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The efficacy of immune checkpoint inhibitors in colon cancer has been established, and there is an 
urgent need to identify new molecular markers for colon cancer immunotherapy to guide clinical 
decisions. Using the “EPIC” and “MCPcounter” R packages to conduct cancer-associated fibroblast 
(CAF) infiltration scoring on colon cancer samples from the TCGA database and the GEO database, the 
WGCNA analysis was performed on the two databases’ samples based on the CAF infiltration scores 
to screen for CAF-related genes. LASSO regression analysis was used to construct a risk model with 
these genes. Comprehensive bioinformatics analysis was conducted on the constructed model to 
evaluate the stability of its prediction of CAF infiltration abundance and the stability of its prediction 
of immunotherapy efficacy. The newly constructed risk model could well reflect the abundance of CAF 
infiltration in colon cancer, with a correlation coefficient of 0.91 in the training cohort TCGA-COAD 
and 0.88 in the validation cohort GSE39582. GSEA analysis revealed that CAF is closely related to 
functions associated with extracellular matrix remodeling. The constructed risk model can predict the 
efficacy of immunotherapy in colon cancer well, with the high-risk group showing significantly poorer 
immunotherapy response than the low-risk group, with an expected effective rate of immunotherapy 
of 68 vs. 24% in the training group (P < 0.001) and 64 vs. 26% in the validation group (P < 0.001). The 
AUC value for predicting immunotherapy response by the risk model in the training group was 0.780 
(95% CI 0.736–0.820), and in the validation group, the AUC value was 0.774 (95% CI 0.735–0.810). 
Drug sensitivity analysis showed that the expected chemotherapeutic effect in the low-risk group was 
superior to that in the high-risk group. CAF is associated with immunosuppression and drug resistance. 
Predicting the efficacy of immunotherapy in colon cancer based on the abundance of CAF infiltration 
is a feasible approach. For the high-risk population identified by our model, clinical consideration 
should be given to prioritizing non-immunotherapy approaches to avoid potential risks associated with 
immunotherapy.
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Colorectal cancer (CRC) maintains its position as the third most prevalent and second most lethal malignancy 
globally1. The latest epidemiological data shows that in the United States, colorectal cancer is still the third 
most common cancer and the second leading cause of cancer-related deaths2. Paradoxically, while overall CRC 
incidence demonstrates a declining trajectory[3], surveillance data reveal concerning escalations in both early-
onset presentations (age < 50 years) and advanced-stage diagnoses3. Colon cancer is the most common subtype 
of colorectal cancer, accounting for about 70% of all pathological cases and posing a serious threat to human 
health and life3. Like most cancers, chemotherapy and surgery have been the mainstay of treatment for colon 
cancer. The choice of treatment regimen varies depending on the stage of the tumor. Surgery is the preferred 
treatment for localized colon cancer (stage I-III)4. Adjuvant chemotherapy is also administered to patients with 
locally advanced colon cancer or lymph node-positive (stage III) to eliminate any residual cancer cells and 
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reduce the risk of recurrence5. However, for advanced or metastatic colon cancer, a multimodal approach is 
often employed. In 2013, cancer immunotherapy was recognized as the top scientific breakthrough by SCIENCE 
magazine6. In the past decade, immune checkpoint inhibitors (ICIs) have revolutionized the treatment approach 
for many malignant tumors. However, only a small subset of patients with tumors respond well to ICIs7. Based 
on the results of the Keynote-177 study, pembrolizumab has been approved by the FDA for the treatment of 
MSI-H/dMMR colon cancer patients8. The CheckMate-142 study also demonstrated the feasibility of nivolumab 
in combination with ipilimumab for treating MSI-H/dMMR colon cancer9. Immunotherapy has now entered 
the clinical practice guidelines for colon cancer. MSI-H/dMMR is often used as a predictive biomarker for 
treatment efficacy in colon cancer immunotherapy8–10. However, MSI status alone is insufficient to identify 
potential immunotherapy beneficiaries in colon cancer. In the Keynote-177 study, even among the selected 
MSI-H/dMMR patients, the overall response rate to immunotherapy was only 43%11. Therefore, there is an 
urgent need for more precise biomarkers to predict the clinical efficacy of immunotherapy.

Current research indicates that different tumor microenvironments (TME) lead to varying outcomes in ICIs 
therapy12. TME refers to the cellular environment in which tumors or tumor stem cells exist. TME consists 
of various immune-infiltrating cells (such as macrophages, dendritic cells, and lymphocytes), blood vessels, 
extracellular matrix (ECM), cancer-associated fibroblasts (CAFs), myeloid-derived suppressor cells (MDSCs), 
cytokines, and signaling molecules13–15. CAFs, one of the most important stromal cell components in TME, 
have been shown in the majority of studies to promote tumor progression. CAFs remodel the ECM, weaken 
the tumor immune microenvironment, and the reshaped ECM protein network acts as a physical barrier to 
hinder immune cells from entering cancer cells16,17. This, in turn, promotes immune escape18–21. CAFs express 
programmed death ligand-1 and − 2 (PD-L1 and PD-L2), which bind to programmed death receptor 1 (PD-1) 
on the surface of T cells, inhibiting the anti-tumor immune response of T cells22. CAFs can also inhibit innate 
and adaptive anti-tumor immune responses through the secretion of various chemokines and cytokines, such 
as transforming growth factor-beta (TGF-β), interleukin-6 (IL-6), and chemokine ligand 12 (CXCL12)23,24. 
Additionally, CAFs can convert the Th1 phenotype to Th2 and recruit regulatory T cells (Tregs) to suppress 
the cytotoxicity of CD8 + T cells25. Moreover, in colorectal cancer, CAF-derived prostaglandin E2 (PGE2) and 
indoleamine 2,3-dioxygenase (IDO) can down-regulate the expression of NK activating receptors, perforin, 
and granzyme B, thereby inhibiting the cytotoxicity and cytokine production of NK cells26. Studies have also 
shown a close relationship between CAFs and CRC prognosis, with genes that are positively correlated with CRC 
recurrence and poor prognosis being mainly upregulated in CAFs rather than tumor cells19. The above research 
indicates the central role of CAFs in the tumor immune-suppressive microenvironment. Therefore, we speculate 
that a high infiltration of CAFs in colon cancer tissue implies a poor response to immune therapy, and assessing 
CAF abundance for predicting the efficacy of immune therapy in colon cancer is a feasible approach.

This study aims to use the “EPIC” and “MCPcounter” R packages to score the CAF infiltration abundance 
in colon cancer samples from the GEO database and TCGA-COAD samples. Based on the scoring results, the 
Weighted Gene Co-Expression Network Analysis (WGCNA) will be applied to perform correlation analysis 
on the two groups of samples to identify CAF-related genes. A CAF risk model will be constructed using the 
obtained CAF-related genes, where the expression levels of the CAF-related genes in colon cancer tumor tissue 
will reflect the abundance of CAF infiltration. The correlation between the risk scores obtained from the model 
and CAF infiltration abundance will be assessed. Based on the constructed risk model, the samples will be 
divided into high and low-risk groups, and the survival and expected immune therapy responses between 
the two groups will be evaluated, along with the assessment of the immune microenvironment and immune 
cell infiltration between the two groups. GSEA analysis will be conducted on the high and low-risk groups to 
explore the feasibility of predicting immune therapy based on CAF infiltration scoring. Finally, the obtained 
risk model will be validated using an external dataset. Through comprehensive bioinformatics analysis, the 
potential relationship between CAF infiltration abundance and the expected immunotherapy efficacy in colon 
cancer was explored, seeking a new immunotherapy auxiliary decision-making tool for colon cancer patients, 
and providing preliminary research foundations for CAF infiltration abundance as a predictive marker for the 
efficacy of immunotherapy in colon cancer.

Method
The workflow of the whole study is presented in (Fig. 1).

Data processing and preprocessing
Transcriptome data (TSV format) and clinical information data (XML format) of colon adenocarcinoma (COAD) 
samples were downloaded from The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/) 
and processed using a Perl script to obtain the required gene expression matrix and clinical information file. The 
dataset contains a total of 476 tumor samples after excluding some normal tissue samples before analysis. Raw 
microarray data of colon cancer datasets GSE39582, GSE44076, and GSE143985 were downloaded from the Gene 
Expression Omnibus (GEO) website (http://www.ncbi.nlm.nih.gov/geo/). The original data were processed and 
transformed into gene expression matrix using Perl script. Among GSE44076 and GSE143985 transcriptome 
data, some normal tissue samples were excluded before analysis, resulting in a total of 768 tumor tissue samples. 
The three datasets were normalized and adjusted using the “limma” and “sva” packages in R language and 
integrated into a comprehensive gene matrix. The GSE39582 dataset is a large cohort of colon cancer patients 
collected by the French National Cancer Institute, containing detailed patient clinical information and survival 
data files. We selected this cohort as an independent validation set for subsequent prognostic model analysis.
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Use WGCNA analysis to screen for CAF-related genes
The “EPIC"27and “MCPcounter"28 R language packages are commonly used in bioinformatics analysis to assess 
the abundance of CAF infiltration in tumor tissues based on gene expression data. These two R language 
packages were respectively used to score the CAF infiltration in colon cancer samples obtained from the GEO 
database and the TCGA database. The Weighted Gene Co-expression Network Analysis (WGCNA) method 
aims to identify modules of genes that are co-expressed and explore the relationships between gene networks 
and the phenotypes of interest, as well as determine core genes within the network29. The “WGCNA”, ”limma” 
and ”gplots” software package in R language was used to conduct WGCNA analysis on the GEO samples and 
TCGA samples separately to identify gene modules most relevant to CAF and obtain the corresponding core 
genes of the modules. The intersection of core genes obtained from the GEO and TCGA samples were considered 
as CAF-related genes. The CAF-related genes obtained were subjected to Gene Ontology (GO)30 and Kyoto 
Encyclopedia of Genes and Genomes (KEGG) enrichment analysis31–34.

Fig. 1.  The workflow of the study.
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Construct risk model using CAF-related genes
Firstly, perform univariate Cox regression and survival analysis on CAF-related genes to identify prognostic-
related genes, with a significance threshold set at p < 0.05. Subsequently, a risk model was constructed using 
LASSO regression analysis, and LASSO regression graphs were plotted. To evaluate the model’s predictive 
performance and prevent overfitting, the cv.glmnet() function from the “glmnet” R package was used to plot 
cross-validation graphs and identify the point with the smallest cross-validation error. TCGA dataset will be 
used as the training set, and the GSE39582 dataset will be used as the validation set.

The risk score is calculated using the following formula: 

	
Risk score =

∑
[Exp (Gene) * coef (Gene)]

 where Exp(Gene) is the expression level of the CAF-related gene, and coef(Gene) is the corresponding regression 
coefficient. Finally, based on the median risk score, all samples in the TCGA-COAD cohort and the GSE39582 
cohort were divided into high-risk and low-risk groups. Survival curves were plotted using the “survival” and 
“survminer” R language packages.

Analyze the correlation between the risk score and CAF infiltration abundance
Use the “GGally” R package to analyze the correlation between the risk scores obtained from the model and 
CAF infiltration abundance. Use the “limma” and “pheatmap” R packages to analyze the correlation between 
the risk scores and the expression levels of CAF-related genes reported in previous literature. Perform ssGSEA 
analysis to screen for pathways that are most correlated with the risk scores. Validate the expression differences 
of the genes involved in the model construction between fibroblasts and colon cancer using the CCLE database.

Analyze the drug sensitivity and immunotherapy sensitivity between the high-risk and low-
risk groups
Upload the gene expression data from the TCGA-COAD and GSE39582 cohorts to the TIDE website ​(​​​h​t​t​p​:​/​/​t​i​
d​e​.​d​f​c​i​.​h​a​r​v​a​r​d​.​e​d​u​/​​​​​) to obtain TIDE scores and evaluate the response to immunotherapy in the high-risk and 
low-risk groups. Obtain the database files (GDSC2_Expr.rds and GDSC2_Res.rds)35 from the GDSC website 
(http://www.cancerrxgene.org/) for further analysis. Use the “oncoPredict” R package36 to evaluate the sensitivity 
of the high-risk and low-risk groups to drugs based on the GDSC database files.

Perform GSEA enrichment analysis for the high-risk and low-risk groups
GSEA enrichment analysis is a commonly used bioinformatics method for assessing whether there is a significant 
enrichment of predefined gene sets between two biological states. Based on the constructed risk model, the 
samples from the TCGA cohort and GSE39582 cohort were divided into high and low-risk groups. Gene sets 
“c5.go.symbols.gmt” and “c2.cp.kegg.Hs.symbols.gmt” were downloaded from the MSigDB database ​(​​​h​t​t​p​s​:​/​/​
w​w​w​.​g​s​e​a​-​m​s​i​g​d​b​.​o​r​g​/​g​s​e​a​/​i​n​d​e​x​.​j​s​p​​​​​)​. The R language packages “clusterProfiler”, “enrichplot”, “limma”, and ​“​o​r​g​.​
H​s​.​e​g​.​d​b​” were used to conduct GSEA enrichment analysis on the high and low-risk groups. Enrichment analysis 
was conducted to observe which functions and pathways were enriched in the high-risk and low-risk groups. 
Subsequently, single-sample Gene Set Enrichment Analysis (ssGSEA) was performed on different signaling 
pathways to analyze the correlation between different pathways and the risk scores obtained from the model. For 
the ssGSEA analysis, consider pathways with p < 0.001 and correlation coefficient > 0.7 to be significant.

Analyze the immune characteristics of the high-risk and low-risk groups
Divide the TCGA-COAD and GSE39582 cohorts into high-risk and low-risk groups based on the risk model. 
Evaluate the tumor microenvironment characteristics of the high-risk and low-risk groups using the ESTIMATE 
algorithm37 Analyze the infiltration profiles of 22 immune cell types in the high-risk and low-risk groups using 
the CIBERSORT algorithm38.

Statistical method
To perform statistical analysis using R software version 4.3.1, use a significance level of p < 0.05 to determine 
statistical significance. Additionally, we define the significance levels as follows: p < 0.05 as “*”, p < 0.01 as “**”, 
and p < 0.001 as “***”.

Result
WGCNA analysis screened 84 CAF-related genes
Using the “EPIC” and “MCPcounter” R language packages, CAF infiltration scores were successfully assessed 
for colon cancer samples from the GEO database and TCGA-COAD samples. Based on the CAF infiltration 
scores obtained from these two software tools, WGCNA analysis was conducted to identify the most CAF-
related gene modules in the samples. Topological Overlap Matrix (TOM) and module correlation heatmaps 
were generated for the WGCNA analysis based on the CAF scores obtained from the “EPIC” software(Fig. 
2A–D) and the “MCPcounter” software (Fig. 2E–H). From the TOM, the turquoise module with the strongest 
correlation is shown in deeper color, and the module correlation heatmap results indicate that the turquoise 
module has the smallest correlation test p-value, suggesting that the turquoise module is the most CAF-related 
gene module, and the core genes within the blue-green module are considered CAF-related genes. Take the 
intersection of the genes obtained from the TCGA and GEO samples as the CAF-related genes for each scoring 
software. Finally, obtain the intersection of CAF-related genes obtained from both scoring software as the final 
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set of CAF-related genes. Interestingly, the CAF-related genes obtained using the “EPIC” and “MCPcounter” R 
packages are consistent. In total, 84 CAF-related genes are identified (Table 1).

Perform GO enrichment analysis on the obtained CAF-related genes, and the results show enrichment 
in functions closely related to fibroblasts, such as extracellular matrix organization, extracellular structure 
organization, extracellular matrix structural constituent, collagen-containing extracellular matrix, and collagen 
fibril organization (Fig. 3A). KEGG enrichment analysis demonstrates enrichment in pathways such as protein 
digestion and absorption, PI3K-Akt signaling pathway, focal adhesion, and ECM-receptor interaction (Fig. 3B).

Constructed a risk model using the obtained CAF-related genes
Perform univariate and Cox regression to screen for prognostically relevant genes. Use the TCGA-COAD 
cohort as the training set to build the risk model, and validate the model’s accuracy using the GSE39582 cohort. 
Apply lasso regression analysis using the selected CAF-related genes to construct the risk model. Use cross-
validation to obtain the optimal value of lambda (λ) (Fig. 3C, D). Finally, a risk model with 4 CAF-related 
genes is determined, including VEGFC, QKI, VIM, and ITGA5. The risk score is calculated using the following 
formula: RiskScore = VEGFC(Exp)*0.0113 + QKI(Exp)*0.0016 + VIM(Exp)*0.087 + ITGA5(Exp)*0.033.

Based on the risk model, divide the samples into high-risk and low-risk groups. Survival curves show that 
both in the TCGA-COAD cohort (Fig. 3E) and the GSE39582 cohort (Fig. 3F), the low-risk group has a better 
prognosis than the high-risk group.

The risk score obtained from the model is significantly correlated with CAF infiltration 
abundance
We analyzed the correlation between the risk score and CAF infiltration abundance obtained from different 
scoring software to explore the correlation between the risk score and CAF infiltration abundance. The results 
show that in both the TCGA-COAD cohort (Fig. 4A) and the GSE39582 cohort (Fig. 4B), the risk score is 
positively correlated with CAF infiltration abundance obtained from all scoring software, indicating that higher 
risk scores are associated with higher CAF infiltration abundance. Furthermore, we analyzed the correlation 
between the risk score and the expression levels of CAF-related genes reported in previous literature. The results 
show that CAF-related genes reported in the literature are significantly upregulated in the high-risk group 
and downregulated in the low-risk group (Fig. 4C). Subsequently, we used the CCLE database to validate the 
expression differences of the genes involved in the model construction between fibroblasts and colon cancer. 
The results show that all the genes involved in the model construction are significantly upregulated in CAF and 
downregulated in colon cancer tissues (Fig. 4D, E).

Fig. 2.  (A) The topological overlap matrix (TOM) of TCGA samples using weighted gene co-expression 
network analysis (WGCNA) based on the EPIC score. (B) The heatmap of module-trait correlations. (C) The 
TOM of GEO samples using WGCNA based on the EPIC score. (D) The heatmap of module-trait correlations. 
(E) The TOM of TCGA samples using WGCNA based on the MCPcounter score. (F) The heatmap of module-
trait correlations. (G) The TOM of GEO samples using WGCNA based on the MCPcounter score. (H) The 
heatmap of module-trait correlations.
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The CAF-related genes:

CNRIP1

PTPRM

TCF4

ZNF521

FBXL7

TSPYL5

TGFB1I1

VEGFC

PECAM1

NUAK1

PLEKHO1

ATP8B2

SNAI2

CMTM3

QKI

AXL

CD93

GNB4

TUBB6

OSMR

MITF

VIM

KCNE4

FRMD6

FSTL1

FERMT2

EFEMP2

HEG1

SDC2

COL18A1

GLIS2

GLT8D2

THY1

GPC6

HTRA1

PDGFRB

SERPINF1

PXDN

NXN

C1R

OLFML2B

ITGA5

EMILIN1

CDH11

SPARC

COL15A1

CTSK

COL5A1

C1S

DDR2

MXRA8

TIMP2

CALD1

VCAN

COL6A2

COL5A2

Continued
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The comprehensive analysis suggests that the risk score obtained from the model can effectively differentiate 
the CAF infiltration abundance in different samples, with higher risk scores associated with higher CAF 
infiltration abundance. Finally, we further analyzed the correlation between the risk score and the expression 
levels of immune therapy-related genes reported in previous literature. The results show that the risk score is 
significantly correlated with the expression levels of most immune therapy-related genes (Fig. 4F), indicating 
that the newly constructed risk model may predict the effectiveness of immune therapy in colon cancer patients.

The risk model can effectively predict the efficacy of immunotherapy and chemotherapy in 
colon cancer
To evaluate the ability of the constructed risk model to predict the efficacy of immunotherapy in colon cancer, 
TIDE scores were obtained from the TIDE website (http://tide.dfci.harvard.edu/) to assess the response to 
immunotherapy in the high and low-risk groups. The results showed that in both the TCGA cohort (Fig. 5A) 
and the GSE39582 cohort (Fig. 5B), the TIDE scores in the low-risk group were significantly lower than those 
in the high-risk group. Subsequent bar charts of the expected response rates to immunotherapy also showed 
that the response rate in the low-risk group was significantly higher than that in the high-risk group (P < 0.001), 
with the TCGA cohort showing 68 vs. 24% (P < 0.001) (Fig. 5C) and the GSE39582 cohort showing 64 vs. 26% 
(P < 0.001) (Fig. 5D). This suggests that the low-risk group has a significantly better response to immunotherapy 
than the high-risk group. ROC curves demonstrate that the AUC values for predicting the effectiveness of 
immunotherapy based on the risk model are 0.780(95% CI 0.736–0.820) in the TCGA cohort (Fig. 5E) and 
0.774(95% CI 0.735–0.810) in the GSE39582 cohort (Fig. 5F), suggesting that the newly constructed risk model 
can effectively predict the response to immunotherapy in colon cancer.

Furthermore, using the “oncoPredict” R package, we predicted the expected treatment response to commonly 
used chemotherapy drugs in the high-risk and low-risk groups. The results show that the sensitivity of the most 
commonly used drug for colon cancer, oxaliplatin, is significantly higher in the low-risk group compared to 
the high-risk group (Fig. 5G). However, there is no significant difference in the sensitivity to the other two 
commonly used chemotherapy drugs, 5-fluorouracil (Fig. 5H) and irinotecan (Fig. 5I). This suggests that the 
expected chemotherapy response is better in the low-risk group compared to the high-risk group.

The CAF-related genes:

FIBIN

FBN1

DCN

ANGPTL2

RAB31

GFPT2

SERPING1

COL3A1

FAP

ADAMTS2

MMP2

DPYSL3

COL1A2

COL6A3

CCDC80

MXRA5

PRRX1

BGN

LUM

ADAM12

ANTXR1

COL8A1

AEBP1

SULF1

GAS1

FNDC1

SPOCK1

THBS2

Table 1.  CAF-related genes.

 

Scientific Reports |        (2025) 15:16550 7| https://doi.org/10.1038/s41598-025-01185-x

www.nature.com/scientificreports/

http://tide.dfci.harvard.edu/
http://www.nature.com/scientificreports


The high-risk group in the TCGA cohort and the GSE39582 cohort show similar enrichment in 
terms of functional and pathway analysis
According to the model, we divided the TCGA cohort and GSE39582 cohort into high-risk and low-risk groups. 
GSEA analysis showed similar functional enrichments in the high-risk groups of both cohorts (Fig. 6A, B). In 
both cohorts, the high-risk groups exhibited enrichment in functions closely related to CAF, such as collagen-
containing extracellular matrix, collagen trimer, and extracellular matrix structural constituent. Similarly, the 
KEGG pathway analysis showed similar pathway enrichments in the high-risk groups of both cohorts (Fig. 6C, 
D). These pathways included cell adhesion molecules, cytokine-cytokine receptor interaction, ECM-receptor 
interaction, and focal adhesion, which are all closely related to CAF. However, in the low-risk groups, the TCGA 
cohort and GSE39582 cohort showed different functional (Fig. 7A, B) and pathway enrichments (Fig. 7C, D). 
The GSEA enrichment analysis results indicated significant enrichment in CAF-related pathways in the high-risk 
group, while no enrichment was observed in the low-risk group. This further suggests that the CAF infiltration 
abundance is significantly higher in the high-risk group compared to the low-risk group.

Conduct SsGSEA analysis to screen for pathways that are most correlated with the risk score
We performed ssGSEA enrichment analysis on both the TCGA-COAD cohort and GSE39582 cohort, with a 
correlation coefficient threshold set at 0.7. The results show that in both cohorts, the following six pathways: 
cell adhesion molecules, ECM-receptor interaction, focal adhesion, hypertrophic cardiomyopathy, leukocyte 
transendothelial migration, and regulation of actin cytoskeleton, are significantly associated with the risk score 
(Fig. 8A, B). These six pathways are identified as the most closely related to the risk score. Moreover, we observed 
that the correlation coefficients for ECM-receptor interaction and focal adhesion are both greater than 0.8 in 
both cohorts. Previous studies have shown that CAF is closely associated with the remodeling of the extracellular 
matrix. The ECM-receptor interaction and focal adhesion pathways are both ECM-related pathways. This further 
suggests that the risk model constructed in this study is closely associated with CAF infiltration.

The high-risk and low-risk groups exhibit different immune characteristics
We used the ESTIMATE algorithm37 to score the tumor microenvironment in both the TCGA cohort and the 
GSE39582 cohort. We analyzed the differences in the immune microenvironment between the high-risk and 
low-risk groups. The results show that in both the TCGA cohort (Fig. 9A) and GSE39582 cohort (Fig. 9B), 
significant differences are observed in the stromal score, immune score, and ESTIMATE score between the 
high-risk and low-risk groups. We further analyzed the infiltration of 22 immune cell types in the high-risk 
and low-risk groups of both the TCGA cohort and GSE39582 cohort using the CIBERSORT algorithm38. The 

Fig. 3.  Perform GO analysis and KEGG analysis on the screened CAF-related genes. (A) GO analysis bubble 
chart. (B) KEGG analysis bubble chart. (C) The tuning parameter (λ) in the LASSO model (D) LASSO 
coefficient distribution of CAF-related genes. The samples were divided into high-risk and low-risk groups 
based on the constructed risk model. (E) There was a significant difference in the survival curves between the 
high-risk and low-risk groups in the TCGA-COAD cohort. (P = 0.002). (F) There was a significant difference in 
the survival curves between the high-risk and low-risk groups in the GSE39582 cohort. (P = 0.018)
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results indicate similar immune cell infiltration patterns between the two cohorts (Fig. 9C, D). Plasma cells and 
CD4 memory T cells show significantly higher infiltration in the low-risk groups of both cohorts, while M0 
macrophages and neutrophils exhibit significantly higher infiltration in the high-risk groups of both cohorts.

Discussion
Currently, the effectiveness of immune checkpoint inhibitors (ICIs) in cancer treatment has been established. 
However, only a small proportion of cancer patients have shown favorable responses to ICIs. In colon cancer, 
it is widely recognized that patients with dMMR/MSI-H tumors may benefit from immune therapy, but this 
subtype accounts for only about 15% of all colon cancer cases39. Nevertheless, pooled analysis of clinical trials 
reveals heterogeneous outcomes even within this molecular cohort, with objective response rates oscillating 
between 32 and 63%, indicating that at least 30% of dMMR/MSI-H patients derive suboptimal therapeutic 
benefit40. Additionally, there have been clinical studies demonstrating that a subset of MSS patients also shows 
good responses to ICIs41. This suggests that MSI status is not a perfect predictive marker for immune therapy 
outcomes in colon cancer. Therefore, there is a clinical need to identify new predictive markers for immune 
therapy efficacy.

Previous studies have shown that solid tumors can exhibit two phenotypes in response to immune therapy: 
“hot tumors” with favorable responses characterized by T lymphocyte infiltration, and “cold tumors” with no or 
limited T lymphocyte infiltration and poor response16. Cancer-associated fibroblasts have been proposed to play 
a critical role in mediating T lymphocyte exclusion42. Studies have also shown that high CAF infiltration in colon 
cancer is associated with poor response to immunotherapy43. Therefore, we hypothesize that the level of CAF 
infiltration in colon cancer tissue may be predictive of the effectiveness of immune therapy.

Firstly, this study identified CAF-related genes in colon cancer through comprehensive bioinformatics 
analysis and successfully constructed a risk model using these identified genes. The constructed risk model 
can effectively reflect the infiltration abundance of CAF in colon cancer tissues. In both the training group 
TCGA-COAD cohort and the validation group GSE39582 cohort, the risk scores were positively correlated with 
the CAF infiltration abundance obtained from all scoring software, indicating that the higher the risk score, 
the greater the abundance of CAF infiltration. Further analysis of the expression levels of CAF-related genes 
reported in previous literature in the high-risk and low-risk groups showed that these genes were significantly 
upregulated in the high-risk group and downregulated in the low-risk group. Subsequently, validation using 
the CCLE database showed that the genes involved in the model construction were significantly upregulated in 
fibroblasts and downregulated in colon cancer tissues. The comprehensive bioinformatics analysis suggests that 

Fig. 4.  (A) Correlation between risk scores and CAF infiltration abundance from different scoring software 
in the TCGA cohort. (B) Correlation between risk scores and CAF infiltration abundance from different 
scoring software in the GSE39582 cohort. (C) The expression pattern of CAF-related genes reported in 
previous studies in patients of both high and low-risk groups. (D,E) Validation in the CCLE database shows 
that the genes involved in model construction are highly expressed in fibroblasts and lowly expressed in large 
intestine tissues. (F) Risk scores are significantly correlated with most immune-related genes associated with 
immunotherapy.

 

Scientific Reports |        (2025) 15:16550 9| https://doi.org/10.1038/s41598-025-01185-x

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


the constructed risk model can effectively reflect the abundance of CAF infiltration in colon cancer tissue, with 
higher risk scores associated with higher CAF infiltration abundance.

Subsequently, to evaluate the immunotherapy prediction ability of the risk model, patients in the training 
group TCGA-COAD cohort and the validation group GSE39582 cohort were divided into high and low-risk 
groups based on the risk model. The TIDE scores were used to predict the immunotherapy efficacy in both high 
and low-risk groups. The results showed that the expected immunotherapy efficacy in the low-risk group was 
significantly better than that in the high-risk group, with an expected effective rate of 68 vs. 24% in the training 
group (P < 0.001) and 64 vs. 26% in the validation group (P < 0.001). The Keynote-177 study indicates that even 
in the selected MSI-H/dMMR patient population, the overall effective rate of immunotherapy is only 43%11, 
which suggests that the newly constructed model can predict the efficacy of immunotherapy in colon cancer 
relatively well. The AUC value for predicting the effective rate of immunotherapy based on the risk model in 
the training group was 0.780, and in the validation group, the AUC value was 0.774. Many studies use CAF-
related genes to construct models for predicting the survival rate of cancer patients, with AUC values of 0.6544, 
0.7445, and 0.7346, respectively. The AUC of the model constructed in this study is slightly higher than that of 
the aforementioned studies, which further highlights the reliability of the model constructed in this research. 
Further analysis of immune cell infiltration between the high-risk and low-risk groups in the TCGA-COAD 
and GSE39582 cohorts revealed that in the low-risk group, there was significantly higher infiltration of plasma 
cells and T lymphocytes compared to the high-risk group. Previous studies have shown that CD8 T cells have 
difficulty infiltrating into tumors rich in CAF, but accumulate at the tumor edge, leading to immune therapy 
resistance42,47. Single-cell studies have also shown that CAF is associated with immune therapy resistance in 
tumors48,49. The risk model constructed in this study suggests that high CAF infiltration levels in colorectal 
cancer tumor tissue are associated with decreased T lymphocyte infiltration and poor expected immune therapy 
response, which is consistent with previous research. Therefore, this study also suggests that predicting the 
efficacy of immune therapy in colon cancer based on CAF infiltration levels is a feasible approach.

There is growing evidence that CAF is associated with resistance to various cancer therapies and plays a role 
in enhancing tumor resistance to drugs50–52. In colon cancer, CAF has been shown to promote drug resistance 
as well53,54. A recent study demonstrated that CAF-derived exosomal lncRNA FAL1 promotes resistance 
to the chemotherapy drug oxaliplatin in colon cancer by regulating autophagy53. In this study, we used the 
“oncoPredict” R package to predict the expected treatment response to commonly used chemotherapy drugs in 

Fig. 5.  (A) In the TCGA cohort, the TIDE scores in the low-risk group are significantly lower than those in 
the high-risk group (P < 0.001 is * * *). (B) In the GSE39582 cohort, the TIDE scores in the low-risk group are 
significantly lower than those in the high-risk group (P < 0.001 is * * *). Suggesting that the low-risk group 
exhibits a significantly better response to immunotherapy compared to the high-risk group. (C) Bar graph 
of expected response rate in TCGA cohort (68 vs. 24%, P < 0.001). (D) Bar graph of expected response rate 
in GSE39582 cohort (64 vs. 26%, P < 0.001). (E) In the TCGA cohort, the area under the curve (AUC) for 
predicting the efficacy of immunotherapy based on the risk model is 0.780. (F) In the GSE39582 cohort, the 
AUC for predicting the efficacy of immunotherapy based on the risk model is 0.774. Different drug sensitivity 
of the high and low-risk groups. (G) Oxaliplatin. (H) 5-fluorouracil. (I) irinotecan.
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the high-risk and low-risk groups. The results showed that, in the low-risk group, sensitivity to oxaliplatin was 
significantly higher compared to the high-risk group. This is consistent with previous studies, as the previous 
bioinformatics analysis in this study suggested that high risk is associated with higher CAF infiltration levels, 
indicating a relationship between CAF and oxaliplatin resistance in colon cancer. Overall, the findings of this 
study support the notion that CAF is indeed associated with oxaliplatin resistance in colon cancer, in line with 
previous research.

