
1

Vol.:(0123456789)

Scientific Reports |        (2024) 14:20177  | https://doi.org/10.1038/s41598-024-70422-6

www.nature.com/scientificreports

Integrated single‑cell and bulk 
RNA‑seq analysis identifies 
a prognostic T‑cell signature 
in colorectal cancer
Peng Cui 1, Haibo Wang 2,3 & Zhigang Bai 1*

Colorectal cancer (CRC) is a major contributor to global morbidity and mortality, necessitating more 
effective therapeutic approaches. T cells, prominent in the tumor microenvironment, exert a crucial 
role in modulating immunotherapeutic responses and clinical outcomes in CRC. This study introduces a 
pioneering method for characterizing the CRC immune microenvironment using single-cell sequencing 
data. Unlike previous approaches, which focused on individual T-cell signature genes, we utilized 
overall infiltration levels of colorectal cancer signature T-cells. Through weighted gene co-expression 
network analysis, Lasso regression, and StepCox analysis, we developed a prognostic risk model, 
TRGS (T-cell related genes signatures), based on six T cell-related genes. Multivariate Cox analysis 
identified TRGS as an independent prognostic factor for CRC, showcasing its superior predictive 
efficacy compared to existing immune-related prognostic models. Immunoreactivity analysis revealed 
higher Immunophenoscore and lower Tumor Immune Dysfunction and Exclusion scores in the low-
risk group, indicating potential responsiveness to immune checkpoint inhibitor therapy. Additionally, 
patients in the low-risk group demonstrated heightened sensitivity to 5-fluorouracil-based 
chemotherapy regimens. In summary, TRGS emerges as a standalone prognostic biomarker for CRC, 
offering insights to optimize patient responses to immunotherapy and chemotherapy, thereby laying 
the groundwork for personalized tumor management strategies.
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Colorectal cancer (CRC) stands as the third most prevalent malignancy globally, ranking second in mortality1,2, 
thereby posing substantial therapeutic challenges and an economic burden. Despite advancements in early CRC 
screening leading to improved 5 years survival rates, a subset of patients still presents at stage IV, resulting in 
a dismal prognosis3. Immune checkpoint inhibitors (ICIs) have demonstrated remarkable therapeutic efficacy 
in diverse solid tumors, establishing them as the primary treatment for microsatellite instability-high (MSI-H) 
metastatic CRC​4. However, given that this patient subset constitutes less than 5% of all CRC cases5, there is a 
critical need to identify more efficient biomarkers to guide the application of ICIs in colorectal cancer.

The tumor microenvironment (TME) plays an important role in tumors, mainly in terms of tumor progres-
sion, angiogenesis, tumor metastasis, and influencing treatment outcome6–9. TME encompasses diverse cellular 
components such as immune cells, stromal cells, and non-cellular components including extracellular matrix 
molecules (ECM) and soluble signaling molecules10. Among these, T cells, including CD4+ and CD8+ T cells, 
represent the primary immune cells exerting anti-tumor activity11. After antigen-presenting cells present tumor 
cell antigens to T cells, activating them, the activated T cells infiltrate the tumor vicinity to exert cytotoxic 
effects on tumor cells12. However, tumor cells can evade immune surveillance through various mechanisms, 
such as HLA-I loss13, expression of immune checkpoint molecules14, or inhibitory effects from other cells in 
the microenvironment15,16. Although more studies are focusing on a specific single T cell, few studies have been 
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reported on overall T cells infiltration. A comprehensive understanding of the alterations in T cells within the 
tumor microenvironment is crucial for devising future personalized therapeutic strategies.

This study utilized bioinformatics methodologies to integrate single-cell RNA sequencing (scRNA-seq) data 
and transcriptome sequencing data from CRC samples. We performed unsupervised consensus clustering of 
CRC patients based on the overall infiltration levels of characteristic T cells in the tumor microenvironment 
instead of focusing on a single T cell’s signature genes. Through this approach, a novel T-cell-related prognostic 
risk model, termed TRGS, was developed and subsequently validated. This model holds significant promise for 
elucidating the intricate role of T cells within the tumor immune microenvironment of CRC. Notably, when com-
pared with existing prognostic models, TRGS demonstrates superior efficacy in prognostic prediction. Moreover, 
TRGS exhibits the capacity to predict treatment outcomes, encompassing responses to both immunotherapy 
and chemotherapy among CRC patients. Additionally, it may identify novel therapeutic targets to improve the 
effectiveness of ICIs.

