adenocarcinoma (PAAD) is among the most prevalent digestive tract malignancy, which is recognized as the “king of cancers” with increasing morbidity in the whole world (1). PAAD is a deadly neoplasm and a defiant public health problem globally. As a result of the absence of obvious clinical manifestations in the preliminary phase of PAAD, 90% of patients have already advanced to metastasis during diagnosis, and as a consequence, they miss the chance for surgical therapy. At the same time, PAAD has a certain degree of resistance to radiotherapy, molecular targeted therapy, and chemotherapy which leads to PAAD being a tumor with a very high mortality rate. Despite the ongoing advancement in the early diagnosis and treatment of PAAD, the five-year survival is only around 9% for patients with this cancer (2). Therefore, developing and validating new prognostic signatures to improve the prediction of the clinical outcomes and chemotherapy sensitivity of PAAD patients is still urgently required.

The tumor microenvironment (TME) performs a critical function in the process of carcinogenesis and cancer progression. In addition, the extracellular matrix (ECM) is a vital component of the TME. The ECM not only helps cells by providing them with mechanical and physical support but also helps cells communicate with one another via the exchange of biochemical signals (3). Through interactions with stromal and tumor cells, the ECM helps cancer cells to proliferate, migrate, invade, underwent angiogenesis, and evade the immune system (4, 5). Accordingly, the ECM performs an integral function in the regulation of carcinogenesis. Excessive ECM deposition is recognized as one of the markers of cancer interaction that is associated with an unfavorable prognosis for the patient (6–9). Furthermore, the EMC supplies cancer cells with persistent proliferative signals, including chemokines and growth factors, which may protect cancer cells from growth inhibitors while also acting as a diffusion barrier for traditional anti-cancer medications (10, 11). Moreover, to the best of our knowledge, the ECM-related genes (ECMGs) have not been discovered to predicate clinical outcomes and chemotherapeutic strategies in patients with PAAD. Thus, the development of the PAAD risk stratification tool using ECMs is promising.

In this research, we comprehensively evaluated the expression levels and genomic variations of the ECMGs across different types of cancer. Through combining in silico analysis with in vitro validation, seven ECMGs (i.e. LAMA3, ITGB6, ITGB4, ITGA2, LAMC2, and COL11A1) were confirmed to be considerably up-modulated in pancreatic cancer cell lines and clinical samples and were strongly associated with the prognosis and tumor stage of the patients. Based on ECM scores and ECMG expression, we categorized PAAD patients into three distinct types and evaluated their relationships with prognosis, immune microenvironments, and drug sensitivities. We further established and verified a novel and independent prognostic panel premised on ECM-related mRNAs and lncRNAs. Overall, our new findings might lay the foundation for a deeper comprehension of the pathophysiologic mechanisms of PAAD, decision-making in the clinical setting, and individualized treatment.



Materials and methods


Pan-cancer landscape of ECM-related genes

First, 84 ECMGs were obtained based on the following dataset from the Molecular Signatures Database (MSigDB): KEGG_ECM_RECEPTOR_INTERACTION. Although many ECMGs have been explored in tumors, pan-cancer characterization of ECMGs is not well summarized. Thus, intensive exploration of the contributions of these genes in a wide range of human malignancies from the perspective of expression traits, prognostic values, methylation, mutation, and pathways would therefore be highly warranted. The CNV and SNV data that were generated from the TCGA database were processed and presented utilizing heatmaps to provide a pan-cancer overview of variations of ECMGs (12). Furthermore, a pan-cancer assessment of methylation levels and differential mRNA expression were performed. In addition to this, a univariate Cox regression analysis between mRNA expression and overall survival (OS) was carried out to determine the value of ECMGs as a prognostic marker in diverse malignancies. R and TBtools were used to perform all of these analyses similarly with our previous published articles (13).

To unveil the differential role of pathways influenced by ECMGs in human multiple cancers, single sample gene set enrichment analysis (ssGSEA) was utilized to compute pathway scores in each sample of each tumor. Gene set enrichment analysis (GSEA) was employed to examine the differences in pathway activity using the transcriptomes of two tumor groups with the bottom and top 30% of pathway scores (14).



Identification and validation of hub ECMGs related to the onset and advancement of PAAD

In this section, we devoted our attention to PAAD to conduct an in-depth and comprehensive investigation. The transcriptome data and clinical data of PAAD and normal pancreas tissues were acquired from Gene Expression Omnibus (GEO), Genotype-Tissue Expression (GTEx), International Cancer Genome Consortium (ICGC), and the Cancer Genome Atlas (TCGA) databases. After log2 transformation and batch correction, 178 PAAD and 171 normal pancreas samples in the GTEx and TCGA cohorts, 45 PAAD and 45 normal pancreas samples in the GSE28735 cohort, 69 PAAD and 61 normal pancreas samples in the GSE62452 cohort, and 82 PAAD samples in the ICGC database were obtained for further analysis.

To determine ECMGs that are expressed differentially between PAAD samples and normal pancreatic tissues, the ‘limma’ package in R was employed based on the cohorts of GSE28735, GSE62452, TCGA, and GTEx. The prognostic significance of differentially expressed ECMGs was examined utilizing univariate Cox regression analysis as well as Kaplan-Meier survival analysis. Gene Expression Profiling Interactive Analysis (GEPIA) platform was applied to evaluate the significant association of the above genes with tumor stage (15, 16). Generally speaking, the differentially expressed genes considerably linked to tumor prognosis and stage were often regarded as the hub genes of the onset and progression of tumors. Thus, we further intended to verify the results of differential expression of the above hub genes across PAAD and normal pancreas samples through immunohistochemistry (IHC) and quantitative real-time PCR (qRT-PCR).


Cell culture

The American Type Culture Collection (ATCC, Manassas, VA, USA) supplied the HPDE6-C7 normal human pancreatic ductal cell line. Our research laboratory provided the following human pancreatic cancer cell lines: PANC-1, CFPAC-1, and Bxpc-3. Cells of the HPDE6-C7, BxPC-3, and Panc-1 lines were incubated in Dulbecco’s modified Eagle’s medium (DMEM) (Gibco, USA) supplemented with 10% fetal bovine serum (FBS) (Gibco, USA) in line with the guidance provided by the ATCC. CF-PAC1 cells were incubated in Iscove’s Modified Dulbecco medium (IMDM) mixed with 10% FBS (Procell, China). All of the cell lines were grown at 37 °C in an environment that was humidified and contained 95% air and 5% CO2.



Collection of clinical samples

From the First Affiliated Hospital of Dalian Medical University, 6 pancreatic cancer tissues and 6 paired paracancerous tissues were obtained from 2022-01-01 to 2022-05-01. The tissues were derived from surgically resected specimens and rapidly froze in liquid nitrogen to prevent RNA from extracting. All patients signed informed consent forms, which were provided by the First Affiliated Hospital of Dalian Medical University. The paracancerous tissues were situated at a distance of over two centimeters from the neoplasm foci. The standard preoperative care was administered to all of the patients in the research, and neither chemotherapy nor radiation treatment was administered to them. The Ethics Committee of the First Affiliated Hospital of Dalian Medical University granted its approval to conduct this investigation.



Isolation of total RNA with quantitative real-time PCR

Using TRIzol (Accurate Biotechnology) as the extraction tool, total RNA was extracted from both primary pancreatic cancer cells and human pancreatic cancer cell lines, as per the guidelines stipulated by the manufacturer. Liquid nitrogen grinding was utilized to extract the RNA from the human pancreatic tissues. The RNA was subsequently subjected to the process of reverse transcription to generate cDNA utilizing an Evo M-MLV RT Kit with gDNA Clean (Accurate Biotechnology). The expression level of 7 ECMGs was measured by RT-PCR utilizing SYBR® Green Premix Pro Taq HS qPCR Kit (Accurate Biotechnology, Shanghai, China), with GAPDH serving as the internal reference. The ΔΔCt method was implemented to analyze and quantify the RNA level expression. The primer sequences employed were as follows, which were obtained from Sangon Biotech (Shanghai) Co., Ltd.: for human COL11A1, 5’- GTGAAGTCATTCAGCCTTTACC-3’(Forward), 5’- ATTTCTTCCATTCCATCCGAGT-3’ (Reverse); for human LAMC2, 5’- GAGGATCAAACAAAAAGCGGAT-3’(Forward), 5’- AGATTCTTCTGTGTACGCTTGA-3’(Reverse); for human LAMA3, 5’- CTGCAGTTTAAACAAACCACCT-3’(Forward), 5’- CAGCTGGTTGATACGAAAAGTC-3’ (Reverse); for human LAMB3, 5’- GAGCCTGTGACTGTGATTTCC-3’(Forward), 5’- GGTAGCGATTACAGTAGCCTC-3’(Reverse); for human ITGA2, 5’- GGGCGACGAAGTGCTACGAAAG-3’(Forward), 5’- ACCCAAGAACTGCTATGCCAAACC-3’ (Reverse); for human ITGB4, 5’- AATGGGGGCATCTGTAATGG-3’(Forward), 5’- GAGTAGTTGATCTCGCAGATGG-3’(Reverse); for human GAPDH, 5’- GGTCTCCTCTGACTTCAACA-3’ (Forward), 5’- GTGAGGGTCTCTCTCTTCCT-3’ (Reverse); for human ITGB6, 5’-ACCTGTGAAGACTGCCTGCTTATTG-3’ (Forward), 5’- ACACCTTTCGCCAACTCCAGATG-3’ (Reverse).



Immunohistochemistry, immunofluorescence, and single-cell maps

The protein expression levels of the 7 hub ECMGs were verified between cancer and normal samples from The Human Protein Atlas (HPA: https://www.proteinatlas.org/). However, we did not find the protein expression information of COL11A1 in the HPA database, therefore we displayed the protein expression levels of the other 6 hub ECMGs. In addition, the antibody staining in different types of cancer observed in current human tissue was categorized in the HPA dataset as not observed, low, medium, or high. This score was determined by taking into account both the intensity of staining and the percentage of total cells that were stained. Similarly, the HPA database was also employed to demonstrate the cellular localization (except the COL11A1) through immunofluorescence. Finally, we also analyzed the single-cell types atlas of the 7 hub ECMGs in PAAD tissues with the help of the HPA platform.




ECM scores and ECMG expression-based cluster analysis

Because of the significant differences in gene expression levels observed in the datasets that had been acquired, we created an ECM-related score classifier premised on the mRNA expression of ECMGs to demonstrate the differential levels of expression present across samples. Specifically, ssGSEA was initially undertaken to assess each patient’s ECM pathway activity. The differential analysis was carried out utilizing “gplots” package in R, and the “pheatmap” package was employed to create the heat map based on the cluster analysis outcomes. The mRNA expression levels in cancerous tissues were categorized by comparisons with the mRNA expression levels of the genes in normal samples: ECM active [cluster 1 (C1)], ECM inactive [cluster 2 (C2)], and normal ECM [cluster 3 (C3)].

We utilized the violin plot that was generated utilizing the ”ggpubr” package to represent the enrichment scores of the clusters to better demonstrate the links that exist between the gene expression levels of these three clusters. The “survival” and “survminer” packages in R were adopted to investigate the discrepancy in prognosis among these three clusters. The “pRRophetic” package in R was utilized to ascertain the half-maximal inhibitory concentration (IC50) of the drugs in the 3 clusters based on the cell expression levels identified from the GDSC(Genomics of Drug Sensitivity in Cancer) database. Of note, the value of the IC50 should be as low as possible for optimal drug sensitivity.



Effect of differentially expressed tumor suppressor genes and oncogenes in the ECM-receptor interaction

The ECM-receptor interaction performs an instrumental function in modulating the proliferation, differentiation, as well as apoptosis of tumor cells. Aberrant activation of the ECM-receptor interaction was linked to the onset and progression of distinct malignancies. Chromatin modifications, which include ubiquitination, acetylation, and histone methylation, are among the most vital epigenetic processes that modulate gene transcription. Certain classical oncogenes and histone modification-related genes (i.e. sirtuins (SIRTs) and histone deacetylases (HDACs)) in the ECM-receptor interaction might affect the modulation of the ECM-receptor interaction. In our research, the expression levels of several oncogenes were evaluated and displayed using heat maps. These levels were compared across the three clusters of the ECM-receptor interaction.



Correlation between the ECM scores and tumor immune microenvironment

Quantification of the 29 immune-related gene sets retrieved from TCGA was accomplished with the use of a ssGSEA, and the final number of genes found was 707, reflecting distinct types of immune cells, functions, and pathways (17). After that, a heat map depicting the connection between the ECMGs and infiltration level of immune cells was created with the use of R Studio’s “ggplot2” and “dplyr” packages, utilizing Spearman’s correlation coefficient as an analytical tool for analyzing statistical data. Kruskal-Wallis test was also applied to make a comparison of the discrepancy in the expression of immune checkpoints genes (ICGs) among these three clusters. In a single experiment, the gene signals expression from various immune cell populations may be analyzed utilizing ssGSEA. Depending on the findings of ssGSEA, we utilized the “ggstatsplot”, “data.table”, “dplyr”, “tidyr”, and “ggplot2” packages in RStudio to evaluate and visualize the association between the ECM score and immune substances. In the plotted figure, the degree of association is represented by the area of each sphere, and the p-value is represented by the color. Lastly, we utilized the “ggscatterstats” package to construct a scatter plot for displaying the associations between the 4 classical immune cell populations (T helper (Th) cells, regulatory T cells (Treg), neutrophils, and macrophages) and the ECM score.



Establishment and verification of a novel ECM-associated prognostic panel for PAAD patients

To clearly estimated the survival probability of PAAD patients, a novel prognostic panel was constructed and validated premised on the expression of ECM-associated mRNAs and long non-coding RNAs (lncRNAs). After retrieving the human gene transfer format (gtf) file from the Ensembl database (http://www.ensembl.org/), it was used to differentiate between protein-coding genes and lncRNAs. The ‘cor.test’ built-in function in R was employed to determine the Pearson correlation coefficients between ECM-associated mRNAs and all lncRNAs. After that, the lncRNAs that had |correlation coefficients| >0.4 and p values <0.001 were taken into consideration as ECM-associated candidates for subsequent analyses. Afterward, the expression levels of ECM-associated lncRNAs and mRNAs were integrated with clinical data from the TCGA dataset and the ICGC dataset, correspondingly. To determine whether ECM-associated mRNAs and lncRNAs have prognostic significance, a univariate Cox regression analysis was executed (filter criteria: p<0.05).

The 177 samples included in the TCGA dataset were categorized at random into two groups: the train cohort, which consisted of 89 individuals, and the test1 cohort, which consisted of 88 individuals. Furthermore, all of the samples from the TCGA dataset were allotted to the test2 cohort (n=177), and all of the samples from the ICGC cohort were allotted to the test3 cohort (n= 82).

To prevent over-fitting and identify suitable variables among the ECM-associated mRNAs and lncRNAs with prognostic significance, a least absolute shrinkage and selection operator (LASSO) regression analysis was conducted on the train cohort. After that, a multivariate Cox proportional hazards regression analysis was employed to establish an ECM-APP, and the “predict” function in R was utilized to calculate the risk score. Following the completion of the calculation of each sample’s risk score in the train cohort, 89 samples were separated into low- and high-risk populations premised on the median risk score. The PAAD patients who enrolled in the test1, test2, and test3 cohorts were subsequently categorized into low- and high-risk populations premised on the median risk score that was acquired in the train cohort.

The following investigations were carried out on the train, test1, test2, and test3 cohorts with the aim of conducting both internal and external validation of the ECM-APP (1): The ‘pheatmap’ R package was used to generate a heatmap that depicts the varying levels of gene expression that are associated with ECM-APP (2). The Kaplan-Meier method was utilized to carry out a survival analysis to determine whether or not the ECM-APP can accurately predict survival (3); The area under the curve (AUC) served as the basis for our receiver-operating characteristic (ROC) curves, which we utilized to determine the diagnostic significance of the ECM-APP (4); The ECM-APP was evaluated utilizing univariate and multivariate Cox regression analyses, correspondingly, to identify whether or not it had independent prognostic value.



Tumor mutation burden analysis

The aggregate number of somatic gene insertion errors, deletion errors, gene coding errors, and base substitutions identified per million bases were described as the TMB. The “perl” programming language was utilized to count the number of non-synonymous mutations. Then, the differences in TMB across the high- and low-risk populations were computed with P <0.05 signifying the criteria for statistical significance. The PAAD driver genes were then identified utilizing the R package “maftools,” and the state of the topmost 20 genes exhibiting the greatest mutation frequency in the low- and high-risk populations was investigated further. We also explored the discrepancy in the clinical outcomes between different TMB scores and ECM-APP risk scores through K-M log-rank test.



Analysis of the tumor immune microenvironment in low - and high-risk population

To get a deeper comprehension of the possible processes behind the different prognoses across high- and low-risk subgroups, we intensively studied the discrepancies in immunocyte infiltration, immune function response, and immune checkpoint expression based on a variety of bioinformatics algorithms.

The TIMER2.0 database (http://timer.cistrome.org/) offers a complete immunological signature of tumor-infiltrating cells in a wide variety of tumor samples taken from the TCGA database. This signature is premised on the algorithms of QUANTISEQ, MCPCOUNTER, EPIC, XCELL, CIBERSORT, and TIMER. The “pheatmap” package in R was used to illustrate the infiltration levels of a variety of immune cells within each sample belonging to the train, test1, and test2 cohorts. After that, the “limma” package in R was adopted to determine the statistical differences in infiltration levels of immune cells between low- and high-risk subgroups. The heatmap revealed only immune cells that had significant variation (p < 0.05) In addition, the “gsva” package in R was utilized in conducting ssGSEA to discover the infiltration levels of immunocytes and immune-associated functions that were different between the high-risk and low-risk subgroups. Ultimately, only the statistically significant findings were displayed after investigating the differential expression of common ICGs in high- and low-risk subgroups (filter criteria: p < 0.05).




Results


Pan-cancer landscape of ECMGs

To begin, we created a corresponding flowchart (Figure 1) to depict the workflow of this study project more vividly. To examine the genetic abnormalities of ECMGs in cancer, the proportion of CNV was analyzed, and the findings revealed that in general CNV occurred at high frequencies (almost ranging from 10% to 40%) in most cancer types (Figure 2A). We discovered that UCEC, SKCM, STAD, COAD, and LUSC, as well as LUAD, all had a greater frequency of SNVs. On the other hand, the frequency of SNVs found in UCS, OV, SARC, PAAD, and KIRC was low (Figure 2B).




Figure 1 | The current study’s flowchart.






Figure 2 | The pan-cancer landscape of ECM receptor interaction-related genes. (A) CNV gain and loss frequency data across cancer types. The length of the line represents the variation frequency of the ECM-related genes in pan-cancers. (B) SNV data across cancer types. The mutant frequencies of ECM-related genes in pan-cancers (red color to green color represents low to high). (C) Gene expressions of the ECM-associated genes between tumor and neighboring normal tissues in pan-cancers (P<0.05). (D) Survival landscape of the ECM-related genes among all the types of cancers. The white color represents genes with P > 0.05, and the blue and yellow colors represent risk and protective genes, respectively. (E) The DNA methylation of ECMGs in different tumors (red color to blue color signifies high to low). (F) The relationship between cancer signaling and ECMGs (red color to blue color signifies high to low).



To examine the mRNA expression status of ECMGs between tumor and neighboring normal samples in various cancers, differential expression analysis was performed (Figure 2C). The levels of COL5A2, IBSP, COL4A1, AGRN, SPP1, COL11A1, and HMMR in nearly all tumor tissues were significantly elevated compared with those in paired normal tissues; on the contrary, the levels of RELN, ITGA8, TNXB, LAMA2, SV2B, and COL6A6 in nearly all tumor tissues were significantly decreased compared with those in paired normal tissues. Subsequently, we then intensively investigated the prognostic performances of these ECMGs in pan-cancers by analyzing gene expression and patients’ survival time. As illustrated in Figure 2D, we executed a univariate cox regression analysis to discover the risky ECMGs (HR>1 and p<0.05) and protective ECMGs (HR<1 and p<0.05). Interestingly, we found that most ECMGs are present as risk factors in most tumors including PAAD; however, part of ECMGs function as protective factors in KIRC and SKCM.

In addition to CNV, methylation of promoters may influence gene expression, and abnormal DNA methylation of promoters is linked to the onset of tumors. In each of the 20 different types of cancer, we found that ECMGs had complicated methylation patterns. LAMA1, CHAD, ITGA8, and COL11A1 consistently showed hypermethylation in more than half of cancer types; on the contrary, TNN, SPP1, COL6A6, and TNR consistently showed hypomethylation in more than half of types of cancer (Figure 2E). Additionally, the links between cancer hallmarks and ECMGs were evaluated, and the findings revealed that more than half of the hallmarks were frequently remarkably linked to ECMGs (Figure 2F).



Identification and validation of hub ECMGs linked to the onset and progression of PAAD

A total of 13 differentially expressed ECMGs between PAAD samples and adjacent/normal pancreas tissues were identified after the intersection of three cohorts’ results (i.e. GSE28735, GSE62452, and TCGA-GTEx) (Figure 3A). Consequently, the prognostic values of 13 differentially expressed ECMGs in PAAD were explored by combining Kaplan–Meier survival analysis and univariate Cox regression analysis. As depicted in Figure 3B, the findings of univariate Cox regression analysis illustrated that 10 genes (i.e. COL5A2, ITGA3, LAMA3, ITGB6, FN1, ITGB4, ITGA2, LAMC2, COL11A1, and LAMB3) of 13 differentially expressed ECMGs were detected to be significantly associated with PAAD prognosis. Meanwhile, Kaplan–Meier survival analysis demonstrated that 9 genes (i.e. ITGB6, CD36, ITGA3, LAMC2, ITGA2, LAMA3, ITGB4, COL11A1, and LAMB3) of 13 differentially expressed ECMGs were discovered to be remarkably linked to PAAD prognosis (Figures 3C–O). Based on the intersection of results of univariate and Kaplan–Meier survival analyses, we obtained 8 ECMGs truly associated with PAAD prognosis (i.e. ITGB6, ITGA3, LAMC2, ITGA2, LAMA3, ITGB4, COL11A1, and LAMB3). Furthermore, we evaluated the possible link between the ECMGs and the tumor stage of PAAD, and 8 ECMGs (i.e. FN1, LAMA3, ITGB6, ITGB4, ITGA2, LAMC2, COL11A1, LAMB3) were detected to be significantly associated with tumor stage (Figures 3P–Y). Overall, we identified 7 hub ECMGs (i.e., LAMA3, ITGB6, ITGB4, ITGA2, LAMC2, COL11A1, LAMB3), which were not only differentially expressed in PAAD and adjoining/normal pancreas tissues but also remarkably linked to the prognosis and stage of PAAD.




Figure 3 | Determination of differentially expressed ECM-related genes, their prognostic significance, and their relationship with the tumor stage of PAAD. (A) A Venn diagram revealed 13 ECM-related genes that were differently expressed between PAAD and normal pancreatic tissues. (B) The analysis illustrated the prognostic significance of 13 differentially expressed ECM-related genes in PAAD. (C–O) Survival analysis of 13 ECM-related genes. (P–Y) The relationship between 10 ECM-related genes and the tumor stage of PAAD.



Following these, the expression profiles of 7 hub ECMGs were validated by RT-PCR and IHC in cell lines and clinical samples of PAAD (Figures 4A–C). We found the mRNA levels of LAMA3, ITGB6, ITGB4, ITGA2, LAMC2, COL11A1, and LAMB3 were higher in at least one of the pancreatic cell lines than that in normal cell lines cells (Figure 4A). Meanwhile, we also explored the expression levels of the 7 hub ECMGs in our clinical samples, and the results showed that the 7 hub ECMGs were expressed at high levels in tumors in contrast with the adjoining non-tumor tissues (Figure 4B). To analyze the protein expression of 7 hubs ECMGs, we intensively studied the immunohistochemistry findings of tumor and normal pancreas tissues using the HPA database (Figure 4C). We did not find the protein expression information of COL11A1 in the HPA database, therefore, the other 6 hub ECMGs proteins available were performed, which is nearly consistent with the results of the bioinformatic analysis and qRT-PCR. These protein expression levels became markedly up-modulated in PAAD as opposed to normal pancreas tissues. Similarly, we explored the cellular localization of the 6 hub ECMGs (except the COL11A1), the expression product of LAMC2, LAMA3, LAMB3, ITGA2, ITGB4, and ITGB6 were mainly located on the endoplasmic reticulum and Golgi apparatus, endoplasmic reticulum, vesicles, nucleoplasm, plasma membrane, and cell Junctions, and cell Junctions, respectively (Figure 4C). By the HPA database, we analyze the single-cell types atlas for each of the 7 hub ECMGs (Supplementary Figure S1). We found that COL11A1 is mainly distributed in pancreatic smooth muscle cells, while other genes are mainly distributed in pancreatic endocrine cells.




Figure 4 | Validation of the expression traits of seven hub ECMGs. (A) RT-PCR of cell lines (H6C7: cell lines of human pancreatic duct epithelial; BxPC-3/CF-PAC1/Pan-1: cell lines of pancreatic cancer). (B) RT-PCR of clinical samples (tumor tissues vs normal adjacent tissue). (C) Immunohistochemistry and immunofluorescence of clinical samples (tumor tissues vs normal adjacent tissue). (* indicates p <0.05; ** indicates p < 0.01; *** indicates p < 0.001; **** indicates p < 0.0001; ns, non-significant





Cluster analysis premised on the ECM scores

To delve more into the link between ECMGs and PAAD, we classified 259 samples of PAAD into three distinct groups depending on the levels of mRNA expression of ECMGs (Figure 5A). C1 contained tumor patients with active ECM, C2 contained those with inactive ECM, and C3 contained those with normal ECM. The enrichment scores for the 3 clusters were orderly arranged as C1 > C3 > C2 according to the violin plot (Figure 5B). Then, we assessed whether or not the clustering was plausible by generating the survival curves for each of the 3 clusters. Patients diagnosed with PAAD who were allocated to the C2 cohort exhibited remarkably higher OS rates as opposed to those allocated to the C1 and C3 clusters (Figure 5C), suggesting that the ECM score was an indicator that should be considered risky.




Figure 5 | ECM score-based clustering analysis. (A) Clustering of gene data illustrates 3 clusters displayed by the heat map: ECM active [cluster 1 (C1)], ECM inactive [cluster 2 (C2)], and normal ECM [cluster 3 (C3)]. The proportion of patients with upmodulated genes is shown on the right side of the figure. In the color bar on the right side, red denotes mRNA up-modulation, blue signifies mRNA downmodulation, and white denotes mRNA no-regulation. The ECM score is displayed in four different colors, with negative values shown in blue and positive ones shown in red. (B) The “ggpubr” package’s violin plot indicates that the enrichment scores of the three clusters, from high to low, are C2, C3, and C1. The “kruskal.test” was employed in this study, and the p-values are presented above the clusters. (C) A survival curve depicting the three different clusters. Cluster 2 has a better survival rate compared to either cluster 1 or cluster 3. Cluster 1 is denoted by the red line, cluster 2 is denoted by the green line, and cluster 3 is denoted by the black line. The number of years is signified by the abscissa, while the rate of survival is denoted by the ordinate.





Link between drug sensitivity and ECM clusters

Targeted molecular medicines are now the primary treatment option for individuals with advanced PAAD who have lost the chance to undergo surgical resection. The molecular biology of cancer serves as the foundation for molecular targeted treatment, which treats cancer by setting tumor-associated molecules as therapeutic targets and using medications and agents that are highly specific to those molecules. As described previously, the ECM is a significant contributor to the onset and progression of malignancies. Our findings also suggested that the ECMGs might have a risky function in PAAD. Is there any connection between the ECMGs and the currently available targeted medications that can efficiently treat PAAD? To obtain greater insights into this topic, we conducted further analysis on the theoretical grounds and instructions provided for PAAD to investigate the connection between ECMGs and the IC50 values of 12 targeted treatments and traditional drugs that are often used in tumor research [35,36]. The 12 drugs we selected included the use of tyrosine kinase inhibitor(e.g., saracatinib, sunitinib), mTOR inhibitor, poly ADP-ribose polymerase inhibitor(e.g., rucaparib, olaparib), plant anticancer drugs(e.g., camptothecin, docetaxel, cisplatin, vinblastine, vinorelbine), the first-line chemotherapeutic drugs, pyrimidine antineoplastic drugs(e.g., gemcitabine), and Bcl-2 inhibitor(e.g., obatoclax. Mesylate). With the help of the “pRRophetic” package, we predicted the IC50 values of above 12 commonly targeted drugs among these three molecular subtypes. A lower value for IC50 is an indication of increased sensitivity to the medication. Following is a list of the various medication sensitivities that were recorded among the ECM clusters based on the research results: AZD0530(saracatinib): C1 > C2 > C3; sunitinib: C2 > C3; AZD8055(mTOR inhibitor): C2 > C1 > C3; AG.014699(rucaparib): C1 > C2 > C3; AZD.2281(olaparib): C2 > C3; camptothecin: C2 > C3; docetaxel: C1 > C2 > C3; cisplatin: C2 > C3; vinblastine: C1 > C2 > C3; vinorelbine: C2 > C3; gemcitabine: C2 > C1 > C3; obatoclax.Mesylate: C2 > C3 (Figures 6A–L).




Figure 6 | The link between ECM clusters and drug sensitivity. The estimated IC50 box plots for 12 kinds of commonly used chemotherapeutic drugs are conducted in (A-L) for cluster 1 (yellow), cluster 2 (blue), and cluster 3 (red). The 12 types of chemotherapeutic agents are AZD0530 (saracatinib), sunitinib, AZD8055 (mTOR inhibitor), AG.014699 (rucaparib), AZD.2281(olaparib), camptothecin, docetaxel, cisplatin, vinblastine, vinorelbine, gemcitabine, obatoclax.Mesylate. The P-values are depicted above the clusters and the P < 0.05 is deemed as having statistical significance.





Correlation of ECM scores with potentially targetable classical genes, HDAC family genes, and sirtuin family genes

Heat maps relating to oncogenes in the three ECM clusters were produced to subsequently examine the differential expression profiles of the oncogenes in each of the clusters (Figure 7A). Interestingly, we discovered that the levels of expression of the oncogenes MTOR, KRAS, MYC, CCND1, and PIK3CA were much lower in C2 in comparison to C1 and C3. The inhibition of oncogenes probably accounts for the better prognosis of C2 subgroups. In addition, the expression levels of commom tumor suppressor genes including TP53 and PTEN were lowered in C2 but elevated in C1 and C3, similar to the expression levels of the oncogenes.




Figure 7 | Correlation of ECM scores with Classical Oncogenes, Tumor Suppressor Genes, and Immune Cell Infiltration. (A) Different levels of expression of distinct tumor suppressor genes and oncogenes in 3 ECM clusters. (B) The different levels of HDAC Family Genes expression among three ECM clusters. (C) The different levels of Sirtuin Family Genes expression across the 3 ECM clusters. (D) The heat map depicts the relationship between ECM-associated genes and infiltration levels of immune cells. A positive association is denoted by red, while a negative association is denoted by blue. (E) The different expression levels of immune checkpoints among three ECM clusters. (F) The plot depicts the link between the ECM score and infiltration levels of immune cells. The size of the sphere on the right side of the figure denotes the degree of abs (correlation), while the color denotes the p-value. (G–J) The scatter plot depicts the relationship of ECM score with 4 immune-infiltration-related substances. The ECM score was shown to have a positive link to the infiltration levels of neutrophils, macrophages, CCR, Treg cells, and so on. (* indicates p <0.05; ** indicates p < 0.01; *** indicates p < 0.001; **** indicates p < 0.0001).



Gene transcription mediation is greatly influenced by the activity of enzymes known as histone deacetylases. These enzymes are responsible for catalyzing the elimination of acetyl groups from histone and non-histone lysine residues and are intimately linked to tumor onset and metastasis (18). Recently, suppression of HDAC has emerged as a method that has been verified in clinical practice for treating cancer (19). The levels of expression of HDAC1, HDAC7, and HDAC9 were found to be considerably lowered in C2 contrasted with the levels observed in C1 (Figure 7B). In addition, the levels of HDAC5 and HDAC10 expression were remarkably elevated in C2 (Figure 7B). These findings revealed that various members of the HDAC family had varied functions in the PAAD and may provide novel avenues for the future targeted therapy of malignancies.

Histone deacetylation enzymes (HDACs) of classes I and II are not the only types of HDACs and there is another particular class of HDACs (class III HDAC, Sirtuin) (20). Recently, a vast growing body of research indicates that SIRTs engaged in a wide variety of biological activities that are relevant to the onset and advancement of tumors, including variations in both the tumor-associated metabolic pathways and TME and uncontrolled proliferation of cells (21, 22). SIRTs are considered to perform a complicated function as oncogenes or tumor inhibitors in a variety of cancers under a variety of experimental settings. In this research, SIRT3 and SIRT6 were highly expressed in the C2 subgroup; however, SIRT1 and SIRT5 had low expression in the C2 subgroup (Figure 7C). Accumulating evidence has suggested that SIRT3 and SIRT6 could be served as the tumor suppressors, thus, the abnormal sirtuin status might be also responsible for the different clinical outcomes among three ECM-based clusters (22).



Correlations between the ECM scores and the immune cell infiltration

The TME is a dynamic environment that involves two-way interaction between stromal and tumor cells and is characterized by the presence of complex networks (23, 24). During the process of tumor cell development, immune evasion takes place, which later develops into metastases, and the ECM offers the molecular and cellular milieu that is essential for this dynamic mechanism. Immune cells, which are an essential component of the TME, are intimately linked to the clinical manifestation of neoplasms and hence have the potential to serve as effective therapeutic targets for cancer (25). Furthermore, the ECM is very crucial in the process of modulating the immunological microenvironment of tumors (26, 27). In this research, we further examined the link between ECMGs and infiltration levels of immune cells and immune-associated roles (Figure 7D). As per the findings, the vast majority of genes have a positive association with the vast majority of immune-infiltrating agents, including ITGA4. In contrast, some genes, such as LAMA5, ITGB4, GP6, AGRN, ITGA3, and SDC1, are inversely linked to the infiltration levels of immune cells. It has been well-established that ICGs have an instrumental function in modulating the functionality of effector T cells and, as a consequence, anti-tumor immunity. Our findings reveal that ECM-inactive subgroups are accompanied by a lower expression level of ICGs, indicating ECM-inactive subgroups had a stronger anti-tumor immune response and a better prognosis (Figure 7E). Following these, we additionally examined whether or not there was a connection between the ECM score and infiltration levels of immune cells (Figures 7F–J). Consequently, it was shown to have a favorable link to the infiltration levels of most immune cells, including Th cells, Treg cells, neutrophils, and macrophages.



ECM-associated prognostic panel enables the auxiliary prediction of clinical outcomes of patients with PAAD

In addition to well-recognized ECM-related mRNAs, multiple lncRNAs also had the potential to react with ECM and then influence proliferation, apoptosis, metastasis, and invasion of various tumor cells. To construct a comprehensive and robust ECM-APP, we first identify 278 ECM-related lncRNAs with the help of the Pearson correlation test (Supplementary Figure S2A). Subsequently, we integrated the expression profiles of 83 ECM-related mRNAs and 278 ECM-related lncRNAs and rated them as candidate molecules used for the panel development. As per the findings of a univariate Cox regression analysis, 149 out of 361 candidate molecules served as possible prognostic markers (Supplementary Figure S2B). After this, a LASSO regression analysis was carried out to get rid of any collinearity that existed across the 149 genes and to avoid the overfitting of the prognostic model (Supplementary Figure S2C). 13 of 149 candidate molecules were preserved for additional multivariate Cox regression analysis (Supplementary Figure S2D). Lastly, multivariate Cox proportional hazards regression analysis integrating nine genes (i.e., PTOV1−AS2, RPARP−AS1, CASC8, UNC5B−AS1, ITGA7, AC136475.3, AC027288.3, LINC01116, UCA1) was performed to establish a comprehensive and robust ECM-APP (Supplementary Figure S2E).

Subsequently, in the train cohort, we separated 89 PAAD patients into low- and high-risk subgroups premised on the median risk score of 1.092 (Figure 8A). Predicated on the risk score distributions and the survival status, the high-risk subgroup of PAAD patients had a significantly higher death rate (Figure 8B). The heatmap depicted the expression distributions of 9 ECMGs involved in the prognostic panel (Figure 8C). Then, the findings of the Kaplan-Meier survival analysis highlighted that PAAD patients had a worse OS in the high-risk subgroup in contrast with those in the low-risk subgroup, implying that the ECM-APP could accurately distinguish PAAD patients with poor or good prognosis (Figure 8D). To confirm the effectiveness and accuracy of ECM-APP, the diagnostic performance of the risk score was evaluated utilizing the ROC analysis. The AUCs of the ROC curves had values of 0.834, 0.848, and 0.860, correspondingly, for 1-, 3-, and 5- year survival (Figure 8E). Considering that the c-index for the train set was 0.847, it is reasonable to infer that the ECM-APP had an outstanding prognostic ability. Finally, using the clinical follow-up data acquired from TCGA, we conducted univariate and multivariate Cox regression analyses. The findings illustrated that the risk score independently functioned as a prognostic index (HR = 1.068, 95% CI =1.040−1.096, p < 0.001 in univariate analysis; HR =1.064, 95%CI = 1.036−1.094, p < 0.001 in multivariate analysis) (Figures 8F, G). It is worth noting that stage, grade, gender, and age, were not the independent prognostic markers for PAAD patients, which illustrated the integrity and accuracy of our model.




Figure 8 | Construction of a novel ECM-APP in the train cohort. (A) Sectionalization premised on the median risk score. (B) Survival status and risk score distributions (C) Heatmap depicted the expression levels of 9 genes integrated into the prognostic signature. (D) Survival curve of OS time in low-risk and high-risk subgroups. (E) ROC curve of 1-, 2-, and 3-years of train cohort, area under the curve (AUC) of the curve are 0.834, 0.848, and 0.860, correspondingly. (F) Univariate cox regression analysis illustrated the independence of risk score, gender, grade, stage, and age. (G) Multivariate cox regression analysis showed the independence of risk score, stage, grade, gender, and age.



For validation of the reliability of the ECM-APP, PAAD samples in the test1 cohort, test2 cohort, and test3 cohort were also distinguished into low- and high-risk populations with a similar method (Figures 9A, 10A, 11A). Notably, when differentiating across the samples, the median risk score of 1.092 in the train cohort functioned as a unified benchmark. The risk score distributions, as well as survival status in the three cohorts, revealed similar tendencies to those reported in the train cohort in both the internal validation cohorts (test1 and test2 cohorts) and the external validation cohort (test3 cohort) (Figures 9B, 10B, 11B). Additionally, the heatmaps from the test1, test2, and test3 cohorts exhibited a similar expression pattern of the 9 ECMGs to that in the train cohort (Figures 9C, 10C, 11C). More importantly, Both the internal and the external validation results showed that patients diagnosed with PAAD who had high risk scores exhibited dismal OS rates (all p < 0.05) (Figures 9D, 10D, 11D). We discovered that in the test1 cohort, the AUC values of the ROC curves were 0.702, 0.688, and 0.705 while in the test2 cohort, they were 0.771, 0.775, and 0.818 for 1-, 3-, and 5-year survival, correspondingly. Moreover, the AUC values in the external validation were 0.730, 0.707, and 0.701 in the test3 dataset (Figures 9E, 10E, 11E). In the test1, test2, and test3 datasets, the c-index was computed to be 0.698, 0.788, and 0.713, correspondingly. Lastly, due to the deficiency of clinical information in ICGC, our novel ECM-APP was also proved to be an independent prognostic indicator in test1and test2 cohorts (Figures 9F, G, 10F, G).




Figure 9 | Internal validation of the robust ECM-APP in the test1 cohort. (A) Sectionalization premised on the median risk score. (B) Survival status and risk score distributions (C) Heatmap depicted the expression profiles of 9 genes integrated into the prognostic signature. (D) Survival curve of OS time in low-risk and high-risk subgroups. (E) ROC curve of 1-, 2-, and 3-years of test1 cohort, area under the curve (AUC) of the curve are 0.702, 0.688, and 0.750, correspondingly. (F) Univariate cox regression analysis illustrated the independence of risk score, stage, grade, gender, and age. (G) Multivariate cox regression analysis showed the independence of risk score, stage, grade, gender, and age.






Figure 10 | Internal validation of the robust ECM-APP in the test2 cohort. (A) Sectionalization premised on the median risk score. (B) Survival status and risk score distributions. (C) Heatmap illustrated the expression profiles of 9 genes integrated into the prognostic signature. (D) Survival curve of OS time in low-risk and high-risk subgroups. (E) ROC curve of 1-, 2-, and 3-years of in test2 cohort, area under the curve (AUC) of the curve are 0.771, 0.775, and 0.818, correspondingly. (F) Univariate cox regression analysis showed the independence of risk score, stage, grade, gender, and age. (G) Multivariate cox regression analysis showed the independence of risk score, stage, grade, gender, and age.






Figure 11 | External validation of the robust ECM-APP in the test3 cohort. (A) Sectionalization premised on the median risk score. (B) Survival status and risk score distributions. (C) Heatmap demonstrated the expression profiles of 9 genes integrated into the prognostic signature. (D) Survival curve of OS time in low-risk and high-risk subgroups. (E) ROC curve of 1-, 2-, and 3-years of in test3 cohort; areas under the curve (AUC) of the curve are 0.73, 0.707, and 0.701, correspondingly.





Characterization of TMB between low- and high-risk populations

Numerous studies have shown that TMB is linked to elevated CD8+ T cell infiltration levels. These lymphocytes can identify cancer cells and subsequently initiate anticancer responses (28–30). For that, the association between TMB and risk score was explored using the mutation data of PAAD patients in the train, test1, and test2 cohorts. To begin, the TMB levels were discovered in both the low- and the high-risk subgroups. There was a substantial difference in TMB levels between the two subgroups (P < 0.05) in the train, test1, and test2 cohorts (Figures 12A–C), and the TMB scores were statistically elevated in the high-risk subgroup. Additionally, we researched and created a visual representation of, the distribution of gene mutations in the low- and high-risk score subgroups. The research evaluated the mutation status and clinical and pathological characteristics of the topmost 20 driver genes that had the most frequent alteration. The mutation counts of genes were visibly elevated in the high-risk subgroup in contrast with those in the low-risk subgroup in the train, test1, and test2 cohorts, principally including KRAS, tumor protein p53 (TP53), and CDKN2A (Figures 12D–F).




Figure 12 | ECM-APP-based analysis of tumor mutation profiles and their clinical correlation. (A–C) The discrepancy in the TMB scores between low-risk and high-risk subgroups in the train, test1, and test2 cohorts. (D–F) The waterfall plot showed the frequently mutated genes in low-risk and high-risk groupings from the train, test1, and test2 cohorts. High risk is indicated by the red line, while low risk is denoted by the blue line. (G–I) Survival analysis of TMB scores in low- and high-risk subgroups from the train, test1, and test2 cohorts. (J–L) Survival analysis stratified by the risk scores and TMB scores from the train, test1, and test2 cohorts.



Patients diagnosed with PAAD who had elevated TMB scores showed a lower OS time as opposed to those who had low TMB values across all three cohorts (Figures 12G–I). To gain a deeper comprehension of the effectiveness of the consistent prognostic value of TMB and risk score, we verified the synergistic impact of the two markers in the prognosis prediction of PAAD. Interference of TMB status with the prognosis prediction accuracy of risk scores was observed, as shown by the stratified survival curve. We found patients with high TMB scores and risk scores had a worse survival time than the others in the train, test1, and test2 cohorts (Figures 12J–L). In summary, these data revealed that risk score might serve independently as a predictor and could evaluate the clinical outcome of immunological therapy for anti-tumor treatment.



Characterization of tumor immune microenvironment between low-risk and high-risk populations

The variation of immunocyte infiltration between low- and high-risk was calculated by EPIC, XCELL, MCPCOUNTER, QUANTISEQ, CIBERSORT-ABS, CIBERSORT, and TIMER algorithms. The heat map about immune cell infiltration showed most immune cells had fewer infiltrations in the high-risk subgroup in the train cohort (Figure 13A), which was validated by the findings of the infiltration status of immune cells in test1 and test2 cohorts (Figures 13B, C). To get a deeper comprehension of the connection between the risk score and the immune state, we performed ssGSEA to quantify the enrichment scores of a variety of immune cell subpopulations and the functions that are associated with them. The components that make up the antigen presentation process, notably the score of B cells, T cells, DCs, mast cells, neutrophils, NK cells, pDCs, Type II IFN response, T cell co−stimulation, Th1 cells, T cell co−inhibition, TIL, cytolytic activity, check-point, CCR, T helper cells, were significantly different across the high- and low-risk subgroups in the train cohort (all adjusted P< 0.05, Figures 13D, G). Interestingly, we found that the score of all the immune cells, as well as immune-associated functions, were lower in the high-risk subgroup, which could be confirmed in the test1(Figures 13E, H) and test2 cohorts(Figures 13F, I). Considering the importance of immune checkpoints for immune cells to exert their anti-tumor function, the gene expressions of immune checkpoint-related molecules between high- and low-risk subgroups were depicted in Figure 13J. As we could see, all the immune checkpoint-related molecules had significantly statistical differences in the train cohort. The results of immune checkpoints in test1 and test2 cohorts were consistent with this (Figures 13K, L). And in the low-risk subgroups, the gene expressions of immune checkpoint-related molecules were higher than in high-risk subgroups.




Figure 13 | ECM-APP-based analysis of tumor immune microenvironment. (A–C) The heat maps showed discrepancies in infiltration levels of immune cells across low- and high-risk subgroups premised on the train, test1, and test2 cohorts. The box plots showed discrepancies in ssGSEA scores between two risk subgroups in the (D, G) train cohort, (E, H) test1, and (F, I) test2cohorts. (J–L) The box plots showed discrepancies in immune checkpoint expression in low- and high-risk subgroups premised on the train, test1, and test2 cohorts. (* indicates p <0.05; ** indicates p < 0.01; *** indicates p < 0.001. ns, non-significant).






Discussion

PAAD is characterized by an extraordinarily dense fibrotic stroma, which hinders both the perfusion of the tumor as well as the delivery of anticancer medications (31). Because the ECM comprises the vast majority of the stroma, it is the primary factor in the stroma’s elevated interstitial tissue pressure as well as its stiff mechanical characteristics (32). Besides its mechanical effect, the ECM also provides critical physical and biochemical signals that stimulate the survival, proliferation, and metastases of cancer cells (33). Furthermore, PAAD cells can endure the nutrient-deficient environment due to the ECM, which acts as a source of nutrients for the cells (33). Even though treatment approaches utilizing stroma-depleting medications have shown unsatisfactory results, a growing body of research suggests that the ECM might provide several viable therapeutic targets (32). Thus, ECM-based risk stratification of PAAD is a promising strategy for prognosis assessment and individual management.

First, a comprehensive investigation of the pan-cancer-related ECMGs was carried out with the assistance of a wide variety of bioinformatics-related technologies. For the first time, the expression traits, prognostic values, methylation levels, mutation profiles, and signaling pathway correlation of ECMGs in pan-cancer have been presented using heatmaps, which opens up a wide variety of possible study avenues for the investigation of ECMGs in the future. Because PAAD was the primary focus of our work, we devoted more time and effort so as we can thoroughly analyze it. We found that the majority of ECMGs were present as risky genes in the patients who had PAAD. This finding was in line with the findings from the earlier studies, which showed that upregulation of ECMGs may contribute to the progression of cancer (4). Of note, our findings also revealed that ITGA7, CD36, SDC3, COL4A6, and TNXB functioned as protective genes in PAAD, which was an inconsistent phenomenon that ITGA7 and CD36 had been reported to serve as risky genes in the onset, progression, and chemoresistance of PAAD (34, 35). It’s conceivable that these contradicting findings are because there are still pathways that haven’t been found, and they might be competing with each other for dominance or indicate heterogeneous tumors.

It has been well-established that genes with both differential expression traits and clinical significance could be served as the hub genes of the occurrence and progression of diseases. Our findings illustrated considerable variations in the expression of COL11A1, ITGA3, ITGB4, ITGB6, LAMA3, LAMB3, and LAMC2 between PAAD and normal pancreatic tissues, which was verified by qRT-PCR and IHC. Furthermore, above 7 ECMGs were also detected to be significantly associated with prognosis and stage of PAAD, indicating their crucial roles in the pathophysiologic mechanisms of PAAD.

Subsequently, we further stratified patients with PAAD into 3 clusters depending on their ECMG expression levels and ECM scores. The OS rates of patients who belonged to the ECM-inactive cluster were reported to be substantially greater in contrast with those of patients who belonged to the ECM-active cluster, demonstrating that genes implicated in ECM were mostly risky.

The predominant therapies for PAAD are those that target the ECM pathway, including poly ADP-ribose polymerase inhibitors, tyrosine kinase inhibitors, and plant anticancer drugs (36, 37). Therefore, in the treatment of PAAD, we investigated the potential involvement of some of the most widely administered medicines that target ECMGs. We discovered that the three patient clusters had distinct responses to the medications that were investigated, which suggests that patients may receive a treatment plan that is better tailored to their specific needs if ECMG expression profiles were used to make the decision. For example, patients whose ECM pathway is inactive may benefit more from treatment with gefitinib and AZD.8055 (mTOR Inhibitor), while patients with highly active ECM pathways may gain more benefit from treatment with AZD.0530 (saracatinib) and docetaxel.

It is now a well-established and consensually-acknowledged fact that the aberrant expression of oncogenes and tumor suppressor genes might result in the onset and progression of PAAD. ECM might disrupt the balance between tumor suppressor genes and oncogenes, thus aggravating the condition and worsening the prognosis of PAAD. Surabhi and his colleagues reported that the collagen milieu promotes resistance to chemotherapy in PAAD via elevated histone H3K9 and H3K27 acetylation levels, as well as elevated expression levels of GCN5, PCAF, and p300 histone acetyltransferases, which indicated that ECM exerts profound epigenetic effects on PAAD cells (38). Similarly, our findings revealed that the expression levels of several classical oncogenes and histone modification-related genes (i.e. sirtuins (SIRTs) and histone deacetylases (HDACs)) across the three ECM-based clusters were significantly different. For instance, the decreased levels of oncogenes expression (MTOR, KRAS, MYC, CCND1, PIK3CA, MUC16, HDAC1, HDAC7, and HDAC9) and increased expression levels of tumor suppressors (SIRT3 and SIRT6) in the C2 populations might account for their poor prognoses.

The infiltrating immune cells are a significant part of human malignancies. It progressively became apparent that most neoplasms were not considered foreign to the host and that specific infiltration of immune cells exhibited the potential to promote tumor progression and metastasis, and the immune cells are intimately linked to the clinical outcomes of neoplasms, which could be considered as the effective targets for anticancer treatment (25, 39, 40). Therefore, we assessed the connection between the factors related to the infiltration levels of immune cells and the ECMGs in our study. We found that ECM performs a fundamental function in immune suppression, and has the potential to induce primary as well as secondary resistance to immune checkpoint inhibitors. C2 subtype (ECM-inactive) was accompanied by a low expression of immune checkpoints, suggesting its enhanced anti-tumor immune response. This illustrates that it has better clinical outcomes. Treg cells and mast cells may aid in the progression of a tumor by inhibiting the host’s antitumor immune responses (41, 42). Additionally, the T helper cell might promote tumor metastasis, leading to a dismal prognosis in pancreatic cancer patients (43). As a result, the findings of the association between the ECM score and the mast cells, Treg cells, and T helper cells were in line with our hypothesis. The abundance of the above-mentioned cancer-promoting immune cells positively correlated to ECM score, which might account for the poor prognosis in the C1 subtype.

After that, we developed a risk panel by employing LASSO-Cox regression analysis to predict the patients’ chances of surviving PAAD. K-M analysis and ROC curves were employed in the train cohorts, the internal validation cohort, and the external validation cohort to confirm the outstanding prognostic ability of our ECM-APP. Our ECM-APP was shown to independently serve as a prognostic marker in PAAD utilizing, as evidenced by univariate and multivariate Cox regression analyses.

TMB is a new biological marker for predicting the clinical outcomes of PAAD patients as well as their responsiveness to immunotherapeutic treatment (44). The waterfall plot revealed that the mutation counts of genes were visibly elevated in the high-risk subgroup in contrast with those in the low-risk subgroup, especially for KRAS and TP53. Following that, a stratified survival curve was generated, which revealed that the risk score had prognostic predictive potential, which was independent of TMB, indicating that risk score and TMB characterize diverse aspects of immunology. In addition, the risk score in conjunction with the mutation data showed a substantial variation in the frequency of gene variation between the high- and the low-risk subgroups when viewed from the perspective of the transcriptome.

Because immune infiltration served as a significant driving element in PAAD, we continued our investigation into the fundamental roles played by the tumor immune microenvironment in our ECM-APP. Our data showed that low-risk populations were accompanied by a multitude of anti-tumor immune cell infiltration (e.g. CD4+ T cells, B cells, CD8+ T cells, and NK cells), whereas high-risk populations were accompanied by a multitude of M0 macrophage infiltration. These findings suggested that the high-risk subgroup was an immunosuppressive phenotype, whereas the low-risk subgroup was characterized by an exuberant anti-tumor immune response. Additionally, the expression of immune checkpoints showed a significant difference between low-risk and low-risk populations, which was also one of the possible causes for different clinical outcomes.



Conclusion

Through integrating a series of bioinformatics methods, seven hub ECMGs (i.e. LAMB3, LAMA3, ITGB6, ITGB4, ITGA2, LAMC2, and COL11A1) that has the potential to act as a new indicator of both the advancement and prognosis of PAAD were identified via our research. The pathogenesis of PAAD was associated with an abnormally activated ECM-receptor interaction. Patients with PAAD could be classified into three clusters (i.e. ECM-inactive, ECM-normal, and ECM-active) with different prognosis, immune characteristics, and drug sensitivity based on ECM scores. A novel ECM-APP with excellent prediction capacity was created and verified, which may offer an attractive strategy to predict PAAD patients’ prognoses.
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Supplementary Figure 1 | Analysis of the single-cell types atlas of seven hub ECMGs (A): COL11A1; (B): LAMC2; (C): LAMA3; (D): LAMB3; (E): ITGA2; (F): ITGB4; (G): ITGB6) related to the prognosis and stage of PAAD by HPA database.

Supplementary Figure 2 | Determination of differentially expressed ECM-associated mRNAs and lncRNAs with prognostic significance. (A) Identification of 278 ECM-related lncRNAs. The correlation analysis between 83 ECM-related mRNAs and 278 lncRNAs was performed by Pearson correlation analysis (|R| >0.4 and P<0.01). (B) Univariate Cox regression analysis showed the prognostic values of 149 differentially expressed ECM-related lncRNAs and mRNAs in PAAD. (C) The LASSO coefficient profiles of ECM-related lncRNAs and mRNAs in PAAD. (D) The cross-validation results of model construction. A total of nine genes were filtered by LASSO Cox regression analysis. (E) Multivariate Cox regression analysis of nine ECM-related mRNAs and lncRNAs.



References

1. Bray, F, Ferlay, J, Soerjomataram, I, Siegel, RL, Torre, LA, and Jemal, A. Global cancer statistics 2018: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J Clin (2018) 68(6):394–424. doi: 10.3322/caac.21492

2. Siegel, RL, Miller, KD, and Jemal, A. Cancer statistics. CA Cancer J Clin (2020) 70(1):7–30. doi: 10.3322/caac.21590

3. Witjas, F, van den Berg, BM, van den Berg, CW, Engelse, MA, and Rabelink, TJ. Concise review: The endothelial cell extracellular matrix regulates tissue homeostasis and repair. Stem Cells Transl Med (2019) 8(4):375–82. doi: 10.1002/sctm.18-0155

4. Paolillo, M, and Schinelli, S. Extracellular matrix alterations in metastatic processes. Int J Mol Sci (2019) 20(19):4947. doi: 10.3390/ijms20194947

5. Kim, SH, Turnbull, J, and Guimond, S. Extracellular matrix and cell signalling: The dynamic cooperation of integrin, proteoglycan and growth factor receptor. J Endocrinol (2011) 209(2):139–51. doi: 10.1530/JOE-10-0377

6. Bonnans, C, Chou, J, and Werb, Z. Remodelling the extracellular matrix in development and disease. Nat Rev Mol Cell Biol (2014) 15(12):786–801. doi: 10.1038/nrm3904

7. Erler, JT, Bennewith, KL, Nicolau, M, Dornhöfer, N, Kong, C, Le, QT, et al. Lysyl oxidase is essential for hypoxia-induced metastasis. Nature (2006) 440(7088):1222–6. doi: 10.1038/nature04695

8. Levental, KR, Yu, H, Kass, L, Lakins, JN, Egeblad, M, Erler, JT, et al. Matrix crosslinking forces tumor progression by enhancing integrin signaling. Cell (2009) 139(5):891–906. doi: 10.1016/j.cell.2009.10.027

9. Moreira, AM, Pereira, J, Melo, S, Fernandes, MS, Carneiro, P, Seruca, R, et al. The extracellular matrix: An accomplice in gastric cancer development and progression. Cells (2020) 9(2):394. doi: 10.3390/cells9020394

10. Henke, E, Nandigama, R, and Ergün, S. Extracellular matrix in the tumor microenvironment and its impact on cancer therapy. Front Mol Biosci (2019) 6:160. doi: 10.3389/fmolb.2019.00160

11. Jiang, Y, Zhang, H, Wang, J, Liu, Y, Luo, T, and Hua, H. Targeting extracellular matrix stiffness and mechanotransducers to improve cancer therapy. J Hematol Oncol (2022) 15(1):34. doi: 10.1186/s13045-022-01252-0

12. 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. doi: 10.3389/fimmu.2022.951137

13. Ren, J, Zhang, H, Wang, J, Xu, Y, Zhao, L, and Yuan, Q. Transcriptome analysis of adipocytokines and their-related LncRNAs in lung adenocarcinoma revealing the association with prognosis, immune infiltration, and metabolic characteristics. Adipocyte (2022) 11(1):250–65. doi: 10.1080/21623945.2022.2064956

14. Ren, J, Yuan, Q, Liu, J, Zhong, L, Li, H, Wu, G, et al. Identifying the role of transient receptor potential channels (TRPs) in kidney renal clear cell carcinoma and their potential therapeutic significances using genomic and transcriptome analyses. BMC Med Genomics (2022) 15(1):156. doi: 10.1186/s12920-022-01312-x

15. Li, C, Tang, Z, Zhang, W, Ye, Z, and Liu, F. GEPIA2021: Integrating multiple deconvolution-based analysis into GEPIA. Nucleic Acids Res (2021) 49(W1):W242–6. doi: 10.1093/nar/gkab418

16. Yuan, Q, Ren, J, Wang, Z, Ji, L, Deng, D, and Shang, D. Identification of the real hub gene and construction of a novel prognostic signature for pancreatic adenocarcinoma based on the weighted gene Co-expression network analysis and least absolute shrinkage and selection operator algorithms. Front Genet (2021) 12:692953. doi: 10.3389/fgene.2021.692953

17. Yuan, Q, Ren, J, Li, L, Li, S, Xiang, K, Shang, D, et al. Development and validation of a novel N6-methyladenosine (m6A)-related multi-long non-coding RNA(lncRNA) prognostic signature in pancreatic adenocarcinoma. Bioengineered (2021) 12(1):2432–48. doi: 10.1080/21655979.2021.1933868

18. Haberland, M, Montgomery, RL, and Olson, EN. The many roles of histone deacetylases in development and physiology: Implications for disease and therapy. Nat Rev Genet (2009) 10(1):32–42. doi: 10.1038/nrg2485

19. Che, X, Su, W, Li, X, Liu, N, Wang, Q, and Wu, G. Angiogenesis pathway in kidney renal clear cell carcinoma and its prognostic value for cancer risk prediction. Front Med (Lausanne) (2021) 8:731214. doi: 10.3389/fmed.2021.731214

20. Li, Z, Xin, S, Yu, S, Liang, J, and Zhang, X. Prognostic signatures and therapeutic value based on the notch pathway in renal clear cell carcinoma. Oxid Med Cell Longev (2022) 2022:1669664. doi: 10.1155/2022/1669664

21. Ma, Y, Qi, Y, Wang, L, Zheng, Z, Zhang, Y, and Zheng, J. SIRT5-mediated SDHA desuccinylation promotes clear cell renal cell carcinoma tumorigenesis. Free Radic Biol Med (2019) 134:458–67. doi: 10.1016/j.freeradbiomed.2019.01.030

22. Jeh, SU, Park, JJ, Lee, JS, Kim, DC, Do, J, Lee, SW, et al. Differential expression of the sirtuin family in renal cell carcinoma: Aspects of carcinogenesis and prognostic significance. Urol Oncol (2017) 35(12):675.e9–675.e15. doi: 10.1016/j.urolonc.2017.08.016

23. Wu, T, and Dai, Y. Tumor microenvironment and therapeutic response. Cancer Lett (2017) 387:61–8. doi: 10.1016/j.canlet.2016.01.043

24. Hinshaw, DC, and Shevde, LA. The tumor microenvironment innately modulates cancer progression. Cancer Res (2019) 79(18):4557–66. doi: 10.1158/0008-5472.CAN-18-3962

25. Hui, L, and Chen, Y. Tumor microenvironment: Sanctuary of the devil. Cancer Lett (2015) 368(1):7–13. doi: 10.1016/j.canlet.2015.07.039

26. Roma-Rodrigues, C, Mendes, R, Baptista, PV, and Fernandes, AR. Targeting tumor microenvironment for cancer therapy. Int J Mol Sci (2019) 20(4):840. doi: 10.3390/ijms20040840

27. Najafi, M, Farhood, B, and Mortezaee, K. Extracellular matrix (ECM) stiffness and degradation as cancer drivers. J Cell Biochem (2019) 120(3):2782–90. doi: 10.1002/jcb.27681

28. Chan, TA, Yarchoan, M, Jaffee, E, Swanton, C, Quezada, SA, Stenzinger, A, et al. Development of tumor mutation burden as an immunotherapy biomarker: Utility for the oncology clinic. Ann Oncol (2019) 30(1):44–56. doi: 10.1093/annonc/mdy495

29. Liu, L, Bai, X, Wang, J, Tang, XR, Wu, DH, Du, SS, et al. Combination of TMB and CNA stratifies prognostic and predictive responses to immunotherapy across metastatic cancer. Clin Cancer Res (2019) 25(24):7413–23. doi: 10.1158/1078-0432.CCR-19-0558

30. Cheng, X, Wang, X, Nie, K, Cheng, L, Zhang, Z, Hu, Y, et al. Systematic pan-cancer analysis identifies TREM2 as an immunological and prognostic biomarker. Front Immunol (2021) 12:646523. doi: 10.3389/fimmu.2021.646523

31. Ahmad, RS, Eubank, TD, Lukomski, S, and Boone, BA. Immune cell modulation of the extracellular matrix contributes to the pathogenesis of pancreatic cancer. Biomolecules (2021) 11(6):901. doi: 10.3390/biom11060901

32. Ferrara, B, Pignatelli, C, Cossutta, M, Citro, A, Courty, J, and Piemonti, L. The extracellular matrix in pancreatic cancer: Description of a complex network and promising therapeutic options. Cancers (Basel) (2021) 13(17):4442. doi: 10.3390/cancers13174442

33. Weniger, M, Honselmann, KC, and Liss, AS. The extracellular matrix and pancreatic cancer: A complex relationship. Cancers (Basel) (2018) 10(9):316. doi: 10.3390/cancers10090316

34. Shi, WD, Meng, ZQ, Chen, Z, Lin, JH, Zhou, ZH, and Liu, LM. Identification of liver metastasis-related genes in a novel human pancreatic carcinoma cell model by microarray analysis. Cancer Lett (2009) 283(1):84–91. doi: 10.1016/j.canlet.2009.03.030

35. Kubo, M, Gotoh, K, Eguchi, H, Kobayashi, S, Iwagami, Y, Tomimaru, Y, et al. Impact of CD36 on chemoresistance in pancreatic ductal adenocarcinoma. Ann Surg Oncol (2020) 27(2):610–9. doi: 10.1245/s10434-019-07927-2

36. Wang, XJ, Cheng, J, Zhang, LY, and Zhang, JG. Self-assembling peptides-based nano-cargos for targeted chemotherapy and immunotherapy of tumors: Recent developments, challenges, and future perspectives. Drug Deliv (2022) 29(1):1184–200. doi: 10.1080/10717544.2022.2058647

37. Ganji, C, and Farran, B. Current clinical trials for epigenetic targets and therapeutic inhibitors for pancreatic cancer therapy. Drug Discovery Today (2022) 27(5):1404–10. doi: 10.1016/j.drudis.2021.12.013

38. Dangi-Garimella, S, Sahai, V, Ebine, K, Kumar, K, and Munshi, HG. Three-dimensional collagen I promotes gemcitabine resistance in vitro in pancreatic cancer cells through HMGA2-dependent histone acetyltransferase expression. PloS One (2013) 8(5):e64566. doi: 10.1371/journal.pone.0064566

39. Yeo, D, Giardina, C, Saxena, P, and Rasko, J. The next wave of cellular immunotherapies in pancreatic cancer. Mol Ther Oncolytics (2022) 24:561–76. doi: 10.1016/j.omto.2022.01.010

40. de Visser, KE, Eichten, A, and Coussens, LM. Paradoxical roles of the immune system during cancer development. Nat Rev Cancer (2006) 6(1):24–37. doi: 10.1038/nrc1782

41. Binnewies, M, Mujal, AM, Pollack, JL, Combes, AJ, Hardison, EA, Barry, KC, et al. Unleashing type-2 dendritic cells to drive protective antitumor CD4+ T cell immunity. Cell (2019) 177(3):556–71.e16. doi: 10.1016/j.cell.2019.02.005

42. Soucek, L, Lawlor, ER, Soto, D, Shchors, K, Swigart, LB, and Evan, GI. Mast cells are required for angiogenesis and macroscopic expansion of myc-induced pancreatic islet tumors. Nat Med (2007) 13(10):1211–8. doi: 10.1038/nm1649

43. Evans, A, and Costello, E. The role of inflammatory cells in fostering pancreatic cancer cell growth and invasion. Front Physiol (2012) 3:270. doi: 10.3389/fphys.2012.00270

44. Schrock, AB, Ouyang, C, Sandhu, J, Sokol, E, Jin, D, Ross, JS, et al. Tumor mutational burden is predictive of response to immune checkpoint inhibitors in MSI-high metastatic colorectal cancer. Ann Oncol (2019) 30(7):1096–103. doi: 10.1093/annonc/mdz134



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 © 2022 Chen, Yuan, Liu, Xia, Shi, Su, Wang, Li and Shang. 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-13-985911-g006.jpg
>

Sunitinib senstivity (1C50)

m

Docetaxel senstivity (1C50)

Vinblastine senstivity (IC50)

B
Kruskal-Wallis, p = 7.2e-06 s Kruskal-Wallis, p = 8.9e-07
Cluster C1= C2 -Cs- & Cluster C1mC2=C3m
0.00014 < 0.0071
8 3e-| > 7 7e-
0. " § 70.00039
6 i G
. 3
& _!_ + + g5
2
2 : S 4
. o
. § 3
@ 2 ¢t Cc2 3
Cluster Cluster
_F
Kruskal-Wallis, p = 4.4e-09 § Kruskal-Wallis, p = 1.9e-06
Cluster C1® C2®C3m = Cluster C1m C2=C3m
0.00016 2 1elge=05
= 2e-09 2
—208 ; £-2 0 92
(2]
-4 <
+ 8-4 +
<
-6 3
%
' : £-6
-8 . 8
c1 C2 Cc3 C1 C2 C3
Cluster Cluster

Kruskal-Wallis, p = 6.2e-09

Cluster C1®m C2=C3m
4.6e-05
2~
0.0044

Cluster

[

Kruskal-Wallis, p = 1.3e-11

Cluster C1® C2=C3m

7.4e-11
7.3e-

Obatoclax.Mesylate senstivity (IC50)

AG.014699 senstivity (IC50)

AZD.2281 senstivity (IC50)

Gemcitabine senstivity (IC50)
]

(o]
Kruskal-Wallis, p = 8.4e-07
Cluster C1®= C2 & (C3m

7.3e-05
6.4e-07
6 0.038
5
4
3
2
C1 C2 c3
Cluster

G
Kruskal-Wallis, p = 8e-05

Cluster C1®m C2 & C3m

0.00026
25e-05 '

w A 0 o N

Cc1 C2
Cluster

C3
K

Cluster C1® C2=C3m
1

Kruskal-Wallis, p = 1.7e-13

AZD8055 senstivity (IC50)

Kruskal-Wallis, p = 0.00016

Cluster C1®m C2=C3m
0.00014

0!
0.46

c2
Cluster

C3

Kruskal-Wallis, p = 7.8e-12
S Cluster C1mC2=C3m

12 1e-09
cs 32e-12
25 —
=
24
12}
c3 +
s
22 ;
]
C1 Cc2 c3
Cluster
L
Kruskal-Wallis, p = 6.3e-07
Cluster C1®m C2&C3m
3.3e-06
2.8e-

0.75

N =]

S

Vingrelbing senstivity (IC50)

Cluster

-i--hﬁ

Cluster





OEBPS/Images/fimmu-13-985911-g008.jpg
':‘97 .......... D Risk == High risk == Low risk
= 0
8 o] 1.00
2}
B 0.75
[ =
ol 2 050
0 20 40 8
Patients (increasing risk socre) —; 025
B B p=6.547e-08
5
0 ® 0.001
@ ©1 0 1 2_ 3 4 5 6
g 0+ Number at risk Time(years)
‘6’ < é — 4 2 3 0 0 0 0
£ o Xl 33 12 6 4 4 1
= ; 0 1 2 3 4 5 6
5 o e B oy o Time(years)
>~ 18 & & Fg e 6 5 ; Number of censoring
12}
£y ‘ g o | MMM, 1 1]
® 0 20 40 . 60 . 20 7 5 :
Patients (increasing risk socre) T,me(years)
i E ROC curve
I T T 7mhi e
[ | 'gl?aer -
EIE TR T RPARP-AS1 |4 @
INIVTGIN00 i idioned z°
T 7 00 L] Woness-ast £8]
é <
| °
i | i 17 —rmaem
L ||I“I i | S Sl
00 02 04 06 os 10
1-Specificity
F G 1 :
pvalue  Hazard ratio ' pvalue Hazard ratio :
1
age 0.015  1.039(1.008-1.071) b age 0.108 1.026(0.994-1.060) !“
gender 0.396  (.771(0.423-1.405) ,_E_. gender  0.264 0.701(0.375-1.308) '_‘_'l
1
grade 0430  1.194(0.769-1.852) ,_:_, grade 0.916 0.975(0.603-1.575) '—1—'
! '
stage 0492  1.198(0.716-2.004) —— stage 0.647 1.137(0.657-1.969) '_:_'
1
riskScore<0.001  1,068(1.040-1.096) W riskScore <0.001 1.064(1.036-1.094) "

U S — =
00 05 10 15 20 00 05 10 15

Hazard ratio Hazard ratio





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Comprehensive characterization of extracellular matrix-related genes in PAAD identified a novel prognostic panel related to clinical outcomes and immune microenvironment: A silico analysis with in vivo and vitro validation

      

        		

          Introduction

        



        		

          Materials and methods

        

          		

            Pan-cancer landscape of ECM-related genes

          



          		

            Identification and validation of hub ECMGs related to the onset and advancement of PAAD

          

            		

              Cell culture

            



            		

              Collection of clinical samples

            



            		

              Isolation of total RNA with quantitative real-time PCR

            



            		

              Immunohistochemistry, immunofluorescence, and single-cell maps

            



          



          



          		

            ECM scores and ECMG expression-based cluster analysis

          



          		

            Effect of differentially expressed tumor suppressor genes and oncogenes in the ECM-receptor interaction

          



          		

            Correlation between the ECM scores and tumor immune microenvironment

          



          		

            Establishment and verification of a novel ECM-associated prognostic panel for PAAD patients

          



          		

            Tumor mutation burden analysis

          



          		

            Analysis of the tumor immune microenvironment in low - and high-risk population

          



        



        



        		

          Results

        

          		

            Pan-cancer landscape of ECMGs

          



          		

            Identification and validation of hub ECMGs linked to the onset and progression of PAAD

          



          		

            Cluster analysis premised on the ECM scores

          



          		

            Link between drug sensitivity and ECM clusters

          



          		

            Correlation of ECM scores with potentially targetable classical genes, HDAC family genes, and sirtuin family genes

          



          		

            Correlations between the ECM scores and the immune cell infiltration

          



          		

            ECM-associated prognostic panel enables the auxiliary prediction of clinical outcomes of patients with PAAD

          



          		

            Characterization of TMB between low- and high-risk populations

          



          		

            Characterization of tumor immune microenvironment between low-risk and high-risk populations

          



        



        



        		

          Discussion

        



        		

          Conclusion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/fimmu.2022.985911_cover.jpg
’ frontiers | Frontiersin Immunology

Comprehensive characterization
of extracellular matrix-related
genes in PAAD identified a
novel prognostic panel related
to clinical outcomes and
immune microenvironment:
A silico analysis with in vivo
and vitro validation





OEBPS/Images/fimmu-13-985911-g010.jpg
>

= | . Risk == Highrisk == Low risk
0% <
Q. - 2
g@ "- %
%< P g
4 o a
o £
i L =
o T 12
0 50 100 150
Patients (increasing risk socre) p=1.441e-08
® : o 1 32 5 _4 5 & 1 &
3 © N . Number at risk Time(years)
> . . . 3
= % F 8L 79 43 : 2 2 1 1 ] 0 0
g <] . " O —| o 67 23 14 10 1 2 1 0
= s o 0o 1 2 3 4 5 6 7 8
pas % Time(years)
> N4 = Number of censoring
= ¥
D o CoA I 11111 A A A |
6 & 0 1 2 3 _4 5 6 7 8
. . . . Time(years)
Patients (increasing risk socre) E
ROC curve
type type
1l imear 7 2high
1 6llow
|| RPARP-AS1 s
||| pTovi-As2 3 .
UNCSB—AS1|1 2
0 2
CASC8 3
LINCO1116
AC027288.3
\ | ucat
AT R APTERT M Ac13eers
1-Specificity
G
pvalue  Hazard ratio . pvalue Hazard ratio '
ll 1
age 0.006 1.031(1.009-1.053) P age 0.016 1.026(1.005-1.048) }I
ll 1
gender 0.360 0.822(0.541-1.250) ——l gender 0.210 0.761(0.496-1.167) I—:—I
1
1 1
grade 0.020 1.407(1.056-1.876) iy grade 0.320 1.169(0.859-1.590) ——
i 1
1
stage 0.018 1.504(1.072-2.110) :,_. stage 0.035 1.452(1.027-2.054) —
f 1
riskScore  <0.001 1.052(1.035-1.068) 'y riskScore <0.001 1.049(1.033-1.066) "
00 05 10 15 20 00 05 10 45 20
Hazard ratio Hazard ratio





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-13-985911-g005.jpg
A — QENT W T T NN TSR ST TTTOR TR TTRTN TITTANT | ECM score P =1.41e-22
e —— 1

el
x

o
il

Enrichment score

-0.51

eI

i I II ':.:.' ‘
SUEI Il
I',".,'r, .I! X
SR
pee e S PN
i

|." ".'Ilh:'il:

' "'..
a0y

'|'|'|.'..

nlurllllnrl "i.'l— .Iu I. 1 HI

I.._l

1 |1| .l"I (1

o

'-| o

Cluster
Kruskal-Wallis, p < 2.2e-16

Al

i I'I_'.,

ST feset
- - .' E"“‘ifxs i"") mRNA
] up-regulation

i J&‘&B
SRt I| 1 |h G % %’
: dJ
s i Eég%ﬁg% nmo@n\:lﬁ\ange
' g e‘aga
' S

= 5
-
RSN

E0)

12%)
o
ggF gi gﬁ H‘o%vﬁéregulation
A
Jientiad ECM_scores_score P = 1.41e-22
i o
Byt o
; 5%‘;21%%1 m-06
11 om h 9
N R e
lu 1 C2
C3

-
-
-
5.
R

Cluster

=
350.75
©
£
[
Q.
0.50{ --------7
2
>
5
€ 0.25
0.00 ]
0 1 2 3 4 5 6 7 8
Time(years)
Number at risk
9]
sel® % B § & & 1 1 8
I3 {25 73 22 9 5 2 1 0 0
0 1 2 3 4 5 6 7 8

Time(years)





OEBPS/Images/fimmu-13-985911-g012.jpg
lumor tmbation burden

A & Low-risk & High-risk B = Low-risk & High-risk (] &= Low-risk &5 High=risk
0.048 2.0 0.019 0.003
15 1. 5 s to §1.5 L.
215 .| 2 .. ° o
2 2 e .
1.0 c . i c1. .
S1.0 2 o %1 0 ade
8 o s .o 3
£ s £
0.5 205 B 05
‘6 . & o
- g | 5
. o Let = . -
0.0 o 0.0 00 - ——
Low-risk High-risk Low-risk High-risk Low-risk High-risk
D Altered in 39 (92.86%) of 42 samples. E  Altered in 32 (96.97%) of 33 samples. F  Altered in 71 (94.67%) of 75 samples.
11636 77- 11636
1 PR W N T !
o No.of sampes’ o Illllll llll'lll |11 o
s o mm—— - o
Sl PR S e g
T el Ser PO T T T RS
a5 mm “h s w it b
RYR: 5% | RYR1 | ]
PCDH15 ii 10% M PCDH15 " " PCDH15
FLN r 7% 0 FLNC [ ] ] ADMF/’LT/%%
ADAMTS12 i By 10%m ADAMTST2 .
MYOT i H0%M Y016 ] Myo1
GLI: i 5% I GLI3 " Ll GLI3
ARIDTA jan 21 ARIDTA .I ) ARIDIA i
rszlzgz rl i 10%= TGFBR2 ] TGFBR2 | I 1
KMT2C 5% KMT2C ma % T2C
regts . iy o S el
us%i i i 7%= USH2A. B B [] USH2A |
« Missense, on  In_Frame De|  Risk » Missense_Mutation  |n Frame De|  Risk « Missense_Mutation  |n_Frame Del  Risk
R - R R - i T ;B b T
Altered in 17 (58.62%) of 29 samples. Altered in 41 (61.19%) of 67 samples.
8
g il e ...
H
I_Il [ — .]Ill I [T
= L — o —
SMAD4| 15%_
E g L
o) " . EF
MUCTE B '! 3% §
3 L] 1 om
PCDH15 L] 1% |
FLNC 1% |
ADAMTS12 ] 1% |
Y016 ll 1% |
GLI3 1% |
ARIDTA (] (] 3% §
FAT2 (] 1%
TGFBR2 ] 1% I
KMT2C ' %1
HECW2: g L] 3% §
FLG % |
USH2A 0%
= Frame_Shift_Del = Frame_Shi « Frame_Shift_Ins _ Ris} « Frame_Shift Del  « Frame_Shift Ins Risk
G H |
1.00 1.00 1.00
= ~H-TMB &
£0.75 2075 ~L-TMB £0.75
3 £ s
| 2 3]
<] 8 s
50.50 € 0.50] ---- $0.50
2 = : 2
= 2 : 3
2025 Soa2s P 0.25
0.00 p=0.008 0.00 1 p=0.038 .6 p=0.004
o0 4 2 3 4 B 6 012 3 4 5 6 7 8 0123 456 7 8
J Time(years) K Time(years) L Time(years)
- H- +hi i ; T B
1.00 = TN o ok 1.00 = H-TMB+high risk 1.00 = TN o sk
= Lo ion rigk = [ g Tk = EIERER
> - L- ow ris| N g L—TMB+I0\%/ ek > ~ L-TMB-+low risk
= 0.75 = =0.75
3 075 i
© | @
g 5 :
L= I i 50.50] - 8050 -~ - - bm—mm o]
S ) ]
2 <0.001 s H !
3025 p=u. 5, 0.25 p=0.026  30.25 : p<0.001
0.00 0.00 0.00 '

2 3 4

Time(years)

5

2 3 4 5 6 7 8
Time(years)

01 2 3 4 5 6 7 8

Time(years)





OEBPS/Images/fimmu-13-985911-g003.jpg
A B

COL5A2— >3.99(175)— <3.99(84)  ITGBG— >4.82(83)— <4.82(176)  CD36 — >2.85(79)— <2.85(180)
1.00 p=0108 1.00

. o =
.>~ Hazard Ratio = 1.34
oty 95% CI: 0.95 - 1.89
=
.

pvalue  Hazard ratio

'
goLshe 004 1.167(1.007-1.353)  jm

<0.001 1.637(1.343-1.996)
AtRs <0001 1596(1338-1.904)
ITGB6 <0001 1471(1.259-1.718)

p<0.001 1.00
Hazard Ratio = 2.16

p=0016
Hazard Ratio = 0.62

FN1 0006 1.186(1.049-1.341) ] 95% Cl: 147 - 3.17 95% CI: 0.43 - 0.88
ITGB4 <0.001 1.424(1.194-1.699) ° 0.50

CD36 (0142 0.888(0.757-1.041) 50

oA o208 1.l1a(0S%61327) =

THBS2 0053 1.139(0.998-1.300) s

ITGA2  <0.001 056) 2 025

LAMC2 <0001 624) E

COLT1A1 0.028

TCGA GSE28735 LAMB3  <0.001 656) 0.00
0 05 10 15 20 0 2 4 & 8 0 2 4 6 8 0o 2 4 6 8
Hazard ratio Time Time Time
ITGA3— >4.69(154)— <4.69(105)  FN1— >6.67(122)— <6.67(137) ITGAT1— >1.58(172)— <1.58(87) LAMC2— >4(182) — <4(77) ITGA2— >2.82(162)— <2.82(97)
1.00 1.00 1.00 1.00

o
3

p<0.001 p=0051 p=0076 p <0001 p<0.001

2075 Hazard Ratio=2.34 £ 75 Hazard Ratio=1.30 £ 75 Hazard Ratio=1.30 £ 75 Hazard Ratio = 2.17 2075 Hazard Ratio = 2.69
3 95% Cl: 168-327 8 95%Cl:0.99-194 8 95%Cl0.98-198 8 9% Cl:1.53-307 5T 95% CI: 1.92-3.77
8 8 8 8
£ 050 £ 050 £ 050 £ 050 2 050
] T T T =
2 z z z g
2025 2025 2025 2025 3025
5 5 5 5 5
@ & & & 3
000 000 0.00 0.00 0.00
0o 2 4 6 8 0o 2 4 6 8 0o 2 4 6 8 0c 2 4 6 8 5 2 4 6 &
Time Time Time Time Time
LAMA3— >2.99(181)— <2.99(78)  [TGB4 — >473(180)— <473(79)  THBS2— >4.03(182)— <4.03(77) ~ COL11A1— >2.31(146)— <2.31(113) LAMB3— >4.63(135)— <4.63(124)

p<0.001 p=0.003 p=0.231 p=0029 p<0.001

Zo7s HezardRatio=232 £ Hazard Ratio = 1.8 HazardRatio=125 2 075 HezardRaio=145 = Hazard Ratio = 1.89
s 95% Cl164-327 & 95% Cl: 1.27 - 2.56 95%Cl:087-179 8 95%CL104-203 & 95% CI: 1.35 - 2.64
£ 050 £ £ 0.50 5050

3 2 3 E

So02s 2 2 025 So02s

5 s 5 2

17 (7] an

o
=Y
38

0.00

hY

6 8 10 12 14

4

Stagel Stagell Stagelll StagelV

Fvalue = 1.9
B0y

ITGA3

Stagel Stagell Stagelll StagelV Stagel Stagell Stagelll StagelV Stagel Stagell Stagelll StagelV Stagel Stagell Stagelll StagelV Stagel Stagell Stagelll StagelV





OEBPS/Images/fimmu-13-985911-g001.jpg
I

O

The parrcancer

landscape of
ECMGs

T

1T

F e

Identify differentially expressed ECMG¢

Prognostic Relationship with
Identification values stage
and validation
of hub ECMGs

7 ECMGs of PAAD were validated by
RT-PCR and IHC

i e

Analysis the single cell types atlas and — — - =
cellular location of the 7 ECMs #, "‘ j".' J'?lﬁ 5:12

|
Cluster analysis based on the ECM score
ssGSEA + Clustering analysis

mRNA
l Up-regulation

mRNY
Ro-change

ECM active ECM inactive Normal ECM ' i
(cluster 1 (C1)) (cluster 2 (C2)) y g
. gy (cluster 3 (C3)) it IR ,
with low OS with high OS M M T g
H a2 e R e
Classical cancer ;
Dru F P
sensitigity related genes, ~ Immune %o
vei HDAC and Sirtuin | | Microenvironment 000
b i - analysis .
Family Genes g

ROC curve

ROC curve
Establish a novel ECMassociated prognostic panel 2 o
Use LASSO and Cox regression analysis £ Fe
Train cohort o | ol
. =k . —
N 00 02 o4 06 08 10 ca y ; Y y i
Survival Independent e WY s
analysis prognostic nac cue ROC curve
Internal and external validation - -
TMB ~ Immune ®] — T °] pere——
microenvironment < = e o e
score s ————— L
characteristics 00 02 04 08 08 10 00 02 04 06 08 10

1-Specificity

1-Specificity





OEBPS/Images/fimmu-13-985911-g007.jpg
g
588 2588 : z
| & i E -
- o~ - oo~ H © $
o T Tamo 7R i 2 w £
H * 0 o v g P =
[ B | ; S So o 8 S .
88333333333 ooagasd i g [ 2 :
LR} 2000000 i a ] (] I
gosbesadeds  oaidedh i "
@snado-eity AINAISE § © 4
MO EMEAmH A it DT o g
[S I E
i
T ' 3
@ s o ks H i 3
o * % xod (el H
R R Tt ] D EEESREE *
@ HEEEmEEmmnE @ 000000y H Ak
= = i =]
== 5 L
=== H
== §
= - i
- O i
: === i
== K & :
e | 2 m,
== i
> == Qi H 3
= S i g
E 3 §
S8 :
+ i ]
H & 1 :
i H = g H
i (=} &
S - il H
i = [  gxsPuszsesessscasg wasgocecan :
i p——— 4% e ot Y a7 253888 i 3
: S [Tk, SO5ToES508°RTSs OgeRRRRssC Of : k
5 = Z BxES E3 o ol &
H T v, 5 £ BEfesg £2 2o @5t .
; e [ PSSR R S litE ]
i _— 4 s g 2% 38 = zcs0 7z i g i i i
i - % 2 %8 5 =8 &= kggo A
o | & ol I _ig,
ol w v o v o g gc R 7 oE° - sjiydosinaN
e ~ o] o o 3 g .wrmu !
& S
mm o uoissaidxa auag w = ;s
N . o ws § 9
S 9o = 0 i E
1 1 O 10 O S Y D D 0 0 co ® wowod H g
R vy 23533379
COAAAMAC AT 4N MDD D a o § 2900l 5 i
et A AT «+ o W 1 H :
PRI R A g i
RENEREY cREEe oREcle Heeedee DR GEREEND ME B B¢ BR EEer @ EEEEE 8¢ ¢ _“M@q H s
Py RRE I £ I LI LU R i 8§ E E°% g i
e X rr.r o ST IR I HEE ) B H
LR R Giiiel gErERERE edrHEE £44 ; .
sia ff o5 SESiornt 6 4 8+ ‘ :
shifaniactazannnasg | §
HEEEHERECERBONEERNE A H
§ sefgssanegese 65« il G
£ 86 R G ik T

£ 88 pied oz 810

8 e ciEEE R & - 8 o
BEE pfrf sBEee sERDepRifer SRRRrnlE BB REHE QUG

£ fF fnane

i
i
i
i
i
i
£
A0 380 0 4 ERUERNTE 8 RANCAD AOERRERER NERE s Eeg Y B
§oErrrd fRefseenige feredni B L O 8 cEligdy ¢

IO £ i 1 R n\m&w\v EN P
[l gegeeREdE 0 £RREE | R '
i EEE IS TR SRS °
£ 86 BEe8: 8+ 68 f g in”
PR TR EEECER F AU I P R TERTT ,mw«%.r H
8 EEE BE S8 EE p 8 HEs "..v\éw. 4
OB Ut CEER T Ot £ ,uw %, H
[RRt [ AN i
18888 § ofi8 EHH N y
§ Besed pfrdeeofiegs £ 8 far @ fes: e sEf . § EREEE S %
R R e AT g & T TR R T IR i 1
§ BEeed sdedr feef €r fef f - B sifz: siifiiz gf o« e % %, =
ERE R I B ) freif A@\@w > )
".. oF 8 -RE rEREfEre b

n T T ST T T 1

S s|199 Jadjpy |





OEBPS/Images/fimmu-13-985911-g013.jpg
=jgieor

s nae CIBERSORT

eEs

.‘ lads
i, w g HEEAE
.m“ - SBERSORT B
e
R 0 i B e
bk m“.‘“&.fﬁﬁsm
'L'.' FEi 6 i i
_”‘T s ll!'lﬂ

|!"H!ﬁ"h’d o e
l.’H‘IJ';IH i .'i w*ff

&

HE 1] HES ;uumz‘ﬂ‘m&m

e

| e
1 s el
o e e
ey

1 F'* mcenvionTent score_XCELL
¥ BeEpc
Iul-llﬂnl-- CErE T o e errc
e O con T
8o nave ciBERSORT
e Coor CBERSORT
b i GBERSORT

(AL e
I-n'F‘ Filh 0o
I’Mhi::lk Lital il
|"-’!l'i..!1- [T

LT ﬂl
\Il

spousn 00

cotnave_CEBERSORT-AS
2l oo Cencontags

B et QUANTISEQ
Nactohege W1 QUANTISEG
Naciophoge U2 GUANTISEQ
Monocyle QUANTISEQ

T ool COR QUANTISEQ

s cob GUANTISEQ
Test cPCOUNTER

T Rl CB MCPCOUNTER
toxet Gore MCPCOUNTER
Ncal MCPCONTER.
Myiiddende o MCPOOUNT

W = szumanmmu e
Nt

L] ‘sirom score_XCELL

coaman 8 XCELL

*m;r i

BeaErc
TR 1 Conctssocte oo EPIC

= ffseore
e TR Wéﬁ

uwwvv -E

‘.r‘.
s

1 ih 1 ki
M.n‘-

g Comorrses

) Qummsea

TN o mEmmc el achated_XCELL

ooy DRt

s o acnated_CBERSORT |

Mactoshoge 0. CIBERSORT-ABS.
Maciophage Mi_CIBERSORT-ABS.

T cal roguiory (ege) QUANTISEQ

e con oo 3CELL

D

Risk E3 low &3 high

NSNS * ** % weng +

N

1.004ns * "+

riskscore
I

-2
-
M

0.75.

Score
@

"
i

il

B

i

T
L

ns**ns

Risk E3 low &3 high
nsns** nsnsns** ns *

nsns *

&

nsns *

ns

Risk &3 low E3 high

1.00] NS ** **¥ NS S N *¥+ 4%+ 4wn 4 ws wh g iepg

G

Risk E3 low &3 high
] ns ns ns ns

ns ns ns

Score

Risk E3 low £3 high

nsnsnsns * ns* nsns * %

Risk E3 low &3 high

NS NS * * Mg e % g e e wa e

| f bl r@m%s J
A - - e
Wit U1 e o R e o 0.75 I ?‘ 08 K ??
El"'ru TR - W 4 N o . .
Ll DL e o 2 050 Pyl 8 i
mlm.l,l ll T {1 i ..fﬁm'“m Foe 8o T B 06, ?%, . J
Methods » . .
andarirhs ol 0 B . e
F’]‘ i I;:.‘:.‘.m.,. T g nggﬁkw 025 N v 04+ ’ LI 8
; Dy e R, . S S~ ==
‘hl Jl". ' ‘ I e 0.00 J & Qc?qéi\@@y@@{?/gé@\é?&&;f
1 !ul‘P'\"" i 2 S S g S
L L | FEFILEIIITFIFNE & ¢ LI
IS T e T’ SESY ¥R F57 O SIS
0 - <’ >
i T T IS 9 SN & o7 P& B RSN
|\ AL e I i “lia‘f%%“” i & <5 A IS A
&

J Risk E3low 88 high

G H SRR A K4 bR 4 % e S

K

Risk E3low & high

Risk Ealow 88 high

%6 . . . % 3 9
14 3 : . g o 8
g H 5 g . LI
5al* . ; # 3 . T- 6
§ g . # 1. H
3 L 84f; .s+',:- ; h i 83
b cLh a1 Lt 4 g ,
N (, > o A oD &
SR ?&%@v‘*&% SR R R R SRe S

&
&






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





OEBPS/Images/fimmu-13-985911-g009.jpg
>

=)
@ ® !
IS
8 «©
%~
e
1
= 4
B
5 0
T o
(o} 1 .
EY X s
T N . 3 .
S %" o .
5 o O L
7 T T - - .
0 20 40 60 80
Patients (increasing risk socre)
o]
—(ype
AC136475.3
UCA1
| ! ITGA7
| 0l I [ \ RPARP-AS1
| PTOV1-AS2
1 | [ UNC5B-AS1
CASC8
LINCO1116
AC027288.3
F
pvalue  Hazard ratio 1
1
age 0.210 1.020(0.989-1.051) ,'.
1
gender  0.650 0.870(0.478-1.585) i
1
grade  0.017 1.633(1.093-2.439) ————y
1
stage 0.005 1.966(1.220-3.169) e
1
riskScore 0.011 1.045(1.010-1.082) i!

0.0051.01520253.0
Hazard ratio

D Risk == High risk === Low risk
1.00{
Z075
o
©
E=3
o
5 0.50
2
>
5 0.25
a p=1.258e-02
0.00
0o 1 2 3 _4 5 6 7 8
Number at risk Time(years)
=[5 21 4 2 1 1 0 0 0
= 5 3 1 8 6 3 1 1 0
0 1 2 3 4 5 6 7 8
Time(years)
5 Number of censoring
a 1
2
SO [
c
0 1 2 3 4 5 6 7 8
Time(years)
7 type E ROC curve
6 Ihlgh
5 Hlow =
5 <
3 @
2 =
1 z
0 29
g o
&«
o
N
=} — 1-year QU§;0.702
g = SfE AN
00 02 04 06 08 10
1-Specificity
G
pvalue Hazard ratio 1
1
1
age 0.161 1.024(0.991-1.058) (]
1
1
gender  0.650 (0.863(0.456-1.633) —
1
grade  0.181 1.343(0.872-2.070) b—t
1
stage  0.009 1.961(1.182-3.253) S
1

riskScore  0.009

1.054(1.013-1.096)
0.0051.015202530
Hazard ratio





OEBPS/Images/fimmu-13-985911-g004.jpg
A. RT-PCR of cell lines (H6C7: cell lines of human pancreatic duct epithelial; BxPC-3/CF-PAC1/Pan-1: cell lines of pancreatic cancer)
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B. RT-PCR of clinical samples (tumor tissues vs normal adjacent tissue)
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C. Immunohistochemistry and immunofluorescence of clinical samples (tumor tissues vs normal adjacent tissue)
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