Many studies suggest that CAFs can remodel the extracellular matrix (ECM), improving the tumor 
microenvironment, inducing drug resistance, and promoting tumor immune evasion21,55,56. GO analysis of the 
identified CAF-related genes in our study revealed significant functional enrichment in ECM-related processes, 
including extracellular matrix organization, extracellular structure organization, extracellular matrix structural 
constituent, collagen-containing extracellular matrix, and collagen fibril organization. This indicates that CAFs 
indeed play a crucial role in ECM remodeling. Subsequently, we performed ssGSEA analysis on the TCGA-
COAD and GSE39582 cohorts to identify the pathways most correlated with the risk score. The results showed 
a significant correlation between the risk score and ECM-related pathways in both cohorts, and the correlation 
coefficients between ECM receptor interaction and focal adhesion pathways were greater than 0.8. Functional 
and pathway enrichment analysis has shown that CAFs are closely related to functions and pathways associated 
with ECM remodeling, which is consistent with previous research findings. In the end, GSEA analysis was 
performed on the high and low-risk groups in both cohorts. The results showed that in the high-risk group, 
there was a similar enrichment of functions and pathways, which were closely related to CAFs. In contrast, the 
functions and pathways in the low-risk group were diverse. This suggests that the high-risk patients selected 
by the model constructed in this study may have a significantly high level of CAF infiltration. The correlation 
analysis between the risk score and CAF infiltration abundance indicated a significant positive correlation, 
which once again highlights the reliability of the model constructed in this research.

In summary, this study utilized public databases to identify CAF-related genes through comprehensive 
bioinformatics analysis and successfully constructed a risk model using these identified genes. The newly 
constructed model effectively reflects the abundance of CAF infiltration in colon cancer tissues and predicts the 

Fig. 6.  Similar functional enrichment between the TCGA cohort and the GSE39582 cohort in the high-risk 
group. (A) TCGA cohort. (B) GSE39582 cohort. Similar pathway enrichment between the TCGA cohort and 
the GSE39582 cohort in the high-risk group. (C) TCGA cohort. (D) GSE39582 cohort.
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efficacy of immunotherapy in colon cancer, both in the training group TCGA-COAD cohort and the validation 
group GSE39582 cohort. The results of this study indicate that predicting the efficacy of immunotherapy in 
colon cancer based on the abundance of CAF infiltration is a feasible approach, which paves the way for the 
exploration of new immunotherapy molecular markers in colon cancer. The findings also highlight again the role 
of CAFs as immunosuppressive factors in the immunological microenvironment of colon cancer. Additionally, 
the prognostic model constructed in this study has good predictive power for immunotherapy, which can help 
clinicians further screen potential beneficiaries of colon cancer immunotherapy and assist in clinical treatment 
decision-making.

However, our study also has limitations. Firstly, it is a bioinformatics study based on public databases, and 
although the results were consistently validated in an independent external dataset, the findings still need to be 
translated into clinical practice for further validation. Secondly, the model constructed in our study requires 
genetic sequencing for clinical application, which is not convenient for widespread clinical use. Exploring a 
method to use immunohistochemistry to detect the relative protein expression levels of the four genes involved 
in the model construction to predict the efficacy of immunotherapy in colon cancer would be a simpler approach. 
This is the direction of our research team for the next research phase.

Conclusion
In conclusion, this study constructs a risk model that can well reflect the infiltration abundance of CAF in colon 
cancer tissue and has good predictive power for immunotherapeutic effects, which is worthy of being promoted 
to clinical assistance for therapeutic decision-making. The results of this study also suggest that CAF plays the 
role of an immunosuppressor in the immunological microenvironment of colon cancer. Using the infiltration 
abundance of CAF to predict the immunotherapeutic effects of colon cancer is a potentially feasible method, 
which is worth further exploration of its potential molecular mechanisms.

Fig. 7.  The TCGA cohort and the GSE39582 cohort have different functional enrichments in the low-risk 
group. (A) TCGA cohort. (B) GSE39582 cohort. The TCGA cohort and the GSE39582 cohort have different 
pathway enrichments in the low-risk group. (C) TCGA cohort. (D) GSE39582 cohort.
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Fig. 8.  ssGSEA analysis was performed to identify pathways most correlated with the risk score. (A) TCGA 
cohort. (B) GSE39582 cohort.
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Data availability
The data that support the findings of this study are openly available inTCGA database: ​h​t​t​p​s​:​/​/​p​o​r​t​a​l​.​g​d​c​.​c​a​n​c​e​r​
.​g​o​v​/​r​e​p​o​s​i​t​o​r​y​G​E​O​​​​ database: https://www.ncbi.nlm.nih.gov/geo/.
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