Methods
Data download and processing
For the TCGA-CRC cohort, we retrieved normalized RNA sequencing data (expressed as transcripts per mil-
lion, TPM) for 549 colorectal cancer (CRC) patients from The Cancer Genome Atlas (TCGA) database (https://​
portal.​gdc.​cancer.​gov/). We specifically included patients with a survival time of ≥ 30 days who did not undergo 
neoadjuvant therapy. The normalized matrix files for the GSE39582 and GSE38832 cohorts from the Gene 
Expression Omnibus (GEO) database (https://​www.​ncbi.​nlm.​nih.​gov/) were utilized as independent external 
cohorts for the validation of our risk model. Similarly, normalized matrix files for the GSE28702, GSE19860, and 
GSE45404 cohorts from the GEO database served as independent external cohorts for predicting chemotherapy 
outcomes. Additionally, single-cell sequencing data were obtained from the GSE132465 dataset, including 23 
primary colorectal cancer and 10 matched normal mucosa samples.

scRNA‑Seq data analysis
The “Seurat” R package (v4.4.0)17 was used to perform unsupervised clustering of single cells using the read 
count matrix as input. We annotated the cells according to the original annotation18. Cell populations originally 
annotated as T-cells were extracted and normalized using the SCTransform method19 with resolution choice 1.2 
for re-clustering. To find marker genes in various clusters, the “Find All Markers” tool was used with |Log2FC| 
and min. pct cutoff values set to 0.25 and 0.25, respectively.

Identification of immune class by consensus clustering
The “ConsensusClusterPlus” R package20 was used to perform the unsupervised consensus clustering analysis. 
We used 80% of the items for subsampling and divided each subsample into groups by the k-means algorithm, 
repeating this clustering process 1000 times. Then, the cumulative distribution function (CDF) curve and con-
sensus matrix are used to identify the optimal k-value. Based on the optimal k-value, patients were clustered 
into sub-clusters.

Tumor immune microenvironment evaluation
The MCP-counter algorithm21 based on the “MCPcounter” R package was used to assess the 26 kinds of T cell 
clusters identified from the scRNA-seq analysis. The ESTIMATE algorithm22 tool was used to calculate stromal, 
immune, and estimated scores. Single sample gene set enrichment analysis (ssGSEA)23 based on the “GSVA” R 
package was used to quantify 28 kinds of immune cell infiltration scores of the TCGA cohort.

Weighted correlation network analysis (WGCNA)
Coexpression protein-coding RNA networks of TCGA-CRC were generated using the WGCNA package24. An 
appropriate soft threshold β was calculated to meet the criteria for the scale-free network. Then, the adjacency 
was transformed into a topological overlap matrix (TOM), and genes with similar expression patterns were 
divided into the same module. Finally, genes from modules that had high correlation coefficients with T-cell 
relative immune status were identified for subsequent analysis.

Screening and functional annotation of T cell‑related genes
DEGs were screened by the limma R package. Adj. P < 0.05 and |log2FC|> 0.6 were set as the selection conditions 
for screening the downregulated and upregulated DEGs. T cell-related genes were obtained by overlapping DEGs 
and WGCNA. Enrichment analysis in Gene Ontology (GO) and the Kyoto Encyclopedia of Genes and Genomes 
(KEGG)25–27 were based on the “Clusterprofiler” R package28, where “adjusted p < 0.05” was considered significant.

Construction and validation of T cell‑related genes prognosis signature (TRGS)
The TRGS was developed based on the TCGA-CRC cohort. First, univariate Cox regression analysis was utilized 
to screen T cell-related genes that were associated with OS using the “survival” R package (P < 0.05). Next, we 
performed machine learning algorithms including the least absolute shrinkage and selection operator (LASSO) 
regression analysis and stepwise Cox algorithm to improve the accuracy and reliability of prognostic signature 
using the “glmnet” and “StepReg” R packages, respectively. The prognostic signature was established as follows: 
TRGS = 

∑
n

i=1
(Coef×Ni) , where Coef referred to the coefficient of gene i and Ni represented the expression 

value of gene i.

https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/
https://www.ncbi.nlm.nih.gov/
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To further validate the predictive power of the prognostic signature, we performed Kaplan–Meier survival 
analysis in the TCGA-CRC, GSE39582, and GSE38832 cohorts, where the cutoff value was set to the median 
TRGS. Time-dependent receiver operating characteristic curves (ROC) were plotted using the “timeROC” R 
package to predict OS at 1, 3, and 5 years in the training dataset (TCGA-CRC); 1, 2, and 3 years in GSE38832 
cohort, and 3, 7, 10 years in GSE39582 cohort. Finally, we further analyzed the relationship between the prognos-
tic signature and clinical characteristics (including age, gender, and stage) to clarify the independent prognostic 
value of TRGS using multivariate Cox regression analyses.

Development and evaluation of the nomogram
We performed the univariate and multivariate Cox regression analyses for clinical parameters and TRGS. In the 
multivariate Cox model, variables with P < 0.05 were included in the construction of the nomogram by using the 
“rms” R package. The calibration analysis was used to assess the prognostic accuracy of the nomogram model. 
Decision curve analysis (DCA) curves were used to evaluate the net benefit of the nomogram.

Immune checkpoints inhibitors sensitivity prediction
We utilized Immunophenoscore (IPS) obtained from The Cancer Immunome Atlas (TCIA) website (tcia.at/
home)29 to predict the response to ICIs. We also utilized the Tumor Immune Dysfunction and Exclusion (TIDE) 
algorithm through an online website (http://​tide.​dfci.​harva​rd.​edu)30 to predict patients’ ICIs responses. Higher 
TIDE prediction scores were generally associated with worse ICIs responses.

Anticancer drug sensitivity prediction
The half-maximal inhibitory concentration (IC50) of common chemotherapeutic and targeted therapeutic drugs 
was estimated by using the “pRRophetic” R package31. GSE28702, GSE19860, and GSE45404 were transcriptome 
sequencing data from patients who received adjuvant chemotherapy (ACT), which were utilized as external 
validation cohorts for predicting chemotherapy drug sensitivity.

Statistical analysis
All statistical analyses were performed using R software (version 4.3.1, R: The R Project for Statistical Comput-
ing (r-project.org)). Wilcoxon test was used to compare the differences between groups. The log-rank test was 
used to compare Kaplan–Meier survival curves. Univariate and multivariate Cox analyses were performed to 
establish independent prognostic factors. All P values were two-sided and less than 0.05 were considered sta-
tistically significant.

Results
ScRNA‑Seq analysis of CRC samples
The flowchart outlining our study is presented in Supplementary Fig. 1. We obtained 10 × scRNA-seq data from 
the GSE132465 dataset, which comprised 33 CRC samples, including 23 primary colorectal cancer and 10 
matched normal mucosa samples. The 23,115 T cells extracted from the original dataset were re-clustered. Based 
on the clustree results (Supplementary Fig. 2A), a resolution of 1.2 was chosen, leading to the identification of 
26 distinct cell subgroups through hierarchical clustering utilizing UMAP analysis (Fig. 1A). Annotation of the 
26 clusters of T cells was performed using literature reports32,33, CellMarker 2.034, and T cellmap35. We presented 
the characteristic genes for each cell cluster (Fig. 1B). Meanwhile, we have referenced the previous publication35 
and utilized functional gene sets to validate the annotations’ appropriateness (Fig. 1C,D). Differential expression 
genes (DEGs) of each cluster were provided in Supplementary Table S1 and shown in Supplementary Fig. 2B. 
Furthermore, we explored the differences between these cells in cancer and adjacent tissues (Fig. 1E). Subse-
quently, the characteristic genes of each cell cluster were employed to estimate the differences in cell populations 
of TCGA patients using the MCP-counter algorithm (Fig. 1F). This result illustrated that the T-cell infiltration 
levels predicted by the MCP-counter algorithm for TCGA are consistent with the infiltration levels in the single-
cell database. This serves to substantiate the rationality of our choice of the MCP-counter algorithm.

Identification of T cell infiltration subgroups
Based on the assessment of T cell infiltration using the MCP-counter package, we conducted a consensus clus-
ter analysis, initially dividing all CRC samples into k clusters (k = 2–9). The cumulative distribution function 
(CDF) curves of the consensus score matrix revealed that the optimal number of clusters was achieved when 
k = 2 (Fig. 2A,B). The two consensus clusters (C1 and C2) exhibited significant differences in the distribution of 
26 T cell clusters, with C1 displaying substantially higher T cell infiltration abundance compared to C2 (Fig. 2C). 
Consequently, we categorized C1 as “immune-hot” tumors and C2 as “immune-cold” tumors. To ensure the 
robustness of the two consensus clusters and mitigate potential algorithmic biases, ssGSEA was employed to 
validate the disparity in immune cell infiltration between C1 and C2, revealing a higher overall immune cell 
infiltration abundance in C1 (Fig. 2D). Additionally, the ESTIMATE algorithm was utilized to illustrate that 
immune-hot tumors exhibited a higher immune score compared to immune-cold tumors (Fig. 2E).

Identification of candidate T cell‑related genes
To identify T cell-related genes associated with immune cell infiltration, we initially conducted weighted gene 
co-expression network analysis (WGCNA). In this procedure, we set the soft threshold β to 6, resulting in a 
scale-free topology fit index of 0.85 (Supplementary Fig. 3A). Subsequently, we utilized the “merged dynamics” 
algorithm to derive fourteen modules (Fig. 3A). The heatmap depicted the eigengene adjacency of these modules 

http://tide.dfci.harvard.edu
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(Fig. 3B). Through assessment of the correlation coefficient and P value, we observed that the blue module 
exhibited the strongest correlation with the previously identified immune status (Fig. 3C), achieving a correla-
tion coefficient of 0.78 between gene significance (GS) and module membership (MM) (Fig. 3D). Concurrently, 
we conducted differential expression analysis of the TCGA-CRC cohort using the “limma” package, identifying 
a total of 686 differentially expressed genes (DEGs). By intersecting these results with those from WGCNA, we 
extracted 369 overlapping genes deemed as T cell-related genes for subsequent analyses (Fig. 3E). GO and KEGG 
enrichment analyses were conducted to provide a comprehensive functional overview of the overlapping genes 
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Figure 1.   Different T cell clustering in 10X scRNA-seq data of colorectal carcinoma. (A) Cluster annotation 
and cell type identification using UMAP. (B) Bubble plot displaying marker gene expression across identified 
clusters. (C, D) Heatmap depicting the expression of curated gene signatures within CD8+ T and CD4+ T cell 
clusters. (E) Distribution of defined T cell clusters between tumor and normal groups in GSE132465. (F) MCP-
counter enrichment scores of defined T cell clusters between normal and tumor groups in the TCGA-CRC 
cohort.
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(Fig. 3F,G and Supplementary Table S2). The results revealed predominant enrichment in biological processes 
(BP) such as leukocyte-mediated immunity, leukocyte cell–cell adhesion, and regulation of T-cell activation. In 
terms of cellular composition (CC), enrichment was observed in areas including the external side of the plasma 
membrane, MHC protein complex, and MHC class II protein complex. Additionally, molecular function (MF) 
analysis highlighted immune receptor activity, chemokine receptor binding, and MHC protein complex binding 
as significantly enriched categories. Furthermore, KEGG pathway analysis indicated significant enrichment in 
pathways such as cytokine-cytokine receptor interaction, cell adhesion molecules, and chemokine signaling, all 
of which were closely associated with anti-cancer immunity.
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Figure 2.   Unsupervised consensus cluster analysis of CRC patients in the TCGA cohort based on MCP-
counter enrichment score. (A) The consensus score matrix of all samples when k = 2. (B) The CDF curves of the 
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T cell signature establishment and external validation
To evaluate the prognostic impact of the identified genes on CRC, we initially identified 12 genes associated 
with overall survival (OS) through univariate Cox analysis (Supplementary Fig. 3B). Subsequently, to prevent 
overfitting and exclude co-expressed T cell-related genes (Supplementary Fig. 3C), we employed lasso regression 
analysis to construct a predictive prognostic model comprising T cell-related genes. The optimal λ value was 
determined based on the minimum partial likelihood deviance achieved via the leave-one-out cross-validation 
(LOOCV) framework (Fig. 4A). Ten genes with nonzero Lasso coefficients were further subjected to stepwise 
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Figure 3.   Identification of T cell-related genes. (A) The dendrogram of modules. (B) The heatmap revealed the 
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Figure 4.   The establishment and external validation of the T cell-related genes signature. (A) Lasso regression 
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Cox proportional hazards regression, resulting in the identification of a final set of 6 genes (Fig. 4B), and we 
assessed their impact on prognosis at the same time (Supplementary Fig. 3D–I).

A linear prediction model was then developed using the weighted regression coefficients of the 6 T 
cell-related genes, represented as TRGS = (0.325 × ADAM8 exp) + (0.282 × ZNF385A exp) + (0.201 × G0S2 
exp) + (− 0.195 × TAP1 exp) + (− 0.216 × MMP1 exp) + (− 0.347 × CCL22 exp). Based on the median of TRGS, all 
patients were stratified into high- and low-risk groups. Patients in the high-risk group had a higher tumor stage 
(Table 1) and, notably, exhibited significantly poorer overall survival (OS) compared to those in the low-risk 
group (Fig. 4C,E,G). The discriminatory ability of TRGS was assessed using receiver operating characteristic 
(ROC) analysis, with 1-, 3-, and 5-years areas under the curve (AUCs) of 0.725, 0.710, and 0.700 in TCGA-CRC 
(Fig. 4D); 3-, 7-, and 10-years AUCs of 0.620, 0.639, and 0.684 in the GSE39582 cohort (Fig. 4F); and 1-, 2-, 
3-years AUCs of 0.656, 0.696, and 0.616 in GSE38832 cohort (Fig. 4H). Furthermore, to evaluate the prognostic 
capabilities of TRGS, we obtained 5 previously published prognostic models developed using immune-related 
genes36–40. Subsequently, we conducted a comparative analysis to assess the predictive performance of TRGS in 
terms of prognosis. Remarkably, our findings revealed that TRGS exhibited superior performance, as evidenced 
by higher AUC values in time-dependent ROC analysis when compared to the 5 existing prognostic models in 
TCGA, GSE39582, and GSE38832 cohorts. (Supplementary Fig. 4A–O).

Finally, we developed a nomogram incorporating TRGS and clinicopathological features to assess the clini-
cal significance of the predictive model (Fig. 4I). Calibration curves demonstrated good agreement between 
the predicted and actual probabilities of survival at 1, 3, and 5 years (Fig. 4J). Decision curve analysis (DCA) 
revealed that the nomogram model provided a greater net benefit in predicting 5-years OS (Fig. 4K). Meanwhile, 
multifactorial Cox regression analysis confirmed TRGS as an independent prognostic risk factor for CRC (Fig. 4L 
and Supplementary Fig. 4P).

TRGS evaluation for immunotherapeutic response prediction
To evaluate the predictive capacity of TRGS as a biomarker for ICIs response, we initially investigated the relation-
ship between low- and high-risk groups and the immune-hot and immune-cold phenotypes as defined in Fig. 2. 

Table 1.   The clinical characteristics between Low-risk and High-risk group.

Characteristics Low Risk High Risk P-value Statistic Method

n 275 274

Age, n (%)

0.244 1.359 Chisq test < 65 128 (23.3%) 114 (20.8%)

 > 65 147 (26.8%) 160 (29.1%)

Gender, n (%)

0.370 0.803 Chisq test Female 120 (21.9%) 130 (23.7%)

 Male 155 (28.2%) 144 (26.2%)

Stage, n (%)

< 0.001 30.159 Chisq test

 I 70 (12.8%) 29 (5.3%)

 II 105 (19.1%) 100 (18.2%)

 III 75 (13.7%) 89 (16.2%)

 IV 25 (4.6%) 56 (10.2%)

M, n (%)

< 0.001 14.050 Chisq test M0 250 (45.5%) 218 (39.7%)

 M1 25 (4.6%) 56 (10.2%)

Pathologic_N, n (%)

< 0.001 23.038 Chisq test
 NO 177 (32.2%) 136 (24.8%)

 N1 69 (12.6%) 67 (12.2%)

 N2 29 (5.3%) 71 (12.9%)

Pathologic_T, n (%)

< 0.001 34.016 Chisq test

 T1 13 (2.4%) 5 (0.9%)

 T2 65 (11.8%) 32 (5.8%)

 T3 185 (33.7%) 192 (35%)

 T4 12 (2.2%) 45 (8.2%)

Status, n (%)

< 0.001 40.676 Chisq test Alive 251 (45.7%) 191 (34.8%)

 Dead 24 (4.4%) 83 (15.1%)

MSI_status, n (%)

0.983 0.035 Chisq test
 MSS 183 (35.8%) 176 (34.4%)

 MSI-L 41 (8%) 41 (8%)

MSI-H 36 (7%) 34 (6.7%)
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Patients classified in the immune-cold group belonged to the high-risk category, whereas those in the low-risk 
group exhibited an immune-hot phenotype (Fig. 5A). Subsequently, we examined the association between TRGS 
and immune checkpoint blocker (ICB)-related pathways, as well as the seven steps in the Cancer-Immunity cycle. 
Our findings revealed a negative correlation between TRGS and ICB-related pathways and steps in the Cancer-
Immunity cycle, suggesting that low-risk patients may possess a richer tumor immune microenvironment, 
potentially leading to a higher response rate to ICIs (Fig. 5B,C). Furthermore, we analyzed the distribution of 
IPS and TIDE scores across different risk groups. Our results indicated that the low-risk group exhibited higher 
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Figure 5.   TRGS correlation with immune phenotype and ICIs response predictors in CRC. (A) Alluvial plot 
depicting the distribution of Immune hot and Immune cold phenotypes across different risk subtypes and 
survival statuses. (B, C) Correlation analysis of TRGS with immune checkpoint blockade (ICB) related pathways 
(B) and individual steps of the cancer-immune cycle (C). (D–J) Distribution of IPS, IPