
Ann Gastroenterol Surg. 2024;8:927–941.    | 927www.AGSjournal.com

Received: 21 December 2023  | Revised: 6 March 2024  | Accepted: 26 March 2024

DOI: 10.1002/ags3.12802  

O R I G I N A L  A R T I C L E

A new TGF- β risk score predicts clinical and immune landscape 
in colorectal cancer patients

Bing Tang |   Binggang Liu |   Zhiyao Zeng

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs License, which permits use and distribution in 
any medium, provided the original work is properly cited, the use is non-commercial and no modifications or adaptations are made.
© 2024 The Authors. Annals of Gastroenterological Surgery published by John Wiley & Sons Australia, Ltd on behalf of The Japanese Society of 
Gastroenterological Surgery.

Department of Gastrointestinal Surgery, 
Central Hospital of Yongzhou, Yongzhou, 
Hunan, China

Correspondence
Bing Tang, Department of Gastrointestinal 
Surgery, Central Hospital of Yongzhou, 
396 Yiyun Road, Lengshuitan, Yongzhou, 
Hunan 425000, China.
Email: 13874615070@163.com

Abstract
Background: Aberrant TGF- β signaling pathway can lead to invasive phenotype of 
colorectal cancer (CRC), resulting in poor prognosis. It is pivotal to develop an effec-
tive prognostic factor on the basis of TGF- β- related genes to accurately identify risk 
of CRC patients.
Methods: We performed differential analysis of TGF- β- related genes in CRC pa-
tients from databases and previous literature to obtain TGF- β- related differentially 
expressed genes (TRDEGs). LASSO- Cox regression was utilized to build a CRC prog-
nostic feature model based on TRDEGs. The model was validated using two GEO 
validation sets. Wilcoxon rank- sum test was utilized to test correlation of model with 
clinical factors. ESTIMATE algorithm and ssGSEA and tumor mutation burden (TMB) 
analysis were used to analyze immune landscape and mutation burden of high- risk 
(HR) and low- risk (LR) groups. CellMiner database was utilized to identify therapeutic 
drugs with high sensitivity to the feature genes.
Results: We established a six- gene risk prognostic model with good predictive ac-
curacy, which independently predicted CRC patients' prognoses. The HR group was 
more likely to experience immunotherapy benefits due to higher immune infiltration 
and TMB. The feature gene TGFB2 could inhibit the efficacy of drugs such as XAV- 
939, Staurosporine, and Dasatinib, but promote the efficacy of drugs such as CUDC- 
305 and by- product of CUDC- 305. Similarly, RBL1 could inhibit the drug action of 
Fluphenazine and Imiquimod but promote that of Irofulven.
Conclusion: A CRC risk prognostic signature was developed on basis of TGF- β- related 
genes, which provides a reference for risk and further therapeutic selection of CRC 
patients.
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1  |  INTRODUC TION

The second predominant cause of cancer- related death worldwide 
is colorectal cancer (CRC), one of the most prevalent malignant tu-
mors.1 With the increase in therapeutic options, the progression 
of CRC has been inhibited, and overall survival (OS) has been pro-
longed.2,3 In addition, population- based CRC screening like fecal oc-
cult blood tests and colonoscopy, has led to a consistent decrease 
in incidence and mortality of CRC.1,4,5 In clinical settings, TNM 
classification is frequently used for risk assessment and therapeu-
tic decision- making.6 But due to high molecular heterogeneity, even 
among patients with similar clinicopathological features, the risk of 
recurrence and death can vary greatly.6 To accurately identify the 
risk of CRC patients, fresh prognostic factors are urgently required.

TGF- β signaling can inhibit epithelial cell growth in normal tissue 
and promote the progression of tumor cells in late- stage cancer tissue.7 
In late- stage CRC, abnormal TGF- β signaling pathway can lead to the 
invasive phenotype of CRC, resulting in poor prognosis. For example, 
loss of SMAD4 expression is an independent adverse prognosticator 
for stage II/III CRC and liver metastasis after curative surgery.8 TGF- β 
can also inhibit intestinal immune cells and induce immune tolerance, 
which plays a protective role against luminal bacterial antigens.9,10 
TGF- β signaling disruption in the colon promotes cancer progression 
through epithelial cell transformation or tumor- matrix interaction.11,12 
Repression of TGF- β signaling is effective in the preclinical and clinical 
treatment of CRC.13 TGF- β- related prognostic risk models have been 
developed in other cancers such as bladder cancer, and their estab-
lishment provides important reference for individualized precision 
therapy for bladder cancer patients.14 Therefore, the development of 
TGF- β- related prognostic models has important clinical significance. 
However, there has been little research on the development of TGF- β- 
related prognostic risk models and their association with tumor micro-
environment (TME) phenotypes in CRC.

