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a b s t r a c t

Gastrointestinal (GI) cancers are a heterogeneous group of primary solid tumors, arising in GI tract from the 
esophagus to rectum. Matrix stiffness (MS) is a critical physical factor for cancer progression; however, its 
importance in tumor progression remains to be comprehensively recognized. Herein, we conducted a 
comprehensive pan-cancer analysis of MS subtypes across seven GI-cancer types. Using unsupervised 
clustering based on literature-derived MS-specific pathway signatures, the GI-tumor samples were divided 
into three MS subtypes, termed as the Soft, Mixed and Stiff. Then, distinct prognoses, biological features, 
tumor microenvironments and mutation landscapes among three MS subtypes were revealed. The Stiff 
tumor subtype was associated with the poorest prognosis, the most malignant biological behaviors, and the 
immunosuppressive tumor stromal microenvironment. Furthermore, multiple machine learning algorithms 
were used to develop an 11-gene MS-signature to identify the MS subtypes of GI-caner and predict che
motherapy sensitivity, which were further validated in two external GI-cancer cohorts. This novel MS-based 
classification on GI-cancers could enhance our understanding of the important role of MS in tumor pro
gression, and may have implications for the optimization of individualized cancer management.

© 2023 Published by Elsevier B.V. on behalf of Research Network of Computational and Structural 
Biotechnology. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/ 

licenses/by-nc-nd/4.0/).

1. Introduction

The surface of human gastrointestinal tract is covered with 
substantial epithelium, undergoing the most rapid turnover in the 
body [1]. As a result, gastrointestinal (GI) cancers are among the 
most frequent malignancies, responsible for roughly half of all 
cancer-related deaths [2,3]. GI-cancer include malignancies arising 
in the esophagus, stomach, liver and bile ducts, gallbladder, pan
creas, the small intestine, colon and rectum. Differences exist in the 
biological and clinical features of these cancers, which may be the 
result of different cell and tissue origins [4]. Nevertheless, it cannot 
be denied that important parallels exist between GI malignancies, 

and it is necessary to understand these diseases as a whole [4]. Over 
the past few decades, growing knowledge has been obtained on the 
molecular events that contribute to the development of GI-cancers. 
With the gradual maturity of genomic analysis in GI-cancers, sig
nificant progress has been made in transcriptome-based subtyping 
[5]. Molecular subtypes are highly interconnected across various GI- 
cancers, and many of which can be identified in spite of the organ of 
origin [4]. Subtyping GI-cancer based on transcriptome highlights 
the molecular properties associated with tumor development and 
integrates many factors that contribute to tumor heterogeneity [6,7].

A tumor is not simply a group of cancer cells, but rather interacts 
closely with the immune cells, stromal cells and extracellular matrix 
(ECM), which together form the major construct of the tumor mi
croenvironment (TME) [8,9]. Based on the infiltration of immune 
cells, subtyping tumor into “hot” and “cold” categories has been 
advocated and widely accepted due to their distinct tumor immune 
microenvironment and biological consequences [10]. In contrast, 
researches about the role of stromal cells and ECM in TME are a 
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relative minority in the past. Nonetheless, accumulated evidence 
suggests that the changes of physical factors in carcinogenesis were 
critical for the progression of cancers [11]. ECM stress, also called 
matrix stiffness (MS), is one of critical physical factors in the tumor 
stromal microenvironment [12]. Normal tissues had an ECM with 
suitable MS that is a three-dimensional, non-cellular structure, 
usually composed of various proteins including collagens, glyco
proteins, and matrix-associated proteins, providing structural and 
biochemical support for surrounding cells [13,14]. However, the 
tumor matrix often appear alterations in the density and composi
tion, usually trending towards stiffening and rigidity [15,16]. In many 
types of GI-cancers, such as colorectal cancer (CRC) and pancreatic 
cancer, the TME exhibits higher MS than the normal tissue [17,18]. 
ECM-related gene signatures are reportedly associated with poor 
prognosis in some GI-cancers [19–21]. Additionally, recent studies in 
animal models reported that stiffened tumor matrix may reduce the 
efficacy of chemotherapy by interfering with the distribution of 
chemotherapeutic agents [22]. However, it remains unclear how the 
MS differs from various GI-cancers and the adjacent normal tissues, 
and whether a “stiff” or “soft” tumor matrix can inform diagnostic 
and therapeutic strategies in GI-cancer. Therefore, a more extensive 
examination of the tumor MS and the role it plays in GI-cancer is 
needed.

In this study, we conducted a comprehensive GI pan-cancer 
analysis of MS subsets among 7 types of bulk GI-cancers using RNA- 
sequencing and microarray data. On the basis of literature-derived 
matrix-specific signatures, three MS subtypes were identified, and 
we advocated to term them as “Soft”, “Mixed”, and “Stiff” classes. 
Subsequently, we revealed the landscape of hierarchical tumor ma
trix across different MS subtypes of GI-cancer, and determined the 
potential molecular and genomic features that involved in tumor 
matrix stiffening. Finally, a machine learning-based gene signature 
was developed to predict the tumor MS and chemotherapy efficacy.

