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1 INTRODUCTION 

 

Pancreatic ductal adenocarcinoma (PDAC) is an aggressive malignancy and the 

seventh primary cause of carcinoma-related deaths globally [12]. In spite of the 

increased awareness of the potential risk factors and the pathogenesis of pancreatic 

cancer, it is expected that the incidence will continue to increase and will comprise 

355,317 new cases by 2040 [73]. In the United States, 5-year overall survival for 

PDAC patients is as low as 9% [80].Tobacco consumption, type 2 diabetes mellitus, 

and chronic pancreatitis are risk factors that contribute for around 25% to 33% of 

cases and the prevalence of PDAC has been rapidly increasing over recent years 

[48, 92]. The early atypical symptoms of PDAC, a scarcity of sensitive and specific 

markers, and difficulties in early diagnostic imaging, which lead to delayed diagnosis 

and a poor prognosis [92]. PDAC is a highly invasive malignant tumor characterized 

by neurovascular local infiltration and early distant metastases, which make rarely 

curative surgical resection possible in the majority of patients [48]. Most traditional 

therapeutic methods, including chemoradiotherapy, immunotherapy, and molecular 

targeting therapy are ineffective against PDAC [6, 48, 77].  

PDAC, the most common pathological type of pancreatic malignancy, arises from a 

constellation of precursor lesions, particularly in the presence of chronic 

inflammation caused by persistent stressors, acinar-to-ductal metaplasia (ADM) 

may cause irreversible transdifferentiation and progression to pancreatic 

intraepithelial neoplasia (PanIN) [15, 19]. More than that, PDAC comprises a 

complex and dense tumor microenvironment (TME), as well as numerous genetic 

abnormalities. Importantly, recent improvements in transcriptomics contribute to 

intertumoral heterogeneity in various cancer states, spatio-temporal dynamics and 

interactions with the tumor milieu, which may supply additional information for tumor 

evolution [65]. 

In this study, we analyze the multi-level dynamic transcriptome data in the open 

source database to explore which biological signal pathways play an important role 

in the pancreatic carcinogenesis and progression. The TME is the object of our 

research and observation, therein, the dynamic changes of extracellular matrix 
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(ECM) signature in the occurrence and development of pancreatic cancer and the 

corresponding molecular subtypes and the impact on the prognosis of pancreatic 

cancer are the focus of our attention. 

 

1.1 Inflammation-Related mechanism of pancreatic carcinogenesis  

PDAC is most commonly caused by PanIN, the typical precursor lesion, but it can 

also originate from large pre-neoplastic lesions (viz., intraductal papillary mucinous 

neoplasms (IPMNs) and mucinous cystic neoplasms) [30, 50]. Inflammatory stimuli 

or diseases such as smoking, obesity, diabetes, and chronic pancreatitis (CP) are 

the most well-known epidemiological risk factors for PDAC [80]. ADM was triggered 

after acinar cell dedifferentiation in response to injury, which was thought to be the 

first event in the development of pancreatic lesions [22]. Irreversible ADM was 

detected in acinar cells harbored oncogenic KRAS (Kirsten rat sarcoma viral 

oncogene) mutation when they were under treatment with low doses of caerulein 

[36, 110]. This phenotypic transition contributes to pivotal cytoskeletal alterations 

and is thought to be involved in the PDAC genesis [110]. Under continuous 

inflammatory stimuli and genetic mutation, ADM transformed into PanIN and finally 

PDAC [36]. Inflammation-related PDAC is a long-term dynamic process, which lead 

to kinetic variations on many aspects, such as mutation landscapes, transcriptomics, 

TME architectures, and metabolism et al. [36, 100, 111].  

 

1.2 Genomic subtyping of PDAC  

Accumulation of somatic mutations and chromosomal structural rearrangements 

contributes to the pancreatic carcinogenesis [13, 22, 90]. Genomic studies 

demonstrated that there were four recurrent mutations in the established model of 

PDAC including KRAS, SMAD family member 4 (SMAD4), tumor protein p53 (TP53), 

and cyclin-dependent kinase inhibitor 2A (CDKN2A, also known as p16INK4a). 

Among them KRAS mutation was detected in more than 90% of PDAC cases [18, 

96]. Previous research has established that cells addicted to Kras are more 

epithelial in essence, which are mostly intractable after transmutation following 

activation of Kras protooncogene [35, 81]. A miscellaneous crosstalk between the 

KRAS protooncogene and dynamic inflammation supposes to govern pancreatic 
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carcinogenesis  [49, 59]. Previous study found that oncogenic dose variation plays 

an important role in PDAC biology and phenotypic diversity, among which higher 

gene-dosage of mutant KRAS in human PDAC precursors, driving both 

carcinogenesis and metastasis [63]. The combination of genomics, transcriptomics, 

and tumor phenotypes with functional studies of human PDAC data revealed 

profound impacts of oncogenic dosage-level on cell morphology, histopathology, 

and clinical prognosis, with higher KRAS mutation levels underlying aggressively 

undifferentiated phenotypes [63]. Strikingly, it has been conclusively shown that 

there are a few PDAC cases without KRAS mutation, which hints that oncogenic 

KRAS is not the only key factor promote pancreatic carcinogenesis. Moreover, low 

probability of autogenic development of preneoplasms to aggressive PDAC hints 

that further key genetic alterations (SMAD4, TP53, and CDKN2A) and signals are 

necessary for PDAC progression, which are significantly linked with tumor 

malignancy and may predict poor survival in individuals with resectable PDAC [62, 

68]. 

Four genomic subtypes of PDAC were classified by patterns of variation in 

chromosomal structure based on whole-genome sequencing (WGS) and copy 

number variation (CNV) analyses, which were termed stable subtype, locally 

rearranged subtype, scattered subtype and unstable subtype [90]. Stable subtype 

accounts for 20% of all samples and the genomes contained less than or equal to 

50 structural variation events and often exhibited widespread aneuploidy suggesting 

defects in cell cycle/mitosis [90]. The ratio of KRAS and SMAD4 point mutations 

was similar to the other cohorts, while the frequency of TP53 mutations was only 

marginally lower in stable subtype [90]. Locally rearranged subtype (30% of all 

samples) was distinguished by a substantial focal event on one or two individual 

chromosomes [90]. Nearly one-third of the locally rearranged genomes exhibited 

copy number gain areas, which harbored recognized oncogenes such as KRAS, 

Sex-Determining Region Y-Box Transcription Factor 9 (SOX9) and GATA Binding 

Protein 6 (GATA6) [90]. The scattered subtype (36% of all samples) displayed a 

modest degree of non-random chromosomal breakage and fewer than 200 copy 

number variation events [90]. The tumor of unstable subtype was a subtype with the 

least proportion (14%), which exhibited a significant number of structural variations 

(more than 200, maximum events of 558) [90]. 
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Integration of their genomes, transcriptomes and tumor phenotypes with functional 

studies and human data, revealed additional widespread effects of oncogenic 

dosage-variation on cell morphology/plasticity, histopathology and clinical outcome, 

with highest KRAS mutation levels underlying aggressive undifferentiated 

phenotypes. 

Somatic mutations, which include single nucleotide variants (SNV) and structural 

changes, play an important role in cancer genesis and progression [33, 87]. 

However, somatic mutations have been discovered in healthy tissues in recent 

years[102]. In addition, somatic mutations that do not progress, or even regress in 

premalignant clonal growth overlap with the multi-cancer drivers [86]. These findings 

imply that genetic processes alone may not be enough to drive cancer 

transformation [47].  

 

1.3 Transcriptome subtyping of PDAC 

Recent improvements in bulk sequencing and single-cell RNA sequencing (scRNA-

seq) contribute to tumoral heterogeneity in various cancer states, spatio-temporal 

dynamics, epigenetic outlines, and interactions with the tumor milieu, which may 

supply additional information for tumor evolution [65]. Hence, multi-transcriptomics 

integration of various layers of information for PDAC is phenomenal for a full 

knowledge of the mechanisms of PDAC development. 

To date, the histopathological study cannot explicitly inform the treatment strategy 

and prognosis of PDAC patients. However, Rapid advances in transcriptome 

technologies allow large-scale data mining of the molecular taxonomies of PDAC, 

which unveils the substantial molecular variations of the histopathological 

classification [20]. Initially, Collisson et al. (2011) [21] utilized microarray-based 

mRNA transcriptome data from PDAC patients, in which the epithelium was 

separated from the stroma and utilized as input materials. Classical, Quasi-

mesenchymal (Q-M), and Exocrine-like subtypes were identified. In 2015, Moffitt et 

al. [60] recognized two PDAC subtypes, Basal-like and Classical, as well as two 

stromal subtypes, normal and activated based on microarrays and RNA-sequencing 

of primary PDAC tumor and metastasis bulks. In 2016, Bailey et al. [4] defined four 
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categories (confirmed in a larger collection of 266 primary PDAC bulk data), which 

were termed squamous, immunogenic, pancreatic progenitor, and aberrantly 

differentiated endocrine exocrine (ADEX). Except for the immunogenic subtype, 

these subtypes overlap with the aforementioned Collisson clusters, as the subtype 

analysis by Collisson et al. [21] based on micro-dissected tumor epithelium without 

stroma, and the immunogenic subtype is mainly determined by the transcriptome of 

infiltrate immune cells  in the tumor microenvironment. The Q-M, basal-like, and 

squamous subtypes are quite well matched across all three categorization systems, 

which were correlated with a poor prognosis in those cohort data [20]. 

As transcriptome heterogeneity is a critical component in carcinogenesis and 

development, scRNA-seq of various cells from all-stage tumors has emerged as a 

transformative technology [79, 83]. Hosein et al. (2019) [40] deployed scRNA-seq 

technology to assess cell heterogeneity during distinct phases of PDAC in 

genetically engineered mice, which interpreted the dynamic landscape of various 

cell types during the progression of PDAC, especially heterogeneities of cancer cell 

and fibroblast. Peng et al. (2019) [70] employed scRNA-seq to analyze 57,530 

unicellular transcriptomic data from PDAC and control normal pancreata, and 

recognized a variety of malignant and stromal cell types, comprising two subtypes 

of ductal cell with diversely representative gene expression patterns. 

Through multimodal intersection analysis of dynamically temporal transcriptomic 

atlas of PDAC samples, it was conducive to understanding the occurrence and 

development of tumors, especially scRNA-seq technology, which allows us to more 

accurately interpret the evolution of the biological state of each cell type [61]. 

Compared with traditional histopathological evaluation, transcriptome level analysis 

may play an important role on assessing the stage of pancreatic cancer, and provide 

a reference for the selection of treatment options and evaluation of prognosis. 

 

1.4 Extracellular matrix in PDAC 

The neoplastic pancreatic epithelium resides inside a thick stroma, which has been 

identified as a key facilitator of PDAC development by crosstalk between cancer 
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cells and TME [39]. The TME of PDAC is an intricate mixture, which consists of 

cancer-associated fibroblasts (CAFs), endothelial cells, immune cells, pericytes and 

extracellular matrix (ECM). [109] Desmoplasia, characterized by an abundance of 

fibroblasts and the deposition of ECM that fills the majority of the tumor mass, is a 

feature of PDAC histopathology. [3] The ECM can act as a barrier between medicine 

delivery and PDAC malignant cells so that several ECM-targeting methods have 

been explored in recent years [39]. The disruption of ECM homeostasis allows for 

novel forms of paracrine, cell-cell, and cell-ECM interactions, with significant 

implications for pancreatic carcinogenesis, progression, metastasis and therapy 

resistance.  

While paracrine signaling has been widely explored in TME, the stepwise hallmark 

of multiple cell types and mediators regulating ECM-receptor interactions is still 

under research. [106] Currently, it is imperative to uncover dynamic landscape of 

ECM-receptor interaction pathway during pancreatic carcinogenesis and 

progression.  

 

1.5 Aims of this study 

Our study analyzes the multi-level precancerous and cancerous transcriptome data 

of human and mouse, in order to unveil the following goals. 

1. Interpreting the dynamic transcriptome profiles of early carcinogenesis and 

PDAC in mice and human tissue and identifying the gene expression patterns 

of ECM-receptor interaction pathway according to the different stages of 

pancreatic carcinogenesis. 

2. Which cell types contribute to the gene expression of the ECM-receptor 

interaction pathway during the development and progression of pancreatic 

cancer? 

3. Construction the risk assessment model based on the gene expression 

patterns of ECM-receptor interaction pathway. 

4. Identification the molecular subtypes of PDAC with the higher/lower risk 

score of ECM-receptor interaction pathway expression.  
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Taken together, through comprehensively describing dynamic landscape of multi-

transcriptome pancreata atlas, we might make a clear understanding about the 

molecular mechanism of pancreatic carcinogenesis, suggest potential therapeutic 

target of extracellular matrix, and contribute to assess the therapy and prognosis in 

PDAC patients. 
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2 MATERIALS AND METHODS 

 

2.1 Microarray gene expression analysis of mice bulk tissue.  

We used our previous microarray transcriptome data, which were recorded at 

different time points after caerulein injections in wild-typep48Cre/+ (WT) mice; LSL-

KrasG12D/+ (referred to as 'KrasG12D') mice and control samples in both mouse strains 

[49]. Acute pancreatitis was induced by peritoneal injections of caerulein, which was 

treated through 8 hourly intraperitoneal injections on 2 consecutive days. Control 

mice were administered accordingly using 0.9% NaCl solution. Multiple replicates 

were generated for each time point. We obtained the transcriptome data of paired 

samples including 29 KrasG12D and 33 WT mice at nine time points. The raw data 

(GSE65146) was uploaded in the NCBI Gene Expression Omnibus (GEO, 

http://www.ncbi.nlm.nih.gov/geo) database, which  is a public functional genomics 

database with high-throughput gene expression data, chips and microarray data. 

Microarray transcriptome analyses were based on the GPL6246 platform 

(Affymetrix Mouse Gene 1.0 ST). Genes showing non-significant expression and 

without annotation were discarded using the genefilter package in R. The remaining 

dataset of 19467 genes was carried out for further analyses. 

 

2.2 Clustering and principal component analysis  

Correlation analysis of gene expression profiles between the samples in KrasG12D 

and WT mice was performed with the pearson method using the cor function in R. 

Pearson’s correlation coefficients (PCCs) were used for the clustering process as 

distance. Unsupervised hierarchical clustering was implemented with the average-

linkage method using the hclust function in R. Principal component analysis (PCA) 

was carried out by the prcomp function in R package, which was based on the same 

data for unsupervised hierarchical clustering. 

 

 

 

http://www.ncbi.nlm.nih.gov/geo
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2.3 Differential gene expression analysis and KEGG pathway enrichment. 

 

The differentially expressed genes (DEGs) analysis were performed via linear 

models for microarray data (limma) package in R for microarray data. P values were 

calculated by empirical bayes statistics for differential expression (ebayes) function 

in limma package and followed by Benjamini-Hochberg (BH) FDR-controlling 

method to generate the estimated false discovery rate (FDR). Log2 (fold change) > 

1 or < -1 and FDR< 0.05 were considered as the cut-off value to identify the DEGs. 

The histogram was depicted by ggplot2 in R. The total number of DEGs was 4643 

across all timepoints, which were used for KEGG pathway enrichment analysis 

according to high expression and low expression via the Database for Annotation, 

Visualization and Integrated Discovery (DAVID, http://david.abcc.ncifcrf.gov/) online 

bioinformatic kit [42]. FDR<0.05 were considered as the significant enrichment 

pathways. Subsequently, the heatmap of DEGs in significantly enrichment KEGG 

pathways were depicted by pheatmap package in R. 

 

2.4 Single-cell RNA sequencing analysis in mice 

The single-cell RNA sequencing (scRNA-Seq) data of mouse PDAC progression 

were acquired from a previous report [40]. We obtained the scRNA-Seq dataset of 

GSE125588 from GEO database. Data preprocessing, this part is based on data 

quality control methods, standardization and detection of changed genes to screen 

the data. Calculation of mitochondrial gene proportions Low-quality/dying cells are 

usually contaminated with mitochondria. We used the PercentageFeatureSet 

function to calculate mitochondrial QC and calculate the percentage of mitochondrial 

genes. Low-quality cells were further eliminated based on the number of genes 

identified and mitochondrial genes. After that, we obtained the dataset, which 

contained 3158 cells, including normal mouse pancreas (2 mice, 2354 cells) and 60 

days murine PDAC of p48Cre/+; LSL-KrasG12D/+; Ink4aflox/flox mice (3 mice, 804 cells) based 

the 10× Genomics platform. Next, we performed the LogNormalize methods in the 

Seurat package to normalize the original data, which were underwent dimensional 

reduction via PCA and visualization using t-distributed stochastic neighbor 

embedding (t-SNE) with the Seurat package in R. Cell clusters were discovered via 
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the FindClusters function in Seurat package, based on a graph-based clustering 

method with a resolution of 0.6. Dot plots of candidate gene were depicted with the 

dotplot function and violin diagrams were drawn by VlnPlot function in Seurat 

package [78]. 

 

2.5 Bioinformatic analysis of candidate genes based on human data 

Gene Expression Profiling Interactive Analysis (GEPIA, http://gepia.cancer-pku.cn/) 

is a liberally customized online analysis for processing high-throughput RNA 

sequencing (RNA-Seq) of tumorous and normal bulk samples based on The Cancer 

Genome Atlas (TCGA, https://portal.gdc.cancer.gov/) and the Genotype-Tissue 

Expression (GTEx, https://www.gtexportal.org/) databases, raw data normalization 

in view of transcripts per kilobase million (TPM) [85]. The pancreata atlas 

incorporated 179 pancreatic cancer samples from TCGA database and 248 normal 

pancreata from GTEx database. The GEPIA plug-in of differentially expressional 

analysis was performed to analyze the gene transcriptome profile of PDAC and 

paired normal samples, which could distinguish DEGs between PDAC and normal 

tissues. Tumor Immune Single-cell Hub (TISCH, http://tisch1.comp-genomics.org/) 

is a scRNA-seq database focusing on tumor microenvironment, which provides 

detailed cell-type annotation at the single-cell level, enabling the exploration of TME 

across different cancer types [84]. PAAD_CRA001160 data set was used to further 

verify the expression of hub genes at the single-cell level, which incorporates a total 

of 57,530 cells from 24 primary PDAC samples and 11 control normal pancreata 

[70]. Uniform Manifold Approximation and Projection for Dimension Reduction 

(UMAP) was used for dimensional reduction and visualization of PDAC scRNA-seq 

data [7]. 

 

2.6 Prognostic values of ECM-receptor interaction pathway members in 

PDAC patients 

The prognostic power of ECM-receptor interaction pathway members in PDAC were 

identified based on the TCGA PDAC dataset using Cox analyses, which were 

carried out via Cox Proportional-Hazards (CoxPH) function in R. Based on the 

factors in ECM-receptor interaction pathway, we constructed a genetic risk  score 

http://gepia.cancer-pku.cn/)
https://portal.gdc.cancer.gov/)
https://www.gtexportal.org/)
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model, which was calculate via formula: Risk score = ∑ the multivariable Cox 

regression coefficients × the expression of ECM-receptor interaction pathway 

members. The high- and low-risk categories were defined based on the median of 

all PDAC patients. The Kaplan-Meier curve of overall survival (OS) was generated 

via the R package survminer. The prediction accuracy of the prognostic signature 

was evaluated using the area under curve (AUC) for 1-year, 3-year and 5-year OS 

receiver operating characteristic (ROC) curves [93]. 

 

2.7 Preexisting classification of PDAC subtypes  

Recently, there are some reports about molecular classification of PDAC subtypes. 

Moffitt et al. discovered and verified two PDAC subtypes: the classical subtype and 

the basal-like subtype, which were based on 50 gene markers in previous report 

[60]. Bailey et al. defined four molecular subtypes, which were screened using 

differential gene expression analysis, yielding 370 immunogenic, 1,061 squamous, 

268 pancreatic progenitor and 240 ADEX genes [4, 14]. Collisson et al. classification 

was based on the 62 gene factors in the previous study, which included classical, 

Exocrine-like and Quasi-mesenchymal subtypes [20]. Therefore, based on 

preexisting classification of PDAC, we investigated the differences of risk scores 

among the different molecular subtypes of PDAC patients from TCGA dataset. 

 

2.8 Evaluation of infiltrating immunocytes 

ESTIMATE (Estimation of STromal and Immune cells in MAlignant Tumor tissues 

using Expression data) [103] is a bioinformatic kit for evaluating tumor purity, which 

presents the immune scores (that represents the infiltration of immunocytes in 

tumour bulk) for each TCGA-PDAC sample based on Gene Set Enrichment Analysis 

(GSEA). Thus, based on the immune scores, we explored the infiltration of 

immunocytes under different ECM-receptor risks. 
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2.9 Statistical Analysis 

Data were analyzed and visualized with R packages in R version 3.6.2 software 

(https://www.bioconductor.org/) and Graphpad Prism version 7 

(https://www.graphpad.com/). Correlation analysis was calculated using the 

pearson method using the cor function. DEGs were defined as genes with log2 (fold 

change) > 1 or 1, and false discovery rate (FDR)-adjusted P-values < 0.05. The 

Survival package in R was used for the cox proportional hazards regression model. 

The two-tailed student's T distribution was used to determine how significant the 

difference is between the average of two groups. Chi-square test was performed to 

compare the constituent ratios of two groups. P value <0.05 was considered 

statistically significant. 

 

2.10 Data Availability 

The mouse transcriptome data that support our findings are available from Gene 

Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/), accession number 

GSE65146 and GSE125588. Human sc-RNAseq data were obtained from the 

Genome Sequence Archive (GSA, https://ngdc.cncb.ac.cn/gsa), accession number 

CRA001160. The human sequencing data of bulk PDAC and clinical data of PDAC 

patients are available from the Cancer Genome Atlas (TCGA, 

http://cancergenome.nih.gov/) project and the Genotype-Tissue Expression (GTEx, 

https://www.gtexportal.org/home/) project. 

 

 

 

 

 

 

 

 

https://www.bioconductor.org/
http://cancergenome.nih.gov/
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3 RESULTS 

This study is based on the dynamic transcriptome data of pancreatic carcinogenesis 

in mice, reveals the ECM deposition kinetics of transcriptional expression, and 

verifies the expression of ECM signatures in distinct cell types through single-cell 

RNA-sequencing data from mice and humans’ conditions. Finally, an ECM risk 

model was constructed to evaluate the prognosis of PDAC，which was further 

utilized for analyzing the correlation with the molecular subtype of PDAC. 

 

3.1 Data processing of mice microarray data 

We used our previous microarray data deposited in GEO database (GSE65146). 

The transcriptome data were recorded at different phases of acute pancreatitis and 

early carcinogenesis in wild-type (WT) and KrasG12D mice, respectively. Acute 

pancreatitis was induced by peritoneal injections of caerulein, which was treated 

through 8 hourly intraperitoneal injections on 2 consecutive days (Figure 1). Control 

mice were administered accordingly using 0.9% NaCl solution. Multiple replicates 

were generated for each time point. We obtained the transcriptome data of paired 

samples including 29 KrasG12D and 33 WT mice at nine time points. Data was 

annotated and normalized using GPL6246 platform (Affymetrix Mouse Gene 1.0 ST) 

as provided with the GEOquery package in Bioconductor/R. Genes showing non-

significant expression and without annotation were discarded using the genefilter 

package in R. The remaining dataset of 19467 genes was carried out for further 

analyses. 

 

Figure 1. Cerulein treatment in KrasG12D and wild-type mice. KrasG12D and wild-type mice were 
sacrificed between 3 hours and 14 days after 2 days of consecutive caerulein injections, respectively. 
Abbreviations: G12D: Glycine to aspartic acid at amino acid position 12; Kras: Kirsten Rat Sarcoma 
viral oncogene.  
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3.2 Transcriptome profiles of acute pancreatitis in WT mice and early 

carcinogenesis in KrasG12D mice 

To assess the overall dynamic variations of transcriptome data in the course of 

acute pancreatitis and early carcinogenesis, we carried out unsupervised 

hierarchical clustering analysis based on Pearson’s correlation coefficients (PCCs) 

between the average gene expression levels of pancreatic bulk tissues across all 

samples. Four main clusters can be detected in WT samples; meanwhile, all WT 

samples were clustered according to previously defined distinctive phases of acute 

pancreatitis: acute inflammation, regeneration and refinement (Figure 2A). Principal 

component analysis (PCA) revealed that the three stages underwent a loop (control 

- inflammation - regeneration - refinement - control) in WT mice. (Figure 2B).  The 

histological verifications showed that caerulein induced acute pancreatitis 

undergoing a series of dynamically pathological changes, which can be classified 

as three stages: inflammation (3 to 24 hours), regeneration (36 to 84 hours) and 

refinement (day 7 to 14) in WT mice. In contrast, unsupervised clustering of gene 

expressional profiles from KrasG12D samples formed only one heterogeneous cluster, 

except for those without caerulein treatment (Figure 2A). Furthermore, PCA shown 

the regeneration stage was fail to cease the inflammatory progression, instead, the 

continuous flares contributed to the early carcinogenesis in KrasG12D mice (Figure 

2C). Taken together, acute pancreatitis in WT mice is a self-limited process 

underwent a circle of inflammation - regeneration – refinement - normal. However, 

a persistent/extended inflammatory process was observed in KrasG12D mice. 
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Figure 2. Gene expression profiles of different courses of acute pancreatitis in wild-type and 
KrasG12D mice. (A) Pearson correlation analysis of microarray data from inflammatory bulk pancreata 
at nine timepoints in KrasG12D and WT mice. Homogeneous clusters were based on the unsupervised 
clustering of Pearson’s correlation coefficients, which was defined the corresponding inflammatory 
stages. (B) Principal component analysis plot of WT mice shown a self-healing process via a loop 
pattern. The direction of the arrow represents the progression of acute pancreatitis. (C) PCA plot of 
demonstrated that the repair of inflammation was stuck in KrasG12D mice. Abbreviations: D: day; 
G12D: Glycine to aspartic acid at amino acid position 12; H: hour; Kras: Kirsten Rat Sarcoma viral 
oncogene; PC: Principal component; WT: Wild-type. 

 

 

3.3 KEGG pathway analysis of early pancreatic carcinogenesis   

To compare transcriptional data between KrasG12D and WT at each timepoint, we 

used linear models in limma followed by empirical Bayes test statistics (eBays) to 

identify differentially expressed genes (DEGs).  The total number of DEGs was 4643 

across all timepoints. The transcriptome of WT and KrasG12D at day 7 and 14 showed 

the biggest difference: 3161 and 2831 DEGs were differentially expressed at these 

two timepoints. However, there were only five transcripts differently expressed at 24 

hours after caerulein treatment between WT and KrasG12D mice, implying 

transcriptome of WT and KrasG12D pancreata at acute phase is largely 

indistinguishable. The exact number of differentially expressed genes at each 

timepoint were depicted in (Figure 3A).  

To interrogate the biological significance of these differentially expressed genes, we 

performed the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways 

analysis. Overall, 3341 of up-regulated genes in KrasG12D were used for the analysis, 

and 82 pathways were found to be significant after 36 hours. Among these, “p53 
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signaling pathway” and “ECM-receptor interaction” were mostly frequently altered.  

On day 7 and 14, typical pathways for PDAC and early carcinogenesis such as 

“PI3K-Akt signaling pathway”, “MAPK signaling pathway” “Proteoglycans in cancer” 

and “Pancreatic cancer” were found to enriched in KrasG12D samples, compared to 

WT samples (Figure 3B). Of note, “ECM-receptor interaction” is the only pathway 

that is consistently up-regulated from 36 hours on in KrasG12D mice, underscoring 

the important role of extracellular matrix deposition in early pancreatic 

carcinogenesis. As for the down-regulated genes, pathways involved in regulating 

exocrine function of pancreas such as “Pancreatic secretion”, “Protein digestion and 

absorption”, “Glycine, serine and threonine metabolism”, and “Valine, leucine and 

isoleucine degradation”, suggesting the compromised exocrine function in KrasG12D 

mice compared to fully regenerated exocrine pancreas in WT mice (Figure 3B).  

 

Figure 3.  The variation of transcriptome profiles during dynamic progression of pancreatitis 
between KrasG12D and WT mice. (A) The numbers of differently expressed genes (DEGs) at each 
timepoints between KrasG12D versus WT mice were shown in the histogram. The red bars 
represented up-regulated genes in KrasG12D compared with WT mice, the green bars represented 
down-regulated genes. (B) Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway 
enrichment analysis of up-regulated (above panel) and down-regulated (below panel) genes at each 
timepoints in KrasG12D compared with WT mice. KEGG pathway enrichment analysis of down-
regulated genes at each timepoints in KrasG12D compared with WT mice (below the panel). 
Abbreviations: Akt: Protein kinase B; CAM: Cell adhesion molecule; D: day; DEGs: Differentially 
expressed genes; ECM: Extracellular matrix; FDR: False discovery rate; Fc: Fragment crystallizable; 
G12D: Glycine to aspartic acid at amino acid position 12; H: hour; Kras: Kirsten Rat Sarcoma viral 
oncogene; MAPK: Mitogen-activated protein kinase; PI3K: Phosphatidylinositol 3 kinase; TNF: 
Tumor necrosis factor; WT: Wild-type. 
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3.4 Transcriptional kinetics of ECM-receptor interaction signature during 

pancreatic carcinogenesis in mice bulks 

 

We investigated the dynamic transcriptome of the ECM-receptor interaction 

pathway at the bulk levels to see how it contributes to pancreatic carcinogenesis. 

Figure 4A shows that up-regulated ECM-receptor pathway genes were significantly 

enriched in KrasG12D after 36 hours when compared to WT. In the regeneration stage, 

gene list in the ECM-receptor pathway were discovered with the similar genes at 

each time point, which regarded as “Early ECM”, including cluster of differentiation 

44 Molecule (Cd44), Hyaluronan Mediated Motility Receptor (Hmmr), Integrin 

Subunit Alpha 2 (Itga2), Integrin Subunit Alpha 3 (Itga3), Integrin Subunit Beta 6 

(Itgb6), Laminin Subunit Alpha 3 (Lama3), Laminin Subunit Alpha 5 (Lama5), 

Laminin Subunit Beta 3 (Lamb3), Laminin Subunit Gamma 2 (Lamc2), Nephronectin 

(Npnt), Syndecan 1 (Sdc1), Thrombospondin 1 (Thbs1), Thrombospondin 2 (Thbs2), 

Tenascin C (Tnc). The gene counts of ECM-receptor pathway in the refinement 

stage increased to 26, which was identified as “Late ECM” with the addition of 

Collagen Type I Alpha 1 Chain (Col1a1), Collagen Type I Alpha 2 Chain (Col1a2), 

Collagen Type V Alpha 2 Chain (Col5a2), Fibronectin 1 (Fn1), Integrin Subunit 

Alpha 4 (Itga4), Integrin Subunit Alpha 5 (Itga5), Integrin Subunit Alpha V (Itgav), 

Integrin Subunit Beta 1 (Itgb1), Integrin Subunit Beta  5 (Itgb5), Integrin Subunit Beta 

8 (Itgb8), Syndecan 4 (Sdc4), Secreted Phosphoprotein 1 (Spp1), Thrombospondin 

4 (Thbs4) compared to the regeneration stage (Figure 4B). During distinct stages 

of pancreatitis in WT and KrasG12D mice, 26 genes dynamically involved in the ECM-

receptor interaction pathway, which were up-regulated in KrasG12D relative to WT. 
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Figure 4. Transcriptional profiles of ECM-receptor interaction pathway at each time points of 
pancreatic carcinogenesis. (A) The gene counts and corresponding gene list after 36 hours were 
showcased. (B) Heatmap of genes of “Early ECM” and “Late ECM” in different phases of 
inflammatory pancreata of WT and KrasG12D; voxel color: transcriptional upregulation (red) and 
downregulation (blue) as compared with the mean. Abbreviations: Cd44: Cluster of differentiation 
44 Molecule; Col1a1: Collagen Type I Alpha 1 Chain; Col1a2: Collagen Type I Alpha 2 Chain; Col5a2: 
Collagen Type V Alpha 2 Chain; D: day; DEGs: Differentially expressed genes; ECM: Extracellular 
matrix; Fn1: Fibronectin 1; G12D: Glycine to aspartic acid at amino acid position 12; Hmmr: 
Hyaluronan Mediated Motility Receptor; H: hour; Itga2: Integrin Subunit Alpha 2; Itga3: Integrin 
Subunit Alpha 3; Itga4: Integrin Subunit Alpha 4; Itga5: Integrin Subunit Alpha 5; Itgav: Integrin 
Subunit Alpha V; Itgb1: Integrin Subunit Beta 1; Itgb5: Integrin Subunit Beta 5; Itgb6: Integrin Subunit 
Beta 6; Itgb8: Integrin Subunit Beta 8; Kras: Kirsten Rat Sarcoma viral oncogene; Lama3: Laminin 
Subunit Alpha 3; Lama5: Laminin Subunit Alpha 5; Lamb3: Laminin Subunit Beta 3; Lamc2: Laminin 
Subunit Gamma 2; Npnt: Nephronectin; Sdc1: Syndecan 1; Sdc4: Syndecan 4; Spp1:  Secreted 
Phosphoprotein 1; Thbs1: Thrombospondin 1; Thbs2: Thrombospondin 2; Thbs4: Thrombospondin 
4; Tnc: Tenascin C; WT: Wild-type. 
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3.5 Single-cell transcriptional profiles of ECM-receptor interaction 

candidates in mice 

 

3.5.1 Interpreting cellular heterogeneity of PDAC and normal pancreas in 

mice 

To explore the gene expression patterns of ECM-receptor interaction at various cell 

levels in PDAC and normal pancreas of mice, we analyzed the single-cell RNA 

sequencing (scRNA-Seq) dataset of GSE125588 from GEO database. The dataset 

contained 6682 cells, including normal mouse pancreas (2 mice, 2354 cells); 60 

days p48Cre/+; LSL-KrasG12D/+; Ink4aflox/flox PDAC mice (3 mice, 804 cells) based the 10× 

Genomics platform. To identify separate cell groups in the normal pancreas and 

PDAC samples, we employed data filtering, standardization, and dimensionality 

reduction. We clustered cell types based on the gene expression of well-known 

markers. In a T-distributed stochastic neighbor embedding (t-SNE) map of the 

normal pancreas, acinar cells, islet cells, ductal cells, T cells, B cells, macrophages, 

and three distinct fibroblast populations were described (Figure 5A) and 

representative marker genes for each cell type were shown in violin plots (Figure 

5C). About 1% epithelium and 17% fibroblasts were observed in normal pancreas. 

The t-SNE figure depicted eight populations of cancer cells, fibroblasts, 

macrophages, lymphocytes, and red blood cells in the PDAC murine (Figure 5B) 

and representative marker genes for each cell type were shown in violin plots 

(Figure 5D). We discovered an increasing percentage of cancer cells (31.59%). The 

lack of fibroblast 2, acinar cells, islet cells, and endothelium in PDAC is also 

noteworthy. Furthermore, we uncovered that the population of fibroblasts from the 

normal pancreata and PDAC samples. Representative marker genes for each 

fibroblast subtype were shown in violin plots (Figure 5E). Fibroblast 1 and fibroblast 

2 increased the expression of cytokines and platelet-derived growth factor receptor 

alpha (PDGFRA). MHC-II molecules, myofibroblast and mesothelial markers were 

overexpressed by fibroblast 3. Strikingly, fibroblasts altered in tandem with the 

dynamic transition of normal epithelial cells to cancer cells. 
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Figure 5. Cellular heterogeneity between PDAC and normal pancreas in mice. (A) T-SNE plot 
of the normal pancreas describing 2354 cells comprising 8 distinct cell populations. (B) T-SNE plot 
of the PDAC depicting 804 cells and 7 distinct cell populations. Violin plots of representative gene 
expression for each cell population showcased in the (C) normal pancreas and (D) PDAC. (E) Violin 
plots showing representative marker genes for each fibroblast population. Abbreviations: Acta2: 
Alpha-Actin-2; Adgre1: Adhesion G Protein-Coupled Receptor E1; Amy1: Amylase 1; Amy2a2: 
Amylase 2a2; Ccl2:  CC chemokine ligand 2; Ccl7:  CC chemokine ligand 7;Cd14: Cluster of 
differentiation 14 Molecule; Cd3d: T-Cell Receptor T3 Delta Chain; Cd74: Gamma Chain Of Class II 
Antigens; Cd79b: Immunoglobulin-Associated B29 Protein; Cdh11: Cadherin 11; Col1a1: Collagen 
Type I Alpha 1 Chain; Col1a2: Collagen Type I Alpha 2 Chain; Cxcl12: CXC motif chemokine Ligand 
12 ; Krt18: Keratin 18; H2-Aa: Histocompatibility 2 class II antigen A alpha; Hba-a1: Hemoglobin 
alpha, adult chain 1; Hba-a2: Hemoglobin alpha, adult chain 2; Il6: Interleukin-6; Lrrn4: Leucine rich 
repeat neuronal 4; Msln: Mesothelin; PDAC: Pancreatic Ductal Adenocarcinoma; Pdgfra: Platelet-
derived growth factor receptor alpha; RBC: Red blood cell; Sox9: SRY-Box Transcription Factor 9; t-
SNE: t-distributed stochastic neighbor embedding; Upk3b: Uroplakin 3B. 
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3.5.2 ECM-receptor transcriptional profiles at distinct cell populations in 

mice  

Furthermore, we respectively analyzed the genes of early- and late- ECM in various 

cell types. In normal pancreas, with the exception of up-regulated Thbs1 in 

fibroblasts and Cd44 in macrophages, the remainder of the early ECM genes were 

not significantly expressed (Figure 6A). Notably, the increasing cancer cells formed 

31.59% of total cells in PDAC, which contributed to up-regulate the most of early 

ECM genes. Thbs1 overexpressed in fibroblasts of PDAC as well, besides that, the 

expression of Thbs2 began to increase in PDAC fibroblasts (Figure 6B). Col1a1, 

Col1a2, Col5a2, Fn1, Itga4, Itga5, Itgav, Itgb1, Itgb5, Itgb8, Sdc4, Spp1, and Thbs4 

were added to the late ECM pattern compared to the early ECM pattern. In normal 

pancreas, Col1a1, Col1a2, Col5a2, Fn1, and Sdc4 were overexpressed in 

fibroblasts (Figure 6C). Most late ECM pattern genes, notably members of the 

integrin family (Itga2, Itga3, Itgav, Itgb1, and Itgb6) and laminin family (Lama3, 

Lama5, Lamb3, and Lamc2), were highly up-regulated in cancer cells in PDAC. 

Furthermore, cancer cell groups up-regulated the levels of Cd44, Sdc1, and Spp1. 

Fibroblasts markedly expressed Col1a1, Col1a2, Col5a2, Fn1, and Thbs1 (Figure 

6D). 
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Figure 6. ECM-receptor signature at distinct cell populations in mice. Dot plots describing the 
early or late ECM-receptor signatures in distinct cell populations of the normal pancreas (A, C) and 
PDAC (B, D); voxel color: transcriptional upregulation (red) and downregulation (blue) as compared 
with the mean. Abbreviations: Cd44: Cluster of differentiation 44 Molecule; Col1a1: Collagen Type 
I Alpha 1 Chain; Col1a2: Collagen Type I Alpha 2 Chain; Col5a2: Collagen Type V Alpha 2 Chain; 
D: day; ECM: Extracellular matrix; Fn1: Fibronectin 1; Hmmr: Hyaluronan Mediated Motility Receptor; 
H: hour; Itga2: Integrin Subunit Alpha 2; Itga3: Integrin Subunit Alpha 3; Itga4: Integrin Subunit Alpha 
4; Itga5: Integrin Subunit Alpha 5; Itgav: Integrin Subunit Alpha V; Itgb1: Integrin Subunit Beta 1; 
Itgb5: Integrin Subunit Beta 5; Itgb6: Integrin Subunit Beta 6; Itgb8: Integrin Subunit Beta 8; Lama3: 
Laminin Subunit Alpha 3; Lama5: Laminin Subunit Alpha 5; Lamb3: Laminin Subunit Beta 3; Lamc2: 
Laminin Subunit Gamma 2; Npnt: Nephronectin; PDAC: Pancreatic Ductal Adenocarcinoma; RBC: 
Red blood cell; Sdc1: Syndecan 1; Sdc4: Syndecan 4; Spp1:  Secreted Phosphoprotein 1; Thbs1: 
Thrombospondin 1; Thbs2: Thrombospondin 2; Thbs4: Thrombospondin 4; Tnc: Tenascin C. 
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Taken together, via the analyses of bulk tissue and scRNA-seq data in mice, we 

found that at the early stage of pancreatic cancer, the proportion of epithelial cell 

increased in tandem with decreasing number of acinar cells, which implied the 

acinar-to-ductal metaplasia (ADM) and TME remodeling got involved in pancreatic 

carcinogenesis. Furthermore, the transcriptional pattern of ECM-receptor interaction 

signature in epithelial cells initially intervened in the precursor lesion genesis. 

Subsequently, under the ongoing inflammation, fibroblast-related genes of 

refinement pattern were added to the genesis and microenvironment remodeling of 

PDAC. 

 

3.6 Transcriptional profile of ECM-receptor interaction signature in Human 

PDAC bulk and single-cell samples 

 

3.6.1 Transcriptional profile of ECM-receptor interaction in human PDAC 

To corroborate gene expression profiles of ECM-receptor interaction candidates 

from mice, we analyzed the transcriptome atlas of human pancreata at bulk and 

scRNA-seq level. First, bulk transcriptome atlas from TCGA and GTEx were used 

for investigating the gene expression of the candidates, which were under 

normalization and batch effect elimination via quality control replicates. The 

heatmap depicted the gene expression profiles of ECM-receptor interaction 

pathway between PDAC and normal pancreata (Figure 7). Gene mRNA expression 

level of ECM-receptor interaction factors was analyzed with the GEPIA platform. 

Except for CD44, the remained 25 DEGs (HMMR, ITGA2, ITGA3, ITGB6, LAMA3, 

LAMB3, LAMC2, NPNT, SDC1, THBS1, THBS2, TNC, COL1A1, COL1A2, COL5A2, 

FN1, ITGA4, ITGA5, ITGAV, ITGB1, ITGB5, ITGB8, SDC4, SPP1, THBS4) were 

up-regulated in PDAC compared with normal pancreas tissue (Table 1).  
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Figure 7. Differential gene expression analysis of ECM-receptor interaction signature in 
human PDAC. Heatmap of differentially expressed transcripts belonging to ECM-receptor signature 
between TCGA-PDAC samples and GTEx normal pancreata samples; voxel color: transcriptional up-
regulation (red) and down-regulation (blue) as compared with the mean. Abbreviations: CD44: 
Cluster of differentiation 44 Molecule; COL1A1: Collagen Type I Alpha 1 Chain; COL1A2: Collagen 
Type I Alpha 2 Chain; COL5A2: Collagen Type V Alpha 2 Chain; FN1: Fibronectin 1; GTEx: 
Genotype-Tissue Expression; HMMR: Hyaluronan Mediated Motility Receptor; ITGA2: Integrin 
Subunit Alpha 2; ITGA3: Integrin Subunit Alpha 3; ITGA4: Integrin Subunit Alpha 4; ITGA5: Integrin 
Subunit Alpha 5; ITGAV: Integrin Subunit Alpha V; ITGB1: Integrin Subunit Beta 1; ITGB5: Integrin 
Subunit Beta 5; ITGB6: Integrin Subunit Beta 6; ITGB8: Integrin Subunit Beta 8; LAMA3: Laminin 
Subunit Alpha 3; LAMB3: Laminin Subunit Beta 3; LAMC2: Laminin Subunit Gamma 2; NPNT: 
Nephronectin; PDAC: Pancreatic Ductal Adenocarcinoma; SDC1: Syndecan 1; SDC4: Syndecan 4; 
SPP1:  Secreted Phosphoprotein 1; TCGA: The Cancer Genome Atlas; THBS1: Thrombospondin 1; 
THBS2: Thrombospondin 2; THBS4: Thrombospondin 4; TNC: Tenascin C. 
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Table 1. Differential gene expression analysis of ECM-receptor interaction candidates 

between human PDAC and normal pancreas in GEPIA platform.  Abbreviations: Adj. P-value: 
Adjusted P-value; CD44: Cluster of differentiation 44 Molecule; COL1A1: Collagen Type I Alpha 1 
Chain; COL1A2: Collagen Type I Alpha 2 Chain; COL5A2: Collagen Type V Alpha 2 Chain; ECM: 
Extracellular matrix; FC: Fold change; FN1: Fibronectin 1; GEPIA: Gene Expression Profiling 
Interactive Analysis; HMMR: Hyaluronan Mediated Motility Receptor; ITGA2: Integrin Subunit Alpha 
2; ITGA3: Integrin Subunit Alpha 3; ITGA4: Integrin Subunit Alpha 4; ITGA5: Integrin Subunit Alpha 
5; ITGAV: Integrin Subunit Alpha V; ITGB1: Integrin Subunit Beta 1; ITGB5: Integrin Subunit Beta 5; 
ITGB6: Integrin Subunit Beta 6; ITGB8: Integrin Subunit Beta 8; LAMA3: Laminin Subunit Alpha 3; 
LAMB3: Laminin Subunit Beta 3; LAMC2: Laminin Subunit Gamma 2; NPNT: Nephronectin; PDAC: 
Pancreatic Ductal Adenocarcinoma; SDC1: Syndecan 1; SDC4: Syndecan 4; SPP1:  Secreted 
Phosphoprotein 1; THBS1: Thrombospondin 1; THBS2: Thrombospondin 2; THBS4: 
Thrombospondin 4; TNC: Tenascin C. 

Gene 

Symbol 

Gene ID 

 

Median 

(PDAC) 

Median 

(Normal) 

Log2FC Adj. P-value 

COL1A1 ENSG00000108821.13 1201.648 12.610 6.465 2.17e-111 

COL1A2 ENSG00000164692.17 1166.361 18.250 5.922 5.25e-111 

COL5A2 ENSG00000204262.11 71.610 1.710 4.744 1.55e-108 

FN1 ENSG00000115414.18 978.955 17.230 5.748 1.81e-102 

HMMR ENSG00000072571.19 3.210 0.120 1.910 2.30e-92 

ITGA2 ENSG00000164171.10 16.670 0.380 3.679 1.17e-114 

ITGA3 ENSG00000005884.17 135.082 9.700 3.669 2.32e-101 

ITGA4 ENSG00000115232.13 2.800 0.270 1.581 1.23e-50 

ITGA5 ENSG00000161638.10 57.229 8.360 2.637 5.15e-68 

ITGAV ENSG00000138448.11 39.829 6.470 2.450 1.08e-72 

ITGB1 ENSG00000150093.18 364.986 36.410 3.290 3.15e-100 

ITGB5 ENSG00000082781.11 161.769 11.210 3.737 1.72e-114 

ITGB6 ENSG00000115221.10 50.251 6.590 2.755 2.50e-49 

ITGB8 ENSG00000105855.9 8.170 1.920 1.651 2.44e-47 

LAMA3 ENSG00000053747.15 76.161 1.770 4.800 1.63e-121 

LAMB3 ENSG00000196878.12 172.278 1.130 6.346 4.50e-120 

LAMC2 ENSG00000058085.14 128.684 0.940 6.063 2.13e-118 

NPNT ENSG00000168743.12 35.009 10.690 1.623 1.41e-38 

SDC1 ENSG00000115884.10 144.567 5.410 4.505 6.92e-113 

SDC4 ENSG00000124145.6 194.819 26.870 2.813 1.96e-74 

SPP1 ENSG00000118785.13 540.218 62.439 3.093 2.35e-30 

THBS1 ENSG00000137801.10 87.111 12.010 2.760 2.46e-38 

THBS2 ENSG00000186340.14 91.512 1.610 5.147 1.08e-102 

THBS4 ENSG00000113296.14 38.869 6.370 2.436 1.03e-42 

TNC ENSG00000041982.14 17.869 0.620 3.542 5.89e-76 
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3.6.2 Single cell analysis of ECM-receptor signature in human PDAC  

Next, we analyzed transcriptional profile of ECM-receptor interaction in the 

PAAD_CRA001160 scRNA-Seq data of PDAC patients from TISCH platform [84], 

which contained a total of 57,530 cells from 24 primary PDAC samples and 11 

control normal pancreata. In a Uniform Manifold Approximation and Projection for 

Dimension Reduction (UMAP) map of the PDAC and normal control pancreata, 

twelve cell populations were depicted including ductal cells, cancer cells, fibroblasts, 

acinar cells, endocrine cells, endothelial cells, macrophages, stellate cells, B cells, 

T cells, dendritic cells, and plasma cells (Figure 8A). Strikingly, members of the 

integrin family (ITGA2, ITGA3, ITGB5, ITGB6, and ITGB8), laminin family (LAMA3, 

LAMA5, LAMB3, and LAMC2), and syndecan family (SDC1 and SDC4) were highly 

up-regulated in cancer cells in PDAC patients (Figure 8B). Moreover, Collagen 

family (COL1A1, COL1A2, COL5A2), Fibronectin (FN1), and thrombospondin family 

(THBS1, THBS2) were mainly overexpressed in fibroblasts and stellate cells 

(Figure 8B).  

In summary, gene expression profiles of ECM-receptor interaction were upregulated 

in PDAC patient samples compared with normal pancreata, which were mainly 

overexpressed by fibroblasts and epithelium populations. 
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Figure 8. Cellular heterogeneity between in human PDAC and normal pancreas. (A) T-
distributed stochastic neighbor embedding plot of the PDAC and normal pancreas describing 57,530 
cells comprising 12 distinct cell populations. (B) ECM-receptor interaction gene expressions are 
showcased in violin plots of each cell population. Abbreviations: B: B cell; CD44: Cluster of 
differentiation 44 Molecule; CD8Tex: Exhausted CD8 T cell; COL1A1: Collagen Type I Alpha 1 
Chain; COL1A2: Collagen Type I Alpha 2 Chain; COL5A2: Collagen Type V Alpha 2 Chain; DC: 
Dendritic cell; ECM: Extracellular matrix; FN1: Fibronectin 1; HMMR: Hyaluronan Mediated Motility 
Receptor; ITGA2: Integrin Subunit Alpha 2; ITGA3: Integrin Subunit Alpha 3; ITGA4: Integrin Subunit 
Alpha 4; ITGA5: Integrin Subunit Alpha 5; ITGAV: Integrin Subunit Alpha V; ITGB1: Integrin Subunit 
Beta 1; ITGB5: Integrin Subunit Beta 5; ITGB6: Integrin Subunit Beta 6; ITGB8: Integrin Subunit Beta 
8; LAMA3: Laminin Subunit Alpha 3; LAMB3: Laminin Subunit Beta 3; LAMC2: Laminin Subunit 
Gamma 2; Macro: Macrophage; Mono: Monocyte; NPNT: Nephronectin; PDAC: Pancreatic Ductal 
Adenocarcinoma; SDC1: Syndecan 1; SDC4: Syndecan 4; SPP1:  Secreted Phosphoprotein 1; 
THBS1: Thrombospondin 1; THBS2: Thrombospondin 2; THBS4: Thrombospondin 4; TNC: 
Tenascin C. Figure 8A and 8B were obtained from Tumor Immune Single-cell Hub (TISCH, 
http://tisch1.comp-genomics.org/) with permission for use. The detail source URL of figure 8: 
http://tisch1.comp-genomics.org/gallery/?cancer=PAAD&celltype=&species= (01-07-2021). 

 

http://tisch1.comp-genomics.org/
http://tisch1.comp-genomics.org/gallery/?cancer=PAAD&celltype=&species=
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3.7 Risk-score model construction of ECM-receptor interaction signature  

In order to validate the correlation between the expression of ECM-receptor 

interaction signature patients and the survival of PDAC patients, we performed 

univariate Cox regression analysis, and constructed a risk-score model based on 

multivariate Cox regression coefficients. 

 

3.7.1 Risk-score model of early ECM for PDAC patients 

First, regeneration pattern genes were investigated via univariate cox regression, 

which demonstrated 11 in 14 genes associated with overall survival (OS) of PDAC 

patients (Figure 9A). Moreover, a prognostic risk score model was constructed 

based on multivariate Cox regression coefficients of early ECM pattern (Figure 9B).  

Risk score of early ECM pattern = 0.187 × CD44 expression + 0.361 × HMMR 

expression - 0.135 × ITGA2 expression + 0.158 × ITGA3 expression + 0.276 × 

ITGB6 expression + 0.159 × LAMA3 expression - 0.197 × LAMA5 expression - 0.113 

× LAMB3 expression - 0.001 × LAMC2 expression - 0.129 × NPNT expression + 

0.071 × SDC1 expression + 0.115 × THBS1 expression - 0.060 × THBS2 expression 

- 0.140 × TNC expression. The PDAC patients in TCGA database were divided into 

low-risk group and high-risk group based on the median of the risk score cohort. 

Overall survival analysis shown that PDAC patients with low-risk score of early ECM 

pattern survived significantly longer than those with high-risk score of early ECM 

pattern (N high-risk = 89 vs N 
low-risk = 88; median survival: 15.9 vs 50.1 months, log-

rank test: P < 0.0001) (Figure 9C). The AUC value of the risk-score power for 

predicting 1-, 3- and 5-year prognosis based on ROC curve was 0.729, 0.727 and 

0.730, respectively (Figure 9D).  
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Figure 9. Construction of a prognostic model for PDAC patients based on early ECM 
signatures. (A) Univariate Cox regression analysis of early ECM pattern gene expressions. (B) 
Multivariate Cox regression analysis of early ECM pattern gene expressions. (C) Kaplan–Meier 
survival curves graphing the overall survival disparity between high- and low-risk groups of early 
ECM pattern risk-score model for PDAC patients, (N high-risk = 89 vs N 

low-risk = 88; median survival: 
15.9 vs 50.1 months, log-rank test: P < 0.0001). (D) ROC curve showing the early ECM signature for 
1-, 3- and 5-year OS prediction of PDAC patients. Abbreviations: AUC: Area Under Curve; CD44: 
Cluster of differentiation 44 Molecule; CI: Confidence interval; ECM: Extracellular matrix; HMMR: 
Hyaluronan Mediated Motility Receptor; HR: Hazard ratio; ITGA2: Integrin Subunit Alpha 2; ITGA3: 
Integrin Subunit Alpha 3; ITGB6: Integrin Subunit Beta 6; LAMA3: Laminin Subunit Alpha 3; LAMA5: 
Laminin Subunit Alpha 5; LAMB3: Laminin Subunit Beta 3; LAMC2: Laminin Subunit Gamma 2; 
NPNT: Nephronectin; PDAC: Pancreatic Ductal Adenocarcinoma; ROC: Receiver operating 
characteristic; SDC1: Syndecan 1;  THBS1: Thrombospondin 1; THBS2: Thrombospondin 2; TNC: 
Tenascin C. 
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3.7.2 Risk-score model of late ECM for PDAC patients 

Next，late ECM pattern genes were analyzed by univariate cox regression, which 

demonstrated 22 in 26 genes associated with OS of PDAC patients (Figure 10A). 

A prognostic risk score model of late ECM was constructed as before (Figure 10B). 

Risk score of late ECM pattern = 0.202 × CD44 expression - 0.916 × COL1A1 

expression+ 1.000 × COL1A2 expression + 0.296 × COL5A2 expression - 0.074 × 

FN1 expression + 0.498 × HMMR expression - 0.089 × ITGA2 expression + 0.003 

× ITGA3 expression - 0.389 × ITGA4 expression - 0.157 × ITGA5 expression + 0.164 

× ITGAV expression - 0.242 × ITGB1 expression + 0.263 × ITGB5 expression + 

0.190 × ITGB6 expression + 0.023 × ITGB8 expression + 0.254 × LAMA3 

expression + 0.010 × LAMB3 expression + 0.007 × LAMC2 expression - 0.174 × 

NPNT expression + 0.022 × SDC1 expression - 0.403 × SDC4 expression + 0.212 

× SDC1 expression + 0.234 × THBS1 expression - 0.317 × THBS2 expression + 

0.0.008 × THBS1 expression - 0.127 × TNC expression. Overall survival analysis 

demonstrated that a significantly poor prognosis for PDAC patients with high-risk 

score of late ECM pattern (N high-risk = 89 vs N low-risk = 88; median survival: 16.2 vs 

44.4 months, log-rank test: P < 0.0001) (Figure 10C). Of note, the AUC outcomes 

of ECM-receptor interaction pattern shown that late ECM more powerful for 

predicting the prognosis than early ECM according to the different follow-up time 

(refinement vs regeneration; 1 year: 0.768 vs 0.729, 3 years:0.770 vs 0.727, 5 years: 

0.765 vs 0.730) (Figure 10D). 

Taken together, our results demonstrated that ECM-receptor interaction patterns 

were significantly poor prognostic signatures for PDAC, among that, the late ECM 

risk-score model was an optimal hallmark for PDAC prognosis prediction.  
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Figure 10. Construction of a prognostic model based on late ECM signatures for PDAC 
patients. (A) Univariate Cox regression analysis of late ECM pattern gene expressions. (B) 
Multivariate Cox regression analysis of late ECM pattern gene expressions. (C) Kaplan–Meier 
survival curves graphing the overall survival disparity between high- and low-risk groups of late ECM 
pattern risk-score model for PDAC patients, (N high-risk = 89 vs N low-risk = 88; median survival: 16.2 vs 
44.4 months, log-rank test: P < 0.0001). (D) ROC curve showing the late ECM signature for 1-, 3- 
and 5-year OS prediction of PDAC patients. Abbreviations: AUC: Area Under Curve; CD44: Cluster 
of differentiation 44 Molecule; CI: Confidence interval; COL1A1: Collagen Type I Alpha 1 Chain; 
COL1A2: Collagen Type I Alpha 2 Chain; COL5A2: Collagen Type V Alpha 2 Chain; ECM: 
Extracellular matrix; FN1: Fibronectin 1;  HR: Hazard ratio; HMMR: Hyaluronan Mediated Motility 
Receptor; ITGA2: Integrin Subunit Alpha 2; ITGA3: Integrin Subunit Alpha 3; ITGA4: Integrin Subunit 
Alpha 4; ITGA5: Integrin Subunit Alpha 5; ITGAV: Integrin Subunit Alpha V; ITGB1: Integrin Subunit 
Beta 1; ITGB5: Integrin Subunit Beta 5; ITGB6: Integrin Subunit Beta 6; ITGB8: Integrin Subunit Beta 
8; LAMA3: Laminin Subunit Alpha 3; LAMB3: Laminin Subunit Beta 3; LAMC2: Laminin Subunit 
Gamma 2; NPNT: Nephronectin; PDAC: Pancreatic Ductal Adenocarcinoma; ROC: Receiver 
operating characteristic; SDC1: Syndecan 1; SDC4: Syndecan 4; SPP1:  Secreted Phosphoprotein 
1; THBS1: Thrombospondin 1; THBS2: Thrombospondin 2; THBS4: Thrombospondin 4; TNC: 
Tenascin C. 
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3.8 Correlation between ECM-receptor interaction signature and preexisting 

PDAC molecular subtypes  

ECM is a characteristic component of the TME of pancreatic cancer. The ECM-

receptor interaction signature found in our study has a powerful value for 

assessment of PDAC prognosis. Previous transcriptome studies have performed 

molecular classification of PDAC, and have identified the prognosis of PDAC 

patients with their respective classifications. We here speculate that the ECM-

receptor interaction signature is related to certain preexisting molecular subtypes of 

human PDAC. 

 

3.8.1 Transcriptional profiles of ECM-receptor interaction signature across 

distinct molecular subtypes of PDAC 

In recent years, there are some reports about molecular classification of PDAC 

subtypes. To investigate whether ECM-receptor interaction signature would underlie 

the diversities between preexisting molecular subtypes, we determined the PDAC 

subtypes for each sample from the TCGA dataset based on previous markers of 

each subtype and explored their molecular phenotypes with the degree of late ECM 

risk-score. Expression levels of late ECM genes across the molecular subtypes and 

corresponding risk-score are visualized (Figure 11). 
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Figure 11. Late ECM gene expressions of TCGA-PDAC patients among different molecular 
classification. Heatmap of late ECM gene transcriptional profiles across distinct molecular subtypes 
and corresponding risk-score; voxel color: transcriptional upregulation (red) and downregulation 
(blue) as compared with the mean. Abbreviations: ADEX: Aberrantly differentiated endocrine 
exocrine; CD44: Cluster of differentiation 44 Molecule; COL1A1: Collagen Type I Alpha 1 Chain; 
COL1A2: Collagen Type I Alpha 2 Chain; COL5A2: Collagen Type V Alpha 2 Chain; ECM: 
Extracellular matrix; FN1: Fibronectin 1; HMMR: Hyaluronan Mediated Motility Receptor; ITGA2: 
Integrin Subunit Alpha 2; ITGA3: Integrin Subunit Alpha 3; ITGA4: Integrin Subunit Alpha 4; ITGA5: 
Integrin Subunit Alpha 5; ITGAV: Integrin Subunit Alpha V; ITGB1: Integrin Subunit Beta 1; ITGB5: 
Integrin Subunit Beta 5; ITGB6: Integrin Subunit Beta 6; ITGB8: Integrin Subunit Beta 8; LAMA3: 
Laminin Subunit Alpha 3; LAMB3: Laminin Subunit Beta 3; LAMC2: Laminin Subunit Gamma 2; 
NPNT: Nephronectin; PDAC: Pancreatic Ductal Adenocarcinoma; SDC1: Syndecan 1; SDC4: 
Syndecan 4; SPP1:  Secreted Phosphoprotein 1; TCGA: The Cancer Genome Atlas; THBS1: 
Thrombospondin 1; THBS2: Thrombospondin 2; THBS4: Thrombospondin 4; TNC: Tenascin C. 
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3.8.2 Risk-score of late ECM correlated with distinct PDAC subtypes 

We began with the two molecular subtype classification schemes: classical subtype 

and basal-like subtype, which were based on 50 gene markers in previous Moffitt et 

al. report. The risk-score of late ECM was significantly higher in basal-like tumors 

from TCGA database than that in classical ones (Figure 12A, D). Next, the late 

ECM risk-score were investigated in the squamous, immunogenic, pancreatic 

progenitor, and ADEX designations identified by Bailey et al. Among these four 

subtypes, the squamous subtype held a significantly high risk-score of late ECM, in 

contrast, the lowest risk-score was observed in the immunogenic subtype with 

statistical significance (Figure 12B, E). Furthermore, we compared the late ECM 

risk-score in the PDAC patient cohort of TCGA using another classification scheme:  

classical, exocrine-like, and quasi-mesenchymal subtypes based on the 62 gene 

factors in previous Collisson et al. study. We observed that there is no meaningful 

difference in risk-scores between the three subtypes (Figure 12 C, F).  

All in all, through analyzing the risk-score of ECM-receptor interaction signature 

across diverse molecular subtypes in PDAC patient cohort, we identified that high 

risk-score corresponded to basal-like subtype in Moffitt classification and squamous 

subtype in Bailey classification, and low risk-score specific to the immunogenic 

subtype of Bailey classification. 
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Figure 12. ECM-receptor signature labels an aggressive subtype of PDAC, but negatively 
select immunogenic subtype. (A-C) Box plot based on the student t-test shown the difference of 
the risk-score in TCGA-PDAC samples across various preexisting molecular subtypes. (D-F) 
Stacked histograms based on the chi-square test demonstrate the distinct composition ratio of high-
/low- risk across different PDAC subtypes; *: P < 0.05. Abbreviations: ADEX: Aberrantly 
differentiated endocrine exocrine; ECM: Extracellular matrix; PDAC: Pancreatic Ductal 
Adenocarcinoma; Q-M: Quasi-mesenchymal; ns: Not significant. 
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3.9 Evaluation of infiltrating immunocytes 

 

In order to further verify the correlation between the risk-score of ECM and the 

degree of immune cell infiltration in pancreatic cancer tissue， the ESTIMATE 

(Estimation of STromal and Immune cells in MAlignant Tumor tissues using 

Expression data) [103] tool was used，which presents immune score of each 

TCGA-PDAC sample. We reconfirmed that patients with low risk-scores of ECM-

receptor signature indeed had high immune cells infiltration scores (Figure. 13A, B). 

 

 

 

Figure 13. Risk-score of ECM-receptor signature positively correlated with immunocyte 
infiltration. Box plot (A) and corresponding stacked histogram (B) demonstrate the correlation 
between risk-score of ECM-receptor signature and immune cells infiltration score; student t-test and 
chi-square were used; *: P < 0.05. Abbreviations: ECM: Extracellular matrix. 
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4 DISCUSSION  

 

Pancreatic ductal adenocarcinoma (PDAC) is a histopathologically defined tumour 

entity with extreme heterogeneity; on clinical, histological, and genetic levels. 

Abundant desmoplastic stroma is the prominent feature of PDAC, which mainly 

consists of cancer-associated fibroblasts (CAF), extracellular matrix (ECM) and 

immune cells [104]. Previously, we demonstrated that aberrant activation of CAFs 

and ECM deposition occurs in the early stage of PDAC tumorigenesis [49]. However, 

it remains unclear whether this early deposition of ECM also contributes to 

molecular subtype specification in overt PDAC. 

 

4.1 Gradations of transcriptional profiles dynamically contribute to 

pancreatic carcinogenesis 

Recurrent acute pancreatitis (AP) result in a necrosis-fibrosis loop that leads to 

chronic pancreatitis (CP), which is characterized by gradually and potentially 

permanent pancreatic damage [97]. Some acinar cells disappeared due to 

pancreatic necrosis [8]; however, part of acinar cells suffer acinar-to-ductal 

metaplasia (ADM) [82]. The robust Ras activity produced by overexpression of 

oncogenic KRAS is sufficient to promote CP and ADM [46, 110], and part of these 

metaplastic precursors can develop into pancreatic intraepithelial neoplasia (PanIN) 

lesions [36]. Previous transcriptional analysis describes complex dynamics of 

KrasG12D-driven pancreatic carcinogenesis, which include a series of stages 

characterized by distinct inflammation situation [49].  

In our study, we further deeply mining the gene expression data of multi-stages 

pancreatic carcinogenesis. As previously illustrated [49], caerulein induced a mild 

form of acute pancreatitis in WT mice, which is a self-limited process, following 

sequential order of acute inflammation (3-24 hours), regeneration (36-84 hours) and 

refinement. In KrasG12D mice challenged with pancreatitis, there was an extended 

inflammatory response, and typical histological findings of early neoplastic 

transformation such as (ADM) and PanIN lesions with surrounding desmoplastic 

reaction steadily appeared within two weeks. A major characteristic of the intricate 
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kinetics in the inchoative stage of pancreatic carcinogenesis is the absence of 

progenitor-like and/or acinar cells proliferation, which somehow restrains the tissue 

reconstruction of inflammatory injury [49]. 

We identified the progressively transcriptional variation based on a pairwise 

comparison between KrasG12D and WT pancreata at each time point. Notably, with 

the passage of time, the number of differential expression genes (DEGs) gradually 

increased and reached the peak in the regeneration stage; at this point, the 

inflammation of the WT mice subsided, while the mice driven by KRAS oncogene 

were formed in the early stage of PDAC. Gene set enrichment analysis (GSEA) from 

the Kyoto Encyclopedia of Genes and Genomes (KEGG) database indicated that 

several putative pathways involved in PD AC development such as “p53 signaling 

pathway”, “ECM-receptor interaction”, “PI3K-Akt signaling pathway”, “MAPK 

signaling pathway” and “Pancreatic cancer” were specifically enriched in KrasG12D 

pancreata. Strikingly, “p53 signaling pathway” was transiently blocked at 84 hours, 

which is regulated by Agr2 that alleviates transcriptional activity and disturbs ATR 

serine/threonine kinase (ATR)-dependent p53 activation in ADM [108]. “Regulation 

of actin cytoskeleton pathway” was up-regulated in KrasG12D precursor lesion. F-

actin involved cytoskeletal reconstruction[110], which promoted ADM formation[37, 

98]. In addition, inflammatory pathways were overexpressed at the phase of 

pancreatic carcinogenesis, such as “Cytokine-cytokine receptor interaction”, 

“Chemokine signal pathway” and “TNF signaling pathway”. Chemokine ligand-

receptor expressions involve in the direct migration of activated pancreatic stellate 

cells and / or mesenchymal cells into the flaring pancreatitis and PDAC 

microenvironment [75]. Of note, “ECM-receptor interaction” is the only pathway 

enriched in KrasG12D pancreata across various time points, underscoring the 

importance of ECM deposition in early neoplastic transformation, which is shown to 

correlate with overall survival in PDAC patients [39]. In contrast, the pathways 

regulating the pancreatic exocrine function such as “Protein digestion and 

absorption” and “Pancreatic secretion” were depleted. 

Here, through the dynamically temporal transcriptional analysis, we depicted the 

various signal pathway that contribute to a full knowledge of the mechanisms of 
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pancreatic carcinogenesis and help to figure out the heterogeneity of distinct PDAC 

subtypes.  

 

4.2 ECM-receptor interaction in PDAC development 

Desmoplasia, characterized by an abundance of fibroblasts and the deposition of 

ECM that fills the majority of the tumor mass, is a characteristic of PDAC histology 

[1-3, 9]. As mentioned above, “ECM-receptor interaction” is the earliest and only 

pathway enriched across pancreatitis to pancreatic carcinogenesis in KrasG12D 

mouse, thus, we further explored the detail transcriptional pattern of ECM-receptor 

interaction along with the development of PDAC. 

We found that 26 transcripts in “ECM-receptor interaction” were up-regulated in 

KrasG12D pancreata, compared to WT pancreata. Based on the similarity of these 

transcripts among different stage of pancreatic carcinogenesis, we identified two 

distinctive subgroups. The first subgroup contains 14 ECM-receptor transcripts that 

were differentially expressed relatively early between 36- and 84- hours post 

caerulein treatment (early ECMs). The second subgroup consists of 26 transcripts 

detected late at 7- and 14-day time points (late ECMs). It is unclear which cell type 

contributes to this early and late ECM deposition in overt PDAC. To this end, we 

analyzed the single-cell RNA sequencing dataset of murine PDAC derived from 

p48Cre/+; LSL-KrasG12D/+; Ink4aflox/flox mice [40]. We found the early ECMs were 

predominantly deposited by cancer cells, while the late ECMs were mainly produced 

by cancer cells, CAFs, and macrophages. The scRNA-Seq data of human PDAC 

further reveals cancer cells, CAFs/pancreatic stellate cells, and macrophages 

collectively contribute to this ECM-receptor signature. This finding reveals a 

dynamic evolution of ECM-receptor, which shifts from cancer cells only to diverse 

sources of ECM-receptor production at the premalignant stage of PDAC. The 

evolution mode further testifies that neoplastic cells may serve as the “organizer” 

role, which define their surrounding stroma via an active communication with CAFs 

and immune cells [55]. 

Desmoplasia and increased expression of ECM included hyaluronic acid and 

collagens have been seen in both primary and metastatic locations of human PDAC 

[95]. In addition, the significance of the tumor epithelium in producing a significant 
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desmoplastic stroma at secondary organ sites has been emphasized by genetically 

engineered mice models (GEMM) driven by different oncogenic mutations [112]. 

These findings support the notion that an early neoplastic epithelium driven 

desmoplastic response is necessary in PDAC genesis, implying that therapeutic 

targeting of ECM components might be a viable approach in PDAC. Integrins family 

is a series of transmembrane receptors present on cancer cells that regulate the 

interactions with ECM components to influence cancer cell biological hallmarks such 

as proliferative activity, migration, invasion and adhesion [23]. Cancer stem cells 

retained their endothelial-like gene signatures with increasing collagen I in the 

laminin-rich ECM considered as an early tumor microenvironment [10]. 

As pancreatic carcinogenesis progresses, cancerous epithelium stimulate CAFs to 

upregulate the production of collagen family proteins and fibronectin in a paracrine 

way, resulting in a desmoplastic response within the tumor stroma milieu [3]. 

Specifically, collagens I, III, and IV are the major structural proteins composing 

PDAC ECM [56]. Our finding also demonstrated the late ECM candidates were 

mainly produced by cancer cells, CAFs, and macrophages in the late stage of 

pancreatic carcinogenesis and overt PDAC. PI3K (phosphoinositide 3-kinase) has 

been reported to stimulate AKT (protein kinase B) signaling, which enhances 

glucose uptake and glycolysis and involves into cancer cell invasiveness [28, 31, 

54]. In addition, PI3K is an intermediate between integrin β1 and AKT[41], which 

implies that cytoskeletal remodeling and glycolysis could be govern by mechanical 

ways through integrins [101]. Integrins' sensitivity to mechanical stresses allows for 

spatiotemporal regulation of metabolism during dynamic complex 

microenvironments [27, 74], which is regarded as bidirectional cues creating a 

crosstalk between the cancer cells and TME [105]. The β1 integrin family, in 

particular, plays an important role in modulating cancer cell interactions with ECM 

components such as collagen I, IV, and fibronectin; the deletion of β1 integrin in 

human PDAC cell lines resulted in reduced tumor volume and the avoidance of 

metastasis [34]. Furthermore, CAFs first built the ECM infrastructure by depositing 

fibronectin, which was then followed by the selective interaction of collagen I with 

flabby fibronectin, which restricted the elongation and unfolding of fibronectin, 

resulting in collagen superseding fibronectin [51, 91]. 
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β1 integrin subfamily, which includes α3β1, α5β1, α11β1 and αvβ1 that regarded as 

candidates on CAFs to play β1 integrin function [106]. The integrin β1 subunit (CD29) 

is found on all nucleated cells and is held by 12 distinct integrin heterodimers [5]. 

The soluble tyrosine kinase FAK and the autophosphorylation FAK tyrosine residue 

Y397, as the downstream targets of β1 integrin, which serves as a general hallmark 

of active 1 integrin signaling, are downstream targets of β1 integrin signaling [53]. 

In CAFs, α3β1 integrin subunit (CD49c) was originally identified as being involved 

in cancer cell migration in an artificial matrix consisting of laminin-1 and collagen I 

[32], which later been proved to bind laminin-5 in CAFs of PDAC and promote 

cancer cell migration [16]. Integrin α5β1 is required in fibronectin assembly in CAFs 

[94], which facilitates pancreatic cancer cell migration based on the synergy with 

integrin α3β1 [29]. The interactions of laminin and fibronectin with cancer cell 

integrin receptors cause insulin-like growth factor receptor-1 transactive, which 

prolong the survival of pancreatic cancer cells [25, 26, 88, 89].  

Through the multiple analysis of the transcriptome in the occurrence and 

development of pancreatic cancer, we have clarified a vital evolution of desmoplasia 

that ECM-related signatures undergo a dynamic evolution, which triggered by cancer 

cell, and later diverse sources engaging ECM-receptor production at the premalignant stage 

of PDAC. 

 

4.3 ECM as a prognostic and targetable signature of PDAC patients 

In clinical translation, we constructed a risk-score model of ECM-receptor interaction 

signature based on each transcript's multivariate Cox regression coefficient, 

calculated from its expression level in the TCGA dataset. Indeed, our risk-score 

model can predict PDAC prognosis. PDAC patients with high risk-scores of ECM-

receptor interaction signature had shorter overall survival compared to the ones with 

low risk-scores. 

ECM deposition, a dynamic progress, produced by PSCs/CAFs and cancer cells in 

PDAC does not always correspond to stromal activity [104]. Certain individual ECM 

factors have been demonstrated to associate with the survival of PDAC patients [95]. 

In patients with primary PDAC, for example, those with higher stromal hyaluronic 
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acid staining had a median overall survival of 9.3 months compared to 24.3 months 

in those with low hyaluronic acid expression [95]. Collagens are functionally active 

ingredients of the tumor stroma, not only structural scaffolding since they influence 

cancer cells survival, proliferation, and metastasis [66]. PDAC patients with higher 

type I collagen levels showed a significantly poorer prognosis (median overall 

survival: 6.4 months) compared with low-level ones (median overall survival: 14.6 

months) [95]. However, when total collagen was analyzed as a correlation with 

PDAC prognosis, no significant outcome was found, suggesting the limitation in 

using the pan-collagen approach to histological analysis in PDAC samples [39]. 

TME of PDAC have a dense stroma that comprises a slew of non-malignant cell 

types that alleviate responsiveness to chemo- or immuno- therapy, which involve in 

tumor-stroma reciprocal action [45, 71, 104]. Genetic alterations of epithelium in 

PDAC contribute to remodeling collagen architecture and tissue tension [39]. Higher 

degrees of stroma tension, as well as collagen fibers extent adjacent to cancer 

lesions, were observed more frequently in poorly differentiated PDACs (SMAD4 

deleted) than in well-differentiated PDACs, which sourced an independent PDAC 

patient cohort [64]. In a preclinical research, stromal collagen bulks were thicker in 

the KTC (KrasLSL-G12D/+;Tgfbr2flox/flox;Ptf1aCre/+) GEMM than in the KPC 

mouse, and the increased fibrosis and tissue tension were associated with 

enhanced β1 integrin and STAT3 (Signal Transducer and Activator of Transcription 

3) signaling in cancerous epithelium [52]. A rich fibrotic stroma correlates with an 

unfavorable response to chemotherapy and/or neoadjuvant treatment with 5-

fluorouracil or gemcitabine in PDAC patients [69, 71]. One mechanism of fibrosis-

related chemoresistance in PDAC is hyaluronan secretion by CAFs, which causes 

high interstitial density inside the bulk, causing the shrinking or collapse of nutrient 

vessels of the tumor mass and blocking up drug delivery [24]. Nevertheless, as 

mentioned above, ECM provides a protective barrier for pancreatic cancer cells; 

besides that, ECM remodeling in primary lesion allows pancreatic cancer cells to 

break through the so-called barrier kinetically, which in turn causes metastasis to 

occur. Tissue stiffness changes during tumor development is partly due to 

changeable inter-crosslinking and density of the dynamic cancer-associated ECM 

[57], these variation of physical factors intervene cancer migration and progression. 

In a breast cancer study, metastatic MDA-MB-231 cancer cells planted on top of 
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collagen gels enhanced glycolysis by adhesion-mediated contractility with increased 

collagen density and MCF10A non-tumorigenic breast cells showed lower collagen 

density [58], which indicate that carcinogenicity impacts the metabolic response to 

tissue physical cues. Strikingly, increasing leader cell turnover was seen in ex-vivo 

organoid invasion to offset for the increased energy requirements for invasion with 

higher matrix density [107]. While the mechanism regulating the correlation between 

matrix density and metabolism factor is not well understood, it is likely mediated 

partly via integrin engagement [105]. 

Recently, numerous studies have shown that the complex interplay between CAFs 

and their surroundings might impact tumor development and targeting CAF/PSC-

derived ECM has been investigated to uncover cancer cells from their advantageous 

niche [71, 104]. There are two of the most therapeutically investigated stromal 

targeting methods in PDAC include hedgehog (Hh) signaling and hyaluronic acid 

(HA) [71]. The Hh pathway induces ECM remodeling in solid tumors and facilitates 

interaction between CAFs and cancer cells [17, 67]. Pegvorhyaluronidase alfa 

(PEGPH20), an enzyme that decreases HA, was shown in clinical studies to 

enhance progression-free survival (PFS) in some patients with high HA-expressing 

PDAC tumors when combined with standard treatment [38]. In the KTC GEMM, 

small-molecule STAT3 inhibition coupled with gemcitabine treatment resulted in 

favorable survival and lower tumor sizes than gemcitabine monotherapy [64]. This 

therapy did not cause stromal collagen depletion, instead of tumor stroma 

remodeling, which enhanced in vivo gemcitabine tumor delivery, probably via 

reducing stromal tension [64]. Since several metabolic pathways are spatially 

stress-responsive, inhibitors of cell responsiveness to matrix mechanics have been 

demonstrated to decrease metabolism and migration [105]. Y-27632, a Rho 

associated coiled-coil forming protein kinase (ROCK) inhibitor, was utilized to target 

mechanosensitive metabolic response to changes in 2D matrix thickness [58]. 

Comprehending the metabolic pathways along with the changing mechanical 

signals opens up the possibility of using mechanomedicine to target aberrant ECM 

by interfering with the cellular response to TME mechanics [105]. In the context of 

immunotherapy, Durvalumab in several clinical trials of advanced, unresectable 

solid tumors including PDAC have shown favorable outcome [99] However, to a 

certain extent the highly immunosuppressive milieu of PDAC inhibits the efficacy of 
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immunotherapy [11, 43, 76]. Since that inactivated PSCs/CAFs may increase T cells 

infiltration, a strategy of anti-PSCs/CAFs or anti-stroma therapy could increase the 

benefits of immunotherapy in PDAC patients [104]. 

Taken together, ECM undergoes dynamic changes during the occurrence and 

development of PDAC, which has an important impact on the TME heterogeneity 

and plays a vital role in guiding the treatment and prognosis of PDAC patients. 

 

4.4 ECM signature indicating specific molecular subtype in PDAC. 

Transcriptomics is widely used for exploring the molecular subtypes of PDAC. In our 

study, we firstly demonstrated that ECM-receptor signature underlies the diversities 

between preexisting molecular subtypes of PDAC. The molecular subtypes were 

determined with known molecular classifiers in the TCGA dataset and correlated to 

the corresponding risk-score of ECM-receptor signature.  

In Moffitt’s classification, the risk-score of basal-like subtype was significantly higher 

than that of the classic subtype. In the same study, Moffitt identified another two 

stromal subtypes from the same candidates, one that is characterized by high 

expression of scalable processor architecture  (SPARC) and FAP (encoding 

fibroblast activation protein) named ‘Stroma Activated’ type and the other one that 

is characterized by high expression of  known markers for pancreatic stellate cells, 

actin alpha 2 (ACTA2), vimentin (VIM) and desmin (DES) called ‘normal stroma’ 

subtype [60]. In 2018, a similar study by Puleo et al. [72] examined 300 cases of 

PDAC, which discerned another stroma subtype on the basis of the two Moffitt 

stromal subtype that is defined by the high level of structural and vascularized 

stroma expression that they termed  ‘Desmoplastic’. Since each of these stromal 

subtypes exhibited features of both Classical and Basal-like epithelial subtypes, it is 

difficult to determine whether they are orthogonal subgroupings within subtypes or 

distinct subtypes in their own right. Interestingly, as a significant feature, our ECM 

signature score can indicate the Basal-like or Classical subtype. Similar results were 

obtained for the squamous subtype in Bailey’s classification. One squamous 

subtype, also known as basal-like subtype, contributes particularly to the dismal 

mortality rates of PDAC [4, 21, 60]. 
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Of note, the lowest risk-score was observed in the immunogenic subtype. The 

ESTIMATE (Estimation of Stromal and Immune cells in Malignant Tumor tissues 

using Expression data) analysis [103] was performed to reconfirm that PDAC 

patients with low risk-scores of ECM-receptor signature indeed had high immune 

cells scores, which implied candidates hold low-risk of ECM-receptor signature, 

simultaneously with a significant immune infiltration. Many studies have shown that 

ECM is an important barrier to chemotherapy [44, 45, 104]. However, in patients 

with pancreatic cancer, the mechanism limits the benefit of immunotherapy by the 

simple physical barrier mechanism and/or other biological processes, which is still 

not very clear. Through our analysis, it can be inferred that the ECM somehow 

inhibits the infiltration of immune cells in the TME, which may influence the 

immunotherapeutic outcome of PDAC patient [113]. 

Briefly, our ECM-receptor signature, a relatively simple and reliable indicator, can 

be applied to predicting the subtype of PDAC, which will benefit for assessment of 

the PDAC patient's condition and the quality of health care. 

 

4.5 Study strengths and limitations 

Our study utilized bioinformatics to analyze human and mouse multiple-level 

transcriptome data, which described the distinct evolution of ECM-receptor 

signature with the occurrence and development of pancreatic cancer. Moreover, we 

identification of a risk-score module of ECM-receptor signature, which demonstrated 

that ECM-receptor signature is associated with poor survival in PDAC patients 

based on a cox-regression risk-score module. This signature reflects a subset of 

individuals with a poor prognosis that corresponds with the putative basal-

like/squamous molecular subtype. Meanwhile, patients without this ECM-receptor 

signature are significantly enriched for immunogenic subtype, and thus it negatively 

selects patients who could benefit from immunotherapy. The relevant clinical 

translation would be compelling to researchers working in this field.  

There are also several limitations of our study. As a descriptive study based on data 

mining, further functional mechanism analysis of ECM-receptor interaction is 

necessary. Our study identified the dynamic changes of ECM-receptor signature 

during the carcinogenesis and progression of PDAC, and the cell types inside the 
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tumor mass are involved consecutively as well. However, whether there are 

potential targets that can be used to block this process is worthy of further 

exploration. The immune microenvironment of tumors is a significant focus. Here, 

we prove that ECM-receptor signature is negatively correlated with the hallmark of 

immunogenic subtype, which provides clues to the immunotherapy tolerance of 

pancreatic cancer patients. Thus, the combination of anti-ECM and immunotherapy 

for PDAC patients also needs further research. In addition, whether the conceptual 

and clinical advance these findings represent for a broad cancer research audience 

is need further verified via pan-cancer analysis. 

 

4.6 Conclusion and outlook 

Our study identified a distinctive extracellular matrix (ECM)-receptor signature at the 

premalignant stage based on a mouse model of inflammation-accelerated KrasG12D-

driven pancreatic ductal adenocarcinoma (PDAC).  We found that the early ECMs 

were mainly deposited by cancer cells, while the late ECMs were mainly produced 

by cancer cells, CAFs, and macrophages. These finding reveals a dynamic 

evolution of ECM-receptor signature, which shifts from cancer cells only to diverse 

sources of ECM-receptor production at the premalignant stage of PDAC. In other 

words, neoplastic epithelium might be a trigger for the promotion of ECM-receptor 

signature. In clinical translation, PDAC patients whose tumours enriched for this 

signature had short overall survival and tended to be previously defined squamous 

or basal-like molecular subtype. Notably, the ECM-receptor signature negatively 

selects PDAC patients with immunogenic subtype, who are likely to benefit from 

upcoming immunotherapy.  The relevant clinical translation would have an impact 

on health care.   

As an important role in the pancreatic cancer tumor microenvironment, ECM plays 

an important role in tumor immune escape, chemotherapy and immunotherapy 

tolerance, and tumor cell metabolism. Our descriptive study initially introduced that 

ECM-receptor signature changes dynamically with the carcinogenesis and 

development of PDAC, and the sequential participation of multiple cell types. In this 

process of dynamic evolution, whether there are potential targets that can terminate 

this progression of ECM is worthy of further exploration in the future. In recent years, 
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immunotherapy has been widely used in solid tumors, and satisfactory results have 

been achieved in certain tumor types. Unfortunately, confounding factors contribute 

to that the PDAC patients have little benefit from immunotherapy, among them, the 

tumor milieu plays an arresting role. Here, we found that ECM-receptor signature 

and PDAC immunogenic subtypes are negatively correlated with each other, which 

means that ECM has a certain negative impact on the enrichment of immune cells 

in PDAC tissue. Therefore, forthcoming anti-ECM combined immunotherapy for 

PDAC patients is a strategy worthy of in-depth study. 
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5 SUMMARY 

 

Pancreatic ductal adenocarcinoma (PDAC) is a devastating disease with extreme 

heterogeneity at both genetic and phenotypic level. Extensive desmoplasia is the 

prominent feature of PDAC, which mainly consists of cancer-associated fibroblasts 

(CAFs), extracellular matrix (ECM), and immune cells. Recently, we demonstrated 

that aberrant activation of CAFs and ECM deposition occur in early pancreatic 

tumorigenesis. Here, we report that the early deposition of ECM influences 

molecular subtype specification in overt PDAC. 

We compared transcriptional profiles of caerulein-induced acute pancreatitis in wild-

type mice to that of early pancreatic carcinogenesis in p48Cre/+; Lox-Stop-Lox (LSL)- 

Kirsten rat sarcoma viral oncogene (Kras) G12D/+ mice at multiple time points. In this 

study, we re-analyzed these data at 9 paired time points post caerulein treatment. 

We identified differentially expressed genes between two groups at paired time 

points, which were further used for pathway enrichment analysis Here, we found 

several putative pathways involved in PDAC development, such as “Mitogen-

activated protein kinase (MAPK) signaling pathway” and “Pancreatic cancer”, were 

specifically enriched in KrasG12D pancreata. In contrast, the pathways regulating the 

pancreatic exocrine function, such as “Protein digestion and absorption”, were 

depleted. It is noteworthy that “ECM-receptor interaction” is the only pathway 

enriched in KrasG12D pancreata across various time points. Totally, 26 transcripts 

were up-regulated in KrasG12D pancreata, compared to WT pancreata, which were 

further divided into two subgroups. The first subgroup contains 14 ECM-receptor 

transcripts that were differentially expressed between 36 and 84 hours post 

caerulein treatment (early ECMs). The second subgroup consists of 26 transcripts 

detected at 7- and 14-day time points (late ECMs). Next, we investigated the cellular 

source of the early and late ECM deposition in overt PDAC. Based on canonic 

markers, 8 cell populations were identified from single-cell ribonucleic acid 

sequencing (scRNA-Seq) dataset which was generated from murine PDAC of 

p48Cre/+; LSL-KrasG12D/+; Ink4aflox/flox mice. We found the early ECMs were mainly 

deposited by cancer cells, while the late ECMs were mainly produced by cancer 

cells, CAFs, and macrophages. This finding reveals a dynamic evolution of ECM-
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receptor, which shifts from cancer cells only to diverse sources of ECM-receptor 

production at the premalignant stage of PDAC.  

The scRNA-Seq data of human PDAC, further reveals cancer cells, 

CAFs/pancreatic stellate cells, and macrophages collectively contribute to this 

ECM-receptor signature. In clinical translation, we constructed a risk-score model 

based on each transcript's multivariate Cox regression coefficient, calculated from 

its expression level in the cancer genome atlas (TCGA) dataset. PDAC patients with 

high risk-scores had shorter overall survival compared to the ones with low risk-

scores. Subsequently, we verified that ECM-receptor signature underlies the 

diversities between preexisting molecular subtypes of PDAC. The molecular 

subtypes were determined with known molecular classifiers in the TCGA dataset 

and correlated to the corresponding risk-score of ECM-receptor signature. In 

Moffitt’s classification, the risk-score of basal-like subtype was significantly higher 

than that of the classic subtype; meanwhile patients are more likely to have high 

risk-scores. Similar results were obtained for the squamous subtype in Bailey’s 

classification. Of note, the lowest risk-score was observed in the immunogenic 

subtype, and patients are more likely to have low risk-scores. The estimation of 

stromal and immune cells in malignant tumor tissues using expression data 

(ESTIMATE) analysis reconfirmed that patients with low risk-scores of ECM-

receptor signature indeed had high immune cells infiltration scores.  

In brief, we identified a clinically relevant ECM-receptor signature, which labels a 

subgroup of patients with poor prognosis that partially overlaps with the basal-

like/squamous molecular subtype. Meanwhile, patients without this ECM-receptor 

signature are significantly enriched for immunogenic subtype, and thus it negatively 

selects patients who could benefit from immunotherapy. The relevant clinical 

translation would have an impact on health care.   
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