In this study, we integrated CRC- related genes and clinical pro-
files from TCGA and GEO to establish a novel TGF- β- related prog-
nostic signature and conducted immune analysis for specific patient 
populations. Finally, drug sensitivity prediction was performed 
based on the prognostic feature genes. This model provided some 
reference for the analysis of prognostic outcomes of cancer patients.

2  |  MATERIAL S AND METHODS

2.1  |  Data collection

RNA sequencing transcriptome data and clinical information of CRC 
were collected from The Cancer Genome Atlas (TCGA, https:// por-
tal. gdc. cancer. gov/ ), including 701 samples (normal: 51, tumor: 650). 
Gene expression profiles of TCGA- COAD/READ were obtained in 
COUNT format from TCGA, and the array dataset GSE29621 (tumor: 
65) and GSE39582 (tumor: 579) was from GEO (https:// www. ncbi. 
nlm. nih. gov/ geo/ ). TGF- β- related genes were searched in published 
literature.14

2.2  |  TGF- β  gene analysis

The differential analysis of transcriptome sequencing data between 
tumor and normal groups was performed using the edgeR pack-
age15 to obtain differentially expressed genes (DEGs) with thresh-
old |logFC| >0.585 and FDR <0.05. Finally, TGF- β- related DEGs 
(TRDEGs) were obtained. STRING website (https:// strin g-  db. org/ ) 
was utilized to generate a PPI network to visualize association be-
tween genes. The integrated analysis of CNV differential data and 
TGF- β gene data from TCGA was performed to determine the key 
CNV- driven TRDEGs in CRC. The RCircos package16 was used to 
plot the specific location of TGF- β genes on chromosomes. GO and 
KEGG enrichment analyses were conducted for relevant genes.

2.3  |  Selection of prognosis- related feature genes 
for building prognostic models

We selected tumor patient samples with survival time greater than 
30 days and merged these clinical data with the screened DEGs. 
Then, univariate Cox regression analysis assessed association of 
DEGs with prognosis, and genes with p < 0.05 were selected as 
candidate feature genes. To prevent overfitting, LASSO regression 
analysis was utilized to expel redundant variables, and multivariate 
Cox regression was finally conducted to screen for feature genes for 
building prognostic models. The formula for RiskScore is as follows: 
exp represents the gene expression level of the patient, and Coef 
values are regression coefficients obtained through multivariate Cox 
regression analysis.

Patient risk scores were computed according to expression 
level and hazard ratio of each gene, and samples were assigned into 
high- risk (HR) and low- risk (LR) groups on the basis of median risk 
score. The timeROC package17 was used to draw ROC curves and 
calculate AUC values for 1- , 3- , and 5- year survival. The survminer 
R package18 was used to draw K- M curves to evaluate OS differ-
ences among varying groups. Prediction performance was evalu-
ated by K- M survival curves and time- dependent ROC, and then 
the score distribution and survival status distribution of HR and LR 
groups were plotted. Finally, the reliability of the model was verified 
by using GSE29621 as a validation set and drawing the score distri-
bution, survival status distribution, model survival curve, and ROC 
curve of the HR and LR groups.

2.4  |  GSEA enrichment

The c2.cp.kegg.v2022.1.Hs.symbols.gmt gene set database was 
used, and the JAVA application (http:// softw are. broad insti tute. org/ 
gsea/ index. jsp) was utilized to complete GSEA on mRNAs in differ-
ent groups analyzed in 1000 random sample permutations.19

Risk Score (patient) =

n
∑

i=1

expgene ∗Coefgene

https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://string-db.org/
http://software.broadinstitute.org/gsea/index.jsp
http://software.broadinstitute.org/gsea/index.jsp
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2.5  |  Independent prognostic analysis

To determine whether the signature had independent prognostic 
ability, univariate and multivariate Cox regression analyses were 
done. After multivariate Cox regression analysis, a nomogram was 
plotted using the rms package,20 and a calibration curve was devel-
oped to verify nomogram accuracy.

2.6  |  Immune analysis

We utilized ESTIMATE method21 to compute ESTIMATE, immune, 
and stromal scores to forecast levels of infiltrating immune cells 
and stromal cells, which constituted basis for inferring tumor purity. 
In addition, ssGSEA22 was performed on the basis of levels of 29 
immune- related feature genes using the R package GSEAbase.23

2.7  |  Mutation analysis

The corresponding gene mutation data of TCGA- COAD/READ 
cohort were obtained from TCGA. Tumor mutation burden (TMB) 
was an indicator used to reflect overall degree of gene mutations in 
tumor cells, usually expressed as total number of somatic mutations 
per megabase of the tumor genome region. Tumors with high TMB 
levels may have more tumor neoantigens being identified by immune 
system. The number of non- synonymous mutations in each patient 
sample was obtained by maftools R package.22,24 Mutation data of 
top 30 genes in each risk group were organized, and a waterfall plot 
was drawn using the GenVisR package.15

2.8  |  Drug sensitivity prediction

CellMiner (https:// disco ver. nci. nih. gov/ cellm iner/ ) was utilized to 
screen for anti- tumor drugs that were significantly correlated with 
TGF- β feature genes in terms of sensitivity.

3  |  RESULTS

3.1  |  Expression and functional analysis of TGF- β 
genes in CRC tumors

To properly comprehend expression patterns of TRDEGs implicated 
in carcinogenesis, we analyzed samples from TCGA dataset and iden-
tified 8866 DEGs with significant expression differences between 
tumor and normal groups, with 5156 upregulated and 3710 down-
regulated in tumor group (Figure 1A). The intersection of these 8866 
genes with TGF- β genes yielded 97 TRDEGs with differential expres-
sion between normal and CRC tumor tissues (Figure 1B). PPI network 
analysis revealed interaction relationships among TRDEGs (interac-
tion score >0.4), with 92 nodes and 938 edges (Figure 1C). Finally, the 

positions of these TRDEGs on chromosomes were drawn (Figure 1D). 
GO enrichment analysis revealed that TRDEGs were mainly enriched 
in biological functions like TGFR signaling pathway, transmembrane 
receptor protein serine/threonine kinase signaling pathway, and BMP 
signaling pathway (Figure 1E). KEGG unveiled that related genes were 
enriched in cytokine- cytokine receptor interaction, signaling pathways 
regulating pluripotency of stem cells, cellular senescence, cell cycle, 
and transcriptional misregulation in cancer (Figure 1F).

3.2  |  Construction of a CRC prognostic risk model

Here, we built a prognostic risk model to estimate prognosis of each 
CRC patient. Ten candidate genes significantly correlated with CRC 
patient survival were identified through univariate regression analy-
sis in training set (Table S1). LASSO analysis was then performed 
and screened out eight feature genes after removing collinear genes 
(Figure 2A,B; Table S2). Multivariate regression analysis on the eight 
feature genes resulted in six genes used to construct the risk model: 
TGFB2, RBL1, BMP5, INHBB, NODAL, and PPP2CB (Table S3; 
Figure 2C). We computed risk score for each patient using following 
formula: Risk score = (0.162 * TGFB2 expression) + (−0.250 * RBL1 
expression) + (−0.052 * BMP5 expression) + (0.219 * INHBB expres-
sion) + (−0.127 * NODAL expression) + (−0.629 * PPP2CB expression).

3.3  |  Validation of the prognostic risk model

According to the median risk score of patient population in TCGA 
cohort, the patients were assigned to HR and LR groups. Patients in 
HR group had poorer survival outcomes (Figure 3A,B). Among the 
prognostic feature genes, TGFB2 and INHBB were upregulated in 
HR group, while RBL1, BMP5, NODAL, and PPP2CB were lowly ex-
pressed in HR group (Figure 3C). Survival curve reported that OS 
rate of LR group was higher than HR group (p < 0.001, Figure 3D). 
Notably, our TRDEG prognostic model performed well in predict-
ing 1- , 3- , and 5- year OS of these CRC patients, with AUC values all 
greater than 0.7 (Figure 3E). Moreover, the model also showed good 
validation performance in validation set GSE29621 (Figure 3F–J). 
Similarly, the validation results of the model in the other validation 
set were also good. Patients in the high- risk group had worse vital 
status and a worse survival rate (Figure S1A–E).

3.4  |  GSEA enrichment analysis

GSEA was utilized to analyze genes associated with HR and LR 
groups of CRC patients in TCGA set to perform KEGG analysis and 
assess possible biological functions. The results showed that BASAL 
CELL CARCINOMA, NOTCH SIGNALING PATHWAY, and ECM 
RECEPTOR INTERACTION pathways exhibited significant enrich-
ment in HR group, while BASE EXCISION REPAIR, CELL CYCLE, and 
MISMATCH REPAIR pathways in LR group (Figure 4).

https://discover.nci.nih.gov/cellminer/
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3.5 | Relationship between the prognostic model and 
clinical features and construction of nomogram

By verifying the correlation between stage, T, N, M staging, and risk 
score in the TCGA dataset, an association of higher risk score with 
poorer clinical stage was unraveled (Figure 5A). Furthermore, based 
on univariate and multivariate Cox regression analyses, it was found 
that compared with age, grade, and stage, risk score could be used 
as an independent prognostic indicator for CRC patients (p < 0.001) 
(Figure 5B,C). According to correlation of clinicopathological fea-
tures with risk scores, a nomogram was developed to predict pa-
tient OS (Figure 5D). Calibration curves for 1- , 3- , and 5- year survival 
presented good consistency between predicted and actual survival 
results (Figure 5E–G). Overall, our prognostic model for CRC based 
on TRDEG was reliable.

3.6  |  TME and immune cell infiltration in HR and 
LR groups

TME characteristics were inherently related to the effectiveness of 
cancer immunotherapy, and TME characteristics significantly affected 
the progression and metastasis of cancer. Therefore, we analyzed the 
TME of CRC patients. First, infiltration level of immune microenviron-
ments in HR and LR groups was analyzed using various algorithms. The 
ssGSEA method was utilized to measure enrichment scores of varying 
immune cell subtypes, related activities or pathways, to study relation-
ship of risk scores with immune cells and functions. HR group showed 
higher levels of immune- related functions and immune cell infiltration 
(Figure 6A). Immune score, stromal score, and ESTIMATE score of HR 
group were significantly higher than LR group, while the tumor purity 
score was substantially lower (Figure 6B). Immune checkpoint analysis 
revealed that most immune checkpoint molecule levels in HR group 
were significantly higher than LR group (Figure 6C). From the above 
results, it could be concluded that our prognostic model linked to TGF- 
β- related genes was related to TME and could indicate the immune 
status of CRC patients.

3.7  |  Mutation analysis

Other evidence suggests that due to the higher antigen count, high 
TMB patients may benefit from immunotherapy.25 We performed 
statistical analysis of all mutated genes in the HR and LR groups. 
The results showed that TMB rate in HR group was notably higher 

than LR group (Figure 7A). We selected the top 30 mutation load 
genes from the SNP dataset and plotted waterfall plots to delineate 
specific gene mutation spectra of CRC populations in two groups 
(Figure 7B,C). This further supported the notion that patients in HR 
group were more suited to immunotherapy.

3.8  |  Correlation study between prognostic 
features gene and drug sensitivity

To explore the drugs related to feature genes, we used the CellMiner 
database to predict relationship of risk model genes with drug sensi-
tivity. TGFB2 was positively correlated with XAV- 939, Staurosporine, 
and Dasatinib (0.652, 0.587, 0.481), while RBL1 was positively 
correlated with Fluphenazine and Imiquimod (0.626, 0.490), and 
TGFB2 was negatively correlated with CUDC- 305 and by- product 
of CUDC- 305 (−0.494, −0.475), and RBL1 was negatively correlated 
with Irofulven (−0.493) (Figure 8). Positive correlation represented 
that the gene could inhibit the efficacy of the drug, while negative 
correlation indicated that the gene could promote the efficacy of 
the drug.

4  |  DISCUSSION

In this study, we first used the TCGA- COAD/READ dataset combined 
with the TGF- β gene set to obtain 97 TRDEGs. LASSO- Cox regres-
sion was then done to obtain a six- gene risk prognosis model. Among 
these six featured genes, TGFB2 and INHBB were highly expressed 
in the HR group, while RBL1, BMP5, NODAL, and PPP2CB were 
lowly expressed in the HR group. A study showed that high expres-
sion of miR- 149- 5p represses CRC cell migration and invasion, and 
that TGFB2 is a direct target of miR- 149- 5p in CRC and is negatively 
linked to miR- 149- 5p expression,26 consistent with our conclusion 
that TGFB2 was highly expressed in the HR group. In Yuan et al.'s 
study, increased INHBB is implicated in poor OS and DFS in CRC pa-
tients, making it a novel biomarker for promoting CRC progression.27 
BMP5 is a tumor suppressor in CRC and can signal through Jak–Stat 
pathway to inhibit activation of the oncogene EPSTI1.28 NODAL can 
enhance the proliferation rate, motility, invasiveness, and EMT ability 
of CRC cells, and knocking down its expression leads to an increase 
in lipid peroxidation in CRC cells.29 In this study, the gene showed 
significant differences between the HR and LR groups, indicating 
that NODAL could be a potential therapeutic target. RBL1 is con-
sidered to regulate the cell cycle and its expression level increases 

F I G U R E  1  The expression and functional role of TGF- β genes in CRC tumors. (A) Screening of DEGs associated with tumors. Red 
indicates upregulated genes, while green indicates downregulated genes. (B) Acquisition of TRDEGs in CRC. (C) Analysis of the interaction 
between TRDEGs displayed as a PPI network. Nodes represent proteins, and the connections between nodes represent interactions 
between two proteins. Different colors correspond to different types of interactions. (D) Distribution of 15 TRDEGs on human 
chromosomes. The outer circle represents a schematic diagram of the chromosomes, while the inner circle represents the corresponding 
mutation information at specific positions. (E, F) Enrichment maps for GO (E) and KEGG (F) of TRDEGs. The redder the color, the more 
significant the enrichment. The larger the circle, the greater the number of genes enriched in the corresponding pathway.
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F I G U R E  2  Development of a prognostic risk model in CRC. (A) Using partial- likelihood deviance to select the optimal λ value. lambda.
min (left vertical line): the λ value when MSE (Mean Squared Error) is minimized; lambda.1st (right vertical line): the λ value for the simplest 
model within a range of variance from lambda.min. lambda.min is typically chosen. (B) Distribution plot of LASSO coefficients. Each colored 
line represents the variation of the regression coefficient β for a variable. The numbers below the x- axis indicate the penalty values (tuning 
coefficients), and the numbers above the x- axis represent the remaining number of variables at that value. As λ increases, the regression 
coefficients for various variables decrease, and some may become zero, indicating minimal contribution of those variables to the model, 
making them removable. (C) Forest plot of model feature genes. HR >1: risk factors. HR <1: protective factors.

F I G U R E  3  Validation of the risk prognostic model. (A–E) Analysis of CRC patients in the training set (TCGA): (A) Distribution of patient 
sample risk scores. Red color represents high- risk patients, while green color represents low- risk patients. The dashed line represents 
the median value of the risk score. (B) Survival status of each sample. Red color represents patient's deceased status, while green color 
represents patient's survival status. (C) Expression levels of model feature genes in TCGA patient population. Red color represents 
upregulation, while green color represents downregulation. (D) Survival analysis plot. (E) AUC values for patient's 1- year, 3- year, and 5- year 
risk scores. The closer the AUC (area under the curve) is to 1.0, the higher the accuracy of the detection method. (F- J) Analysis of CRC 
patients in the validation set (GSE29621): (F) Distribution of patient sample risk scores. (G) Relationship between sample risk scores and 
survival status. (H) Expression levels of model feature genes in the GSE29621 dataset. (I) Survival analysis plot. (J) AUC values for patient 
1- year, 3- year, and 5- year risk scores.
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F I G U R E  3   (Continued)
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during the G1- S transition.30 In bladder cancer, PPP2CB is identified 
as one of key genes in Wnt signaling, which is linked to cancer cell 
EMT progression and immune cell infiltration as a prognosticator.31 
Hence, genes we obtained participated in cancer progression. The 
TGF- β- related featured genes in our model were reliable and could 
possibly impact the development of CRC. In training and validation 
sets, we divided CRC patients into HR and LR groups on the basis of 
risk score. Prognosis of LR group patients was significantly better 
than that of HR group patients. Multivariate Cox regression revealed 
that the developed model was an independent prognostic predictor 
for CRC. To expand value of risk score in clinical practice, we con-
structed a nomogram with clinical indicators to offer a personalized 
prognosis risk assessment system for clinicians and individualized 
treatment options for patients.

Immune cell infiltration is one of the TME key immunological 
characteristics, and it is essential for tumor cells to evade the im-
mune system and the emergence of an inflammatory environment.32 
We looked at the connection between TRDEGs and the level of 
immune cell infiltration in CRC. HR group patients showed higher 
immune, stromal, and ESTIMATE scores. Maintaining self- immune 
tolerance and regulating the intensity and duration of immunolog-
ical responses in peripheral tissues are made possible by immune 
checkpoints, which act as immune system regulators.33,34 This study 

found that many immune checkpoints were noticeably upregulated 
in HR group patients. HR group patients had substantially higher 
TMB values than LR group patients. A higher TMB represents a 
stronger degree of tumor mutations, leading to stronger immuno-
genicity and triggering T cell responses.35 These findings suggested 
that HR group patients may benefit more from immune checkpoint 
blockade and other immunotherapies.

Finally, we used the CellMiner database to predict relationship of 
risk model genes with drug sensitivity. TGFB2 repressed efficacy of 
XAV- 939, Staurosporine, and Dasatinib drugs but promoted the ef-
ficacy of CUDC- 305 and by- product of CUDC- 305 drugs. Similarly, 
RBL1 could inhibit the effect of Fluphenazine and Imiquimod drugs 
but promote the effect of Irofulven. Therefore, our study provided 
a new perspective for clinicians to implement clinical anti- tumor 
drugs based on patient characteristics to maximize the efficacy of 
the drugs.

The pivotal role of TGF- β in tumor evolution has emerged, and 
its related bioinformatics analysis has always been a focus of re-
searchers. We built a TGF- β- related gene CRC prognosis model by 
referencing databases and literature information. The model could 
predict CRC patients' prognoses accurately and was a unique prog-
nostic biomarker and potential therapeutic target for CRC patients. 
HR group patients were more suitable for immune therapy and may 

F I G U R E  4  GSEA pathway enrichment analysis. ES >0 indicates high expression of the pathway in the high- risk group. ES <0 indicates high 
expression of the pathway in the low- risk group.
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F I G U R E  5  Validation of the prognostic features of TGF- β- related genes and generation of a nomogram. (A) Correlation between risk score 
and patient tumor grade and TNM stage. Univariate (B) and multivariate (C) Cox regression analysis of clinicopathological features and risk 
scores in the TCGA training set. HR >1: Risk factor. HR <1: Protective factor. (D) Predictive nomogram for the 1- year, 3- year, and 5- year survival 
of CRC patients, combining age, grade, and stage. (E- G) Calibration curves evaluate the accuracy of the predicted results for patient 1- year, 
3- year, and 5- year outcomes. The x- axis represents the predicted event rate (predicted risk), and the y- axis represents the observed event rate 
(observed risk), both ranging from 0 to 1. The dashed line on the diagonal is the reference line, indicating the scenario where the predicted 
value equals the observed value. If the predicted value matches the observed value, the red line coincides perfectly with the reference line. If 
the predicted value is greater than the observed value, indicating an overestimation of risk, the curve will be below the reference line. If the 
predicted value is less than the observed value, indicating an underestimation of risk, the curve will be above the reference line.
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benefit more from this therapy. However, the limitations of this study 
still need to be continuously optimized in subsequent analyses and 
problem- solving. Firstly, the dataset used to validate the model was 
limited, and further clinical validation is needed. Secondly, validation 

analysis of in vitro experiments is also crucial. In conclusion, the 
model constructed in this study provides important reference value 
for prognosis prediction and clinical therapeutic selection of CRC 
patients.

F I G U R E  5   (Continued)
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F I G U R E  6  TME and immune cell infiltration in the HR and LR groups. (A) Heatmap of immune cell infiltration in the TME. (B) Violin plots 
of immune scores, stromal scores, ESTIMATE scores, and tumor purity scores. (C) Expression levels of immune checkpoint genes. Different 
colors represent different scores.
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F I G U R E  7  TMB analysis. (A) 
Comparison of TMB between the HR and 
LR groups. (B) Specific mutation status of 
the top 30 mutated genes in the LR group. 
(C) Specific mutation status of the top 
30 mutated genes in the HR group. The 
x- axis represents samples, and the y- axis 
represents genes. The colored blocks 
in the central section represent gene 
mutations in the samples, where different 
colors represent different mutation types. 
The topmost histogram represents the 
number of mutations for each sample. 
The leftmost bar chart represents the 
proportion of mutations for each gene 
across all samples.
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