2. Materials and methods

2.1. Data collection and preprocessing

Overall, seven types of GI-cancer from The Cancer Genome Atlas 
(TCGA) were enrolled in the study, including CHOL (cholangio
carcinoma), COAD (colon adenocarcinoma), ESCA (esophageal car
cinoma), LIHC (liver hepatocellular carcinoma), PAAD (pancreatic 
adenocarcinoma), READ (rectum adenocarcinoma) and STAD (sto
mach adenocarcinoma). The transcriptomic RNA-sequencing data 
were downloaded from the USCS XENA portal https://xena.ucsc.edu/ 
as FPKM units and converted through the log2(x + 1) method. The 
corresponding clinical information were downloaded from TCGA 
database (http://cancergenome.nih.gov/). These seven GI-cancer 
cohorts from TCGA were used as the main analytical data and the 
training set to develop the Matrix Stiffness Score (MS-score). 
Additionally, several microarray datasets included six GI-cancer 
types were used as the secondary analytical data and the validation 
set, including GSE39582 (COAD), GSE53625 (esophageal squamous 
cell carcinoma, ESCC), GSE76427 (hepatocellular carcinoma, HCC), 
GSE87211 (READ), GSE66229 (gastric cancer, GC), and E-MTAB-6134 
(pancreatic ductal adenocarcinoma, PDAC). The transcriptome data 
and clinical information of the E-MTAB-6134 was downloaded from 
ArrayExpress (https://www.ebi.ac.uk/biostudies/arrayexpress). The 
expression profiles and clinical data of the other five microarray 
cohorts were obtained from the Gene Expression Omnibus (GEO) 
database (http://www.ncbi.nlm.nih.gov/geo/). These six microarray 
datasets were merged into a pooled Microarray cohort, and batch 
effects were removed using the combat function in the “sva” R 
package. Principal components analysis was used to detect the re
sults by ‘prcomp’ R function (Fig. S1). After excluding samples 
without complete clinical information, we eventually enrolled 1685 

patients with GI-cancers from TCGA and 1640 patients from the 
microarray databases.

2.2. Identification of subtypes of GI-tumors based on MS-specific profile

We manually collected 12 knowledge-based gene expression 
signatures associated with tumor MS from published literature 
[23–27] and Molecular Signatures Database (MSigDB, http:// 
www.gsea-msigdb.org/gsea/index.jsp) (Table S1). The relative acti
vation scores of each signature were calculated by single-sample 
gene set enrichment analysis (ssGSEA) via the “GSVA” R packages. 
The ssGSEA scores of 12 tumor MS-specific signatures from all TCGA 
datasets were combined and analyzed together. Similarly, the scores 
from the microarray datasets were also combined. Next, based on 
the MS-specific signature scores, unsupervised clustering was per
formed to classify GI-cancer patients into different clusters, termed 
by MS subtypes. The unsupervised consensus clustering was con
ducted by the “ConsensusClusterPlus” R package (parameters: reps = 
100, pItem = 0.8, pFeature = 1). The average of the 12 ssGSEA scores 
called “Matrix stiffness degree” (MS degree) was used to roughly 
represent the overall MS of each tumor sample for subsequent 
analysis.

2.3. Pathway enrichment and immune-stromal TME analysis

Functional annotation analysis of Gene Ontology (GO) and Kyoto 
Encyclopedia of Genes and Genomes (KEGG) were performed via the 
“clusterProfiler” R package. Gene set variation analysis (GSVA) and 
gene set enrichment analysis (GSEA) were performed to further 
demonstrate the biological processes based on the Hallmark gene 
sets, which were downloaded from the MSigDB website (http:// 
www.gsea-msigdb.org/gsea/index.jsp). Three algorithms including 
xCell [28], MCP-counter [28] and EPIC [29] were used to evaluate the 
immune and stromal cell infiltration of tumors via the “im
munedeconv” R package. Publicly available TME infiltration-asso
ciated signatures, including “effector cells”, “effector cell traffic”, 
“CAF signature”, “TAM signature”, “MDSC traffic”, were curated from 
Bagaev A. et al.’ study [23]. Other TEM-related gene sets, including 
“antitumor cytokines”, “EMT signature”, “angiogenesis”, “en
dothelium”, “TGF− ß-associated ECM”, were also collected from 
previous studies [23,26]. Stem cell markers and two important 
stemness indexes (EREG-mRNAsi and EREG-mDNAsi) were obtained 
from Malta T. et al. [30]. The above well-established signatures were 
summarized in Table S2. The activities of TME-related pathways and 
the expression of representative markers in GI-tumor samples were 
estimated by ssGSEA algorithm via the “GSVA” R package [31]. In 
addition, the Stromal Score and Immune Score were calculated using 
the “ESTIMATE” R package.

2.4. Associations of MS subtypes with multi-omics features in pan GI- 
cancers

Tumor mutational burden (TMB) data was obtained from the 
“TCGAmutations” R package. MSI (microsatellite instability) sensor 
scores for TCGA samples are available in the dingMSI data element of 
the “BiocOncoTK” R package. Somatic copy number variation (level 3, 
Affymetrix SNP 6.0 array) and somatic mutation (level 4, MAF files) 
were downloaded from TCGA database (http://cancergenome.
nih.gov/). Mutations were analyzed and visualized using the “maf
tools” R package.

2.5. Construction and validation of the MS-signature by multiple 
machine learning methods

The 568 cancer driver genes were obtained from previous studies 
[32]. To identify candidate cancer driver genes involved in MS, 
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through the TCGA cohorts, differentially expressed genes (DEGs) 
between the Stiff and the other tumors were identified using a |log 
fold change (logFC)| >  0.8 as the threshold of significance. Then 
univariate Cox regression analysis was used to select the significant 
genes associated with overall survival (OS) (p  <  0.0001). Next, the 
1685 GI-cancer patients of TCGA cohorts were randomly classified 
into training (N = 1263) and testing (N = 422) sets at a ratio of 7.5:2.5. 
In the training set, extreme gradient boosting (XGBoost), Random 
Forest (RF), least absolute shrinkage and selection operator (LASSO) 
regression, and support vector machine (SVM) analyses were per
formed to select the most important MS-relevant features by 

calculating the importance score for each variable via the “XGBoost”, 
“randomForest”, “glmnet” and “e1071″ R packages. The performance 
of the four machine learning algorithms for feature selection in the 
training set was evaluated by receiver operating characteristic (ROC) 
curves, and the areas under curve (AUCs) were subsequently com
pared. Afterwards, the intersecting genes among the XGBoost, RF, 
LASSO and SVM analyses were considered as the most pivotal MS- 
related genes and were visualized by a Venn diagram. Finally, ssGESA 
algorithm was performed on the pivotal genes for constructing the 
predictive model, which was termed by “Matrix Stiffness Score” 
(MS-score). The predictive performance of the MS-score was 

Fig. 1. Identification of three distinct matrix stiffness (MS)-based subtypes and showing their distribution in GI-cancers. Heat maps shows the MS-specific profiles of the adjacent 
normal tissues and three subtypes in GI-cancers of the TCGA (A) and Microarray (E) cohorts. High and low ssGSEA scores of 12 MS-specific signatures are represented in red and 
blue, respectively. Density and box plots showing MS degree among the Soft, Mixed, Stiff subtypes and normal samples of the TCGA (B) and Microarray (F) cohorts. MS degree was 
the average of 12 ssGSEA scores of MS-specific signatures. Bar charts showing the distribution of three MS subgroups among the different GI-tumor types (left) and the 
distribution of GI-tumor types among the three MS subgroups (right) in the TCGA (C) and Microarray (G) cohorts. Violin plot showing the MS degree among several GI-cancers of 
the TCGA (D) and Microarray (H) cohorts. TCGA, The Cancer Genome Atlas; HCC, hepatocellular carcinoma; PDAC, pancreatic ductal adenocarcinoma; GC, gastric cancer.
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investigated in the training set, test set and external microarray 
cohorts.

2.6. Drug sensitivity analysis

Drug sensitivity and resistance are conventionally quantified by 
the 50% inhibitory concentration (IC50) [33]. In general, a higher 
IC50 indicates a greater likelihood of drug resistance. We searched 
for drug sensitivity data from two authoritative publicly available 
databases, Genomics of Drug Sensitivity in Cancer (GDSC, https:// 
www.cancerrxgene.org/) and Cancer Therapeutics Response Portal 
(CTRP, http://portals.broadinstitute.org/ctrp.v2.1/). The data con
sisting of IC50 values of compounds in different cell lines and the 
gene expression profiles of cell lines were organized in the “onco
Predict” R package by Danielle M. et al. [34], and were available for 
download at https://osf.io/c6tfx/. Overall, we obtained 156 (GDSC) 

and 163 (CTRP) GI-relevant cell lines (Table S3) with both gene ex
pression profile and drug sensitivity data. The MS-scores were cal
culated based on the gene expression profile of cell lines using the 
method described above. Information of drug targets was obtained 
from CTRP (http://portals.broadinstitute.org/). The correlation be
tween the MS-score and IC50 values of chemotherapeutic agents, 
and the relationship between the targets and the MS-signature 
genes were evaluated by Pearson’s test.

In addition, GSE104580 from the GEO database, a dataset in 
which HCC patients were receiving transcatheter arterial che
moembolization (TACE), was used as an external microarray cohort 
for validation and chemotherapeutic sensitivity analysis.

Fig. 2. The potential biological pathways and clinical outcomes between three MS subtypes. (A) The association between MS subgroups and OS in GI pan-cancer of the TCGA and 
Microarray cohorts (Log-rank test). The number of cases and events in a subgroup are shown in the plots. Kaplan-Meier survival plot of overall survival for three MS subgroups in 
several representative GI-tumor types of the TCGA (B) and Microarray (C) cohorts. TCGA, The Cancer Genome Atlas; OS, overall survival; LIHC, liver hepatocellular carcinoma; 
PAAD, pancreatic adenocarcinoma; STAD, stomach adenocarcinoma; COAD, colon adenocarcinoma.
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2.7. Statistical analysis

All statistical analyses were conducted using R version 4.0.1 
(https://www.r-project.org/). Wilcoxon rank-sum and the χ2 test for 
categorical data were utilized for pairwise comparisons between 

groups. The Kruskal–Wallis test was used to compare multiple 
groups. Correlations between normally distributed variables were 
assessed with Pearson’s correlation test, while correlations between 
non-normally distributed variables were assessed with Spearman’s 
correlation test. The Kaplan-Meier (K-M) curve and log-rank test 

Fig. 3. Functional insights of distinct MS heterogeneity between MS subtypes in GI pan-tumors. (A) Three volcano Plots displayed the differentially expressed genes (DEGs) 
between the Stiff (left), the Mixed (medium), and the Soft (right) versus the rest of tumors, respectively. Top fifteen most significant GO terms (B) and KEGG pathways (C) based on 
the top 500 DEGs that were screened between the Stiff versus the rest of tumors in the TCGA cohorts. (C) GSVA compared the activation of tumor progressive signaling pathways 
of Hallmark signatures in three MS subgroups. (D) Volcano plot for enriched (red) and depleted (blue) pathways of Hallmark signatures in the Stiff tumors compared with the 
other tumors based on GSEA. * P  <  0.05, * **p  <  0.001. BP, biological process; CC, cellular component; MF, molecular function; EMT, epithelial–mesenchymal transition.
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were performed to compare survival differences among subgroups 
using the “survminer” and “survival” R packages. ROC curves and the 
AUCs were applied to assess the predictive performance using the 
“pROC” R package. A two-tailed P-value <  0.05 was considered sta
tistically significant.

3. Results

3.1. Three GI-tumor subtypes were revealed by unsupervised analysis of 
the matrix stiffness-specific signatures

To quantify the degree of MS in 1685 bulk tumor samples from 7 
GI-tumor types of TCGA, we built a curated list of 12 tumor MS- 
specific pathways through literature mining (Table S1). The ssGSEA 
algorithm was used to deconstruct the tumor MS-specific profiles. 
Then the unsupervised clustering analysis based on the MS-specific 
profiles of GI-tumors can be clustered into three distinct matrixes 
(Fig. S2). According to their activation in the tumor MS-specific 
pathways, we termed these three clusters as “Soft”, “Mixed”, and 
“Stiff” (with 368, 743 and 574 cases, respectively; Fig. 1A). Interest
ingly, we observed the 12 tumor MS-specific pathways in normal 
samples was more silent than the Stiff but similar to the Soft and 
Mixed subtypes. Here, the average of 12 ssGSEA scores of MS-specific 
signatures was referred to as “MS degree”, roughly representing the 
overall stiffness of each sample’s matrix. As expected, the MS degree 
in the Soft, Mixed and Stiff subtypes of GI-tumors increased hier
archically (Fig. 1B). The MS degree of normal tissues was between 
the Soft and Mixed subtypes. Similar results were found in the Mi
croarray cohorts (Fig. 1E, F). In brief, the MS heterogeneity existed in 
GI-cancers.

As the bar charts shown (Fig. 1C, G), different GI-tumor types 
varied substantially in their composition of MS subgroups. The Soft 
subgroup was particularly enriched in LIHC and the Stiff subgroup 
was obviously enriched in PAAD. Furthermore, by comparing the MS 
degree of different GI-tumors, we found that PAAD was the highest 
one (Fig. 1D, H), indicating significant alteration in the tumor matrix 
of PAAD.

3.2. Distinct GI-cancer prognoses existed in three MS subtypes

K-M survival analysis revealed that patients in the Stiff subtype of 
GI-cancer had significantly shorter overall and disease-specific sur
vival times than those in the Soft and Mixed subtypes. The Mixed 
subgroup was associated with a superior progression-free survival in 
the TCGA cohorts and OS in the Microarray cohorts (Fig. 2A, Fig. 
S3A). Additionally, among different types of GI-cancers, three MS 
subtypes showed distinct survival outcomes both in the TCGA 
(Fig. 2B, Fig. S3B) and Microarray cohorts (Fig. 2C, Fig. S3C). Re
garding to the relationship between the MS subtypes and clinical 
features, there were larger percentages of Stage I or Grade 1 tumors 
in the Soft subtype than the Mixed and Stiff tumors (Fig. S4). Taken 
together, patients in the Stiff subtype of GI-cancers were closely 
associated with poorer clinical features and prognosis.

3.3. Distinct functional and biological pathways were observed in three 
MS subtypes

Differential expression analyses were performed in the Stiff, 
Mixed, and Soft subtypes sequentially (Fig. 3A). Significantly dif
ferent gene expression profiles existed between the Soft subtype and 
the others and between the Stiff tumors and the others. To in
vestigate potential biological behaviors between MS subgroups, 
functional enrichment analyses were applied. Separated GO and 
KEGG analyses for the upregulated DEGs in the Soft and the down
regulated DEGs in the Stiff tumors showed similar results. They were 
significantly enriched in functions and pathways related to collagen 

and ECM, such as collagen trimer, collagen binding, ECM structural 
constituent, ECM−receptor interaction, and focal adhesion (Figs. 3B- 
C and S5A-B). In addition, GSVA on Hallmark features inferred that 
some tumor progression-related pathways, such as TGF-β signaling, 
notch signaling, epithelial–mesenchymal transition (EMT) and an
giogenesis, were highly enriched in the Stiff tumors but silent in the 
Soft subtype (Fig. 3D). The subsequent GSEA further confirmed the 
conclusion (Fig. 3E). Hallmark pathways varied substantially not 
only among the MS subgroups, but also among the GI-tumor types 
(Fig. S6). Of note, PAAD had the highest GSVA scores in the EMT, TGF- 
β signaling and angiogenesis pathways. Whereas LIHC had the 
lowest scores in the TGF-β signaling pathway. Tumors in the bottom 
of the enrichment of EMT and angiogenesis included COAD, READ 
and LIHC. On the contrary, they had relatively high scores of the 
peroxisome signal. These results indicated that PAAD may have the 
most significant MS alteration, be associated with the stiffest tumor 
matrix, and exhibit obvious malignancy among the GI-cancers.

3.4. MS-based GI-cancer subtypes showed distinct immune and stromal 
microenvironments

To explore the TME cell infiltration in each of the three MS 
subtypes of GI-cancer, three algorithms including xCell, MCP- 
counter and EPIC were applied (Fig. 4A). According to the xCell al
gorithm, the fibroblasts and endothelial cells infiltrated significantly 
in the Stiff tumors, and the infiltration of epithelial cells and Th2 
cells was more enriched in the Stiff and Mixed subtypes than the 
Soft. The above cells were known to be associated with tumor pro
gression [35]. Regarding the infiltrations of the anti-tumor cells such 
as CD8 + T cell, natural killer (NK) T cell and Th1 cell, they showed no 
significant superiority in the Stiff tumors compared with the others. 
The bar chart displayed more intuitively the differences of immune 
infiltration between MS subtypes (Fig. 4B). Consistent with the xCell 
data, results based on the MCP-counter and EPIC algorithm showed 
the pro-tumor cells such as fibroblasts, endothelial cells, myeloid 
dendritic cells, monocytes, and especially cancer-associated fibro
blasts (CAFs), exhibited a state from depleted to enriched with the 
hierarchical tumor matrix from the Soft to the Stiff. Interestingly, the 
anti- tumorigenic cells also displayed a slight increase from the Soft 
to the Stiff tumors. Next, we investigated which pro-tumor or anti- 
tumor cells were dominant in different MS subtypes (Fig. 4 C). No
tably, the enrichment of pro-tumor cells in the Stiff tumors was 
significantly higher than that of anti-tumor cells according to all 
three algorithms. On the contrary, although the enrichment levels of 
all immune and stromal cells in the Soft tumors were inferior to the 
Stiff, the anti-tumor cells rather than the pro-tumor cells were 
dominant in the Soft and Mixed subtypes. CAFs participate in the 
synthesis of ECM components such as collagen and fibronectin, 
contributing to tumor matrix stiffening [36]. Expectedly, PAAD had 
the highest degree of CAFs infiltration among the GI-cancers 
(Fig. 4D).

Then, ESTIMATE analysis was applied to further demonstrated 
the stromal and immune features among the MS subtypes of GI- 
cancer. Heat maps firstly showed the distribution of Immune Score 
and Stromal Score in three MS subtypes, with both scores showing 
hierarchical increases the Soft to the Stiff group (Fig. 4E). Then the 
comparative analysis revealed that the Stromal Score had more in
crement than the Immune Score with the MS degree increasing 
across seven GI-cancer types (Fig. 4F). Finally, the box diagram dis
played that the Immune Score were higher than the Stromal Score in 
the Soft and Mixed tumors, which was the opposite in the Stiff tu
mors, indicating that the stroma activation was superior to the im
mune response in the Stiff tumors (Fig. 4G). Unsurprisingly, the 
Stromal Score of PAAD was the highest across seven GI-cancer types 
(Fig. 4H).
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The above results including enrichment analysis and immune- 
stromal infiltration have roughly clarified the distinct TMEs across 
MS subtypes of GI-tumors. We subsequently verified the conclusions 
by ssGSEA algorithm based on the published specific signatures 
(Fig. 5A). Of note, there was no significant differences in the en
richment scores of antitumor cytokines across the three MS sub
groups, while the TGF-β-associated ECM, EMT and angiogenesis 
signals were significantly activated in the Stiff subgroup, indicating 
the malignant and proliferative characteristics in the Stiff tumor 
(Fig. 5B). The stem cell markers were markedly activated in the 
Mixed and Stiff subtypes of GI-cancers (Fig. 5A). Previous study re
ported that increased stemness was associated with higher tumor 
invasiveness and worse clinical features [30]. In our study, two im
portant stemness indices proposed by Malta T. et al. [30], the epi
genetically regulated mRNA expression-based and DNA 
methylation-based stemness indexes (EREG-mRNAsi and EREG- 
mDNAsi) were compared between the MS groups (Fig. S7), in which 
the EREG-mRNAsi was higher in the Mixed and the Stiff groups than 
the Soft tumors. Compared with the antitumor cytokines, the ssGSEA 
scores of TGF-β-associated ECM, EMT and angiogenesis were higher 
in the Stiff groups and lower in the Soft and Mixed groups (Fig. 5C), 
suggesting that pro-tumor factors in the Stiff tumors were stronger 
than anti-tumor immunity, leading to its more malignant features. 
Furthermore, there were significantly positive correlations between 
pro-tumor factors (such as CAF, MDSC traffic, etc.) and the MS de
gree, but relatively weak correlations were shown between the anti- 
tumor immunity (including antitumor cytokines and effector cells) 
and the MS degree (Fig. 5D), suggesting that the malignant biological 
behaviors were activated with the tumor stiffening. Collectively, the 
Stiff tumor was characterized by enriched infiltration of pro-tumor 
cells, especially CAFs, and activated states of tumor progression-re
lated pathways (Fig. 5E). These events may form a complex com
munication network with each other, participating in shaping a 
“stiff” tumor matrix to hold tumor malignancy.

3.5. Multi-omics alterations in the GI-cancer subgroups according to 
MS classification

Next, we investigated frequency differences of somatic and copy 
number variation (CNV) mutations across the MS subtypes (Fig. 6A). 
Specifically, the Stiff subtype had a significantly highest frequency of 
TP53 and KRAS (56% and 31%, respectively). The Mixed subtype had 
higher TMB, higher MSI score, higher genome deletion and ampli
fication rates among the MS subgroups of GI-tumors (Fig. 6B). The 
deletion and amplification regions on chromosomes also varied from 
different MS subtypes (Fig. 6C). Moreover, we compared the MS 
subtypes to the existing molecular subtypes (Fig. 6D). We found that 
the Stiff subgroup had a high overlap with the EMT (STAD), des
moplastic (PAAD), stroma activated (PAAD) and diffuse (STAD) sub
types, while the Soft tumor had high proportion overlapping with 
the MSI (READ), TMB-upper (ESCA) and immune classical (PAAD) 
subtypes, which were consistent with our conclusions earlier.

3.6. Machine learning revealed a MS-signature for predicting the Stiff 
tumor, and validated the MS classification in two independent cohorts

Given that the stiffened matrix was potentially associated with 
tumor progression, we next probed the expression profiles of 568 
cancer driver genes in the MS subgroups, which identified 58 cancer 
driver genes closely associated with the Stiff tumors (|logFC| > 0.8) 
(Fig. 7A, Table S4). Among them, 42 of the 58 MS-related cancer 
driver genes affected significantly the survival prognosis based on 
the univariate Cox analysis (p  <  0.0001, Table S4). The GI pan-cancer 
data was randomly compartmentalized into the training and test 
cohorts using a ratio of 7.5:2.5. Subsequently, we applied XGBoost, 
RF, LASSO and SVM algorithms, and 29, 20, 33, and 29 genes critical 
for the Stiff matrix were identified respectively. The ROC curve 
analysis demonstrated that the four machine learning algorithms 
had good performance in feature selection, with AUCs >  0.90 in the 
training set and AUCs >  0.85 in the testing set, indicating that a good 
model can be built to predict the Stiff and the other tumors (Fig. 7B). 
Combining the results of four machine learning methods, 11 
common genes were identified as the most pivotal MS-related 
cancer driver genes, and formed a MS-signature (Fig. 7C). A protein- 
protein interaction network for the 11 pivotal MS-related diver genes 
was displayed (Fig. 7D). Expression levels of these MS-related cancer 
driver genes increased form the Soft to Stiff tumors, and provided 
additional prognostic value in the individual MS subgroups. They 
were found to be significantly associated with the activation of CAF, 
EMT, angiogenesis and TGF-β-associated ECM pathways but not with 
the antitumor cytokines (Fig. 7E). Furthermore, based on the 11-gene 
MS-signature, Matrix Stiffness Score (MS-score) was constructed by 
ssGSEA algorithm to quantify the MS of each tumor sample. The 
optimal cutoff value for discrimination was 0.562, suggesting that 
patients with a score >  0.562 were considered to be the Stiff subtype 
and those with a score <  0.562 were considered to be the others 
(Mixed and Soft). Strikingly, the MS-score had an excellent perfor
mance in distinguishing the MS subtypes as evaluated in the test set, 
with an AUC of 0.980, a sensitivity of 86.16%, a specificity of 97.72%, 
and an accuracy of 94.79% (Fig. 7F). Higher MS-score referred re
markably worse survival outcomes both in the TCGA and Microarray 
cohorts (Fig. 7G), indicating that the MS-score can serve as a bio
marker for GI-cancer prognosis. Importantly, we proved the MS- 
score was remarkably positively correlated with the tumor pro
gression-related pathways, but weakly correlated with the anti- 
tumor signals (Fig. 7H), which was also consistent with earlier 
conclusions.

We verified the performance of the MS-score in two independent 
cohorts (PAAD and HCC). Using the MS-score partitioning, more than 
three-quarters (88.8%) of the samples in the PAAD cohort were 
identified as the Stiff tumors, compared to only 36.7% of the HCC 
cohorts (Fig. 7I, L). These stiff tumors were characterized by being 
activated significantly in MS-specific pathways as earlier. Also, the 
EMT, angiogenesis and TGF-β-associated signals of the Stiff were 
higher than the others, while the antitumor cytokines showed no 
significant difference between the Stiff and the others (Fig. 7 J, M). In 
the PAAD cohort, patients with higher MS-score had both worse OS 
and disease free survival outcomes, further verified the tumor with 

Fig. 4. Distinct immune and stroma microenvironments in the MS-based GI-cancer subgroups. (A) Heat map showing the profiles of infiltrating immune cells based on the xCell, 
MCP-counter and EPIC algorithm in the three MS subgroups. (B) Bar charts showing the differences of the immune cell infiltration according to the xCell algorithm among the 
three MS subgroups. (C) Box plots showing the comparison in the fraction between the pro-tumor and anti-tumor cells within the three MS subgroups according to three 
algorithms. In the xCell data, cells that may promote immunosuppression were identified as pro-tumorigenic cells, including macrophages M2, Tregs, Th2, epithelial cells, 
endothelial cells, and fibroblasts; the anti- tumorigenic cells involved in killing tumor include CD8 T, NKT, NK, and Th1 cells. In the MCP-counter data, the potential pro- 
tumorigenic cells include fibroblasts, endothelial cells, myeloid dendritic cells, and monocytic lineage; the anti-tumor cells include NK cells, cytotoxic lymphocytes, CD8 T cells, 
and B lineage. In the EPIC data, the potential pro-tumor cells include CAFs and endothelial cells; the anti-tumor cells include B cells, CD8 T cells, and NK cells. (D) Violin plot 
showing the infiltration score of CAFs among several GI-cancers. (E) Heat map showing Stromal Score and Immune Score based on the ESTIMATE algorithm in the three MS 
subgroups. (F) The comparison analysis of the Stromal Score and Immune Score among MS subtypes. (G) Box plots showing the comparison between the Stromal Score and 
Immune Score within the three MS subgroups. (H) Violin plot showing the Stromal Score among several GI-cancers. *P  <  0.05, * *p  <  0.01, * **p  <  0.001, * ** *p  <  0.0001. CAFs, 
cancer-associated fibroblasts.
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stiffer matrix was associated with worse prognosis (Fig. 7K). In a 
HCC cohort (GSE104580) in which all patients received TACE treat
ment, the MS-score was significantly lower in the response group, 
and the response rates were obviously lower in the Stiff tumors than 

in the others (Fig. 7N), which illustrated that high MS-score and the 
stiffened tumor matrix were related to chemotherapy resistance. 
These data were consistent with the conclusions of our analysis 
above, demonstrating the excellent performance of the MS-score.

Fig. 5. MS-based GI-cancer subtypes showed distinct TMEs. (A) Heat map showing the activation of biological processes and typical molecules among MS subtypes of GI-cancer. 
The ssGSEA algorithm was used to quantize the activity of TME-related signaling pathways and the expression of representative markers. High and low ssGSEA z-scores were 
exhibited in red and blue, respectively. (B) PCA plots showed the correlation between the activation of several biological pathway and MS subtypes. (C) Box plots showing the 
comparison between the activation of biological pathways within the three MS subgroups. (D) Correlation between the biological process activation and MS degree in LIHC and 
PAAD. (E) Schematic description of the features associated with the three GI-cancer MS subtypes. *P  <  0.05, * *p  <  0.01, * **p  <  0.001, * ** *p  <  0.0001. EMT, epithelial–me
senchymal transition; PCA, principal components analysis; CAFs, cancer-associated fibroblasts; ECM, extracellular matrix; TAM, tumor associated macrophage; MDSC, myeloid- 
derived suppressor cell.
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3.7. Efficacy of the MS-score in predicting drug sensitivity

In the above analyses, we clarified that the malignant behaviors 
such EMT, angiogenesis and TGF-β-associated signals in tumors 
would be hierarchically activated from the Soft to Stiff tumor matrix. 
Previous literature reported that EMT pathway and TGF-β-associated 
ECM in the tumor were closely related to chemotherapy resistance 
[37]. In our study, we explored the relationship between the MS- 
signature and drug sensitivity using the pharmacological data from 
GDSC and CTRP databases. The landscape of the correlation between 
drug sensitivities and the MS-score are showed in Fig. 8A. We found 

that the IC50 of many chemotherapy drugs commonly used in can
cers such as fluorouracil, trimetatinib, oxaliplatin and crizotinib was 
positively correlated with the MS-score (Fig. 8B). The relationships of 
the IC50 values of theses commonly used drugs and the MS-score in 
individual cancer types of cell lines were shown in Fig. S8. The 
correlation between MS-signature genes and classical therapeutic 
targets in cancer was showed in Fig. 8C. These results suggest that 
patients with high MS-score were resistant to standard che
motherapy regimens, and the MS-score could serve as a promising 
indicator to predict chemotherapy resistance.

Fig. 6. Correlation of multi-omics alterations and drug sensitivity with MS-based GI-cancer subgroups. (A) Landscape of mutation status of top 20 frequently mutated genes 
among the MS subtypes. The proportion of mutation rates of these genes in the MS subtypes are denoted on the left. (B) Violin plots displaying the differences in tumor mutation 
burden, MSI sensor scores, genome deletion and amplification among the three MS subgroups. (C) Circular plot showing the deletion and amplification regions in the three 
subtypes. (D) Overlay of the three MS subgroups with existing TCGA molecular subgroups. Each row indicated the distribution of MS subgroups within each molecular subtype. 
Red revealed a higher proportion, whereas blue revealed a lower proportion. *P  <  0.05, * *p  <  0.01, * **p  <  0.001, * ** *p  <  0.0001.
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4. Discussion

The emergence of genomic analysis of GI-cancers enabled us to 
recognize the potential biological and physical factors that shape a 
tumor. Based on these analyses, we can identify predictive and 
prognostic subgroups, and provide new insights into clinical diag
nosis and treatment for GI-cancers [4]. Matrix stiffness (MS) is re
cognized as a critical factor in cancer progression [16]. Although 
measurement methods of the MS boom out nowadays, their detec
tions are only limited in physiological level and they are not suitable 
for all types of GI-tumors [38]. It is urgent to distinguish a “soft” or 
“stiff” tumor from the level of matrix molecules, and explore the 
biological role of MS in driving tumor growth. Herein, we compre
hensively characterized the landscape of MS subtypes identified 
using literature-derived matrix-specific signatures within seven GI- 
cancer types of TCGA. Three predicted subtypes were validated in 
the Microarray cohorts, clearly demonstrating the robustness of the 
MS classification. Distinct biological processes, immune and stromal 
infiltration, and mutation features between the MS subtypes were 
further revealed. Of note, the subtypes we developed overlapped to a 
certain extent with the existing molecular subtypes of GI-cancers, 
confirming the credibility and availability of the MS subtypes in GI- 
cancers. To facilitate the distinction of the MS subtypes in clinical 
practice, eleven most critical MS-related genes were recognized and 
defined as the MS signature by using the XGBoost, RF, LASSO and 
SVM machine learning methods, and its robustness were subse
quently demonstrated.

In solid cancers such as breast and pancreatic cancer, tumors 
often contain abnormally stiff tissues, mainly caused by the accu
mulation, contraction, and crosslinking of the ECM [16]. However, 
evident heterogeneity exists between tumors from different patients 
within one type cancer [39]. In this study, based on the MS-specific 
signatures, GI-tumors were classified into three hierarchical MS 
subtypes, termed as “Soft”, “Mixed”, and “Stiff”. Through comparing 
the MS degree among various GI-cancer types, we found the PAAD 
had the highest level, suggesting the most significant stiffening al
teration of the matrix. In effect, the TME of PAAD was characterized 
by a prominent desmoplastic reaction, accompanied by activated 
CAFs and substantial deposition ECM, which accounted for up to 90% 
of the tumor [40,41]. In addition to the MS as the tumor internal 
force, solid stress exerted by the surrounding tissue is an external 
force during tumorigenesis [12]. As is well-known, a large propor
tion of HCC develop from liver fibrosis or cirrhosis [42], so that the 
tumor harbored large solid stress from cirrhotic tissue, whereas the 
alteration at the level of matrix molecules will matter less. To some 
extent, this can explain why the majority of liver cancer samples 
were “soft” in this study.

It is now increasingly accepted that the TME is a heterogeneous 
collection of infiltrates, in which stromal and immune cells are im
portant components [8]. The immune and stromal infiltration plays 
both anti-tumor and pro-tumor roles in tumor progression [35]. 
Among the MS subtypes of GI-tumors in our study, the infiltration of 
pro-tumor cells, especially fibroblasts and CAFs, were increased 

hierarchically from the Soft to Stiff subtype. CAFs are major con
tributors to an immunosuppressive TME by producing im
munosuppressive cytokine TGF-β in the cancer stroma [43,44]. In 
addition, CAFs can remodel the ECM by secreting collagen and fi
bronectin to enhance the stiffness of tumor [45,46], which impede 
trafficking of T cells (especially CD8 +T cells), thereby suppressing 
anti-tumor immunity [47]. Taken together, a “stiff” tumor matrix 
infiltrated abundant CAFs may shape an immunosuppressive tumor 
stromal microenvironment. Of note, by the comparison within MS 
subgroups, we found the Stiff tumors showed higher pro-tumor cell 
infiltrating fraction than the anti-tumor cells, while the Soft and 
Mixed tumors were on the opposite. This data indicated that the 
pro-tumor response was stronger than anti-tumor immunity in the 
Stiff tumor, leading to more malignancy and worse prognosis of the 
Stiff tumor. Instead, the Soft and Mixed tumor showed relatively 
favorable prognosis.

Actually, ECM stiffening does not operate the cancer cell invasion 
in isolation, but rather forming a complex communication network 
with other molecules within the TME. ECM stiffness activates epi
dermal growth factor receptor in cancer cells, then induce EMT 
promoting cancer invasiveness [48]. The invasion independent of 
EMT is also mediated by TGF-β signaling during ECM remodeling 
[49]. In addition, under stimulation of TGF-β, fibroblasts are re
cruited to the site of tumor and transformed to CAFs, further en
hancing the MS and pursuing tumorigenic features [50]. CAFs have 
interactions with various cells, including endothelial cells that pro
mote angiogenesis [36]. Consistently, the Stiff subtype of GI-cancer 
in our study was characterized by significant activated pathways of 
TGF‐β, EMT and angiogenesis, but also activated molecules of 
stemness. Indeed, a stiff matrix inducing stemness of cancer cells in 
melanoma [51], HCC [52] and glioma [53] has been reported. By 
contrast, these pro-tumor signals were silent in the Soft tumors. In 
contrast to these malignant pro-tumor pathways, no significant 
difference was found in the activation of anti-tumor cytokines across 
three MS subtypes. Therefore, in the Stiff subgroup, pro-tumorigenic 
factors were dominant rather than anti-tumorigenic factors, con
sistent with the immune and stromal infiltration of pro- and anti- 
tumorigenic cells. This further confirmed the malignancy of the Stiff 
subtype and explain the unfavorable prognosis of this subtype GI- 
tumor. Taken together, such molecules and cells were inter
connected within TME, contributing to shaping a “stiff” tumor and 
immunosuppressive TME, thereby promoting cancer progression.

Despite advances in chemotherapy and molecularly targeted 
drugs, drug insensitivity and chemoresistance are two tough chal
lenges for management of GI-cancers. MS has been revealed to 
promote drug resistance in mammary cancer cells [54], HCC cells 
[55] and pancreatic cancer cells [56], but soft matrix has also been 
reported to induce drug resistance in laryngeal squamous cell car
cinoma cells [57]. In our study, the MS-score constructed by ma
chine-learning methods was positively correlated with the IC50 of 
multiple drugs in GI-relevant cells, indicating that the sensitivity of 
chemotherapy decreases with the tumor matrix stiffening. ECM 
stiffness inducing chemoresistance may be owing to the matrix 

Fig. 7. Construction and validation of the MS-score. (A) Venn diagram of intersection of DEGs and cancer driver genes in the GI-cancer samples of TCGA cohort. The cut-off criteria 
of DEGs were |logFC| >  0.8 and an adjusted p  <  0.05. The intersected genes were further screened by Univariate Cox analysis (p  <  0.0001). (B) The performances of four machine- 
learning algorithms for feature selection were, respectively, evaluated in the train set and test set. AUCs were generated by ROC analysis. (C) Venn diagram identified 11 of the 
most critical MS-specific genes that were shared by four feature selection algorithms. (D) The protein-protein interaction network is formed using the key MS-associated driver 
genes. (E) Gene-level summary of the genomics features in the GI pan-cancer samples. Bar plot shows the expression of 11 crucial MS-associated driver genes. Heat maps show the 
hazard ratios of key MS-associated driver genes, the correlation between the expression of these MS-related driver genes and the activation of several typical biological processes 
in the three MS subgroups. (F) Left panel: confusion matrices of binary results of the MS-score for the train set (upper) and test set (lower). Right panel: ROC curves of the MS- 
score in distinguishing the Stiff tumor and the other subtype in the train set (upper) and test set (lower). (G) Kaplan–Meier survival analysis of the MS-score in the TCGA (left) and 
Microarray (right) cohorts. (H) Correlation of the MS-score with the typical biological processes. Validation of the performance of the MS-score in distinguish the Stiff subtype and 
the other tumors via two independent cohorts, a PDAC cohort (I) and a HCC cohort (L). Box plots displayed the activation of the typical biological processes among the MS subtypes 
in the independent PDAC (J) and HCC cohort (M). (K) Kaplan–Meier survival analysis showed that higher MS-score referred worse OS and PFS for the PDAC patients. (N) The MS- 
score was significantly higher in the response group (left), and the response rates were obviously higher in the Stiff tumors than in the others (right). *P  <  0.05, * **p  <  0.001. 
XGBoost, extreme gradient boosting; RF, Random Forest; LASSO, least absolute shrinkage and selection operator; SVM, support vector machine; ROC, receiver operating char
acteristic; AUC, areas under curve; TCGA, The Cancer Genome Atlas; OS, overall survival; DFS, disease-free survival; HCC, hepatocellular carcinoma.
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structure with high deposition of collage and proteoglycans acts as a 
dense barrier for prevention of drug absorption or delivery [15]. In 
addition, the Stiff subtype exhibited significant activation of EMT 
program and TGF-β signaling, which are two critical contributors to 
anti-cancer drug resistance [58,59]. Thus chemotherapy sensitivity 
decreasing in the Stiff tumor can be explained. Moreover, most of the 
11 MS-signature genes were negatively correlated with many clas
sical cancer therapeutic targets, further suggesting the MS-signature 
could be biomarkers for predicting the development of che
motherapy resistance. Anti-stromal therapies are showing con
siderable promise in the treatment of some tumors, such as PDAC 
[60], a GI-cancer type that has higher MS degree in our study. 
Stromal inhibitors may have the potential to improve chemotherapy 
sensitivity in the patients with high MS-score, but further in vitro 
and in vivo studies are needed to classified the specific effects and 
mechanisms.

5. Conclusion

In summary, our study revealed the MS heterogeneity in GI- 
cancers and advocate to term the MS subtypes as “Stiff”, “Mixed”, 
and “Soft” due to their distinct molecular features in the tumor 
matrix. We described the differences of biological behaviors be
tween MS subtypes, affording the biological interpretability for the 
difference of prognosis. Besides, the genomic and transcriptional 
landscape of MS subtypes were preliminarily revealed. Moreover, to 
provide predictions for MS subtypes and chemotherapy response, a 
robust and concise model including only 11 pivotal MS-related genes 
was established. The comprehensive characterization of the hier
archical MS subtypes within the TME facilitates our understanding 
of the MS heterogeneity in GI-cancers, helps the clinical stratifica
tion and assists the clinical decision-making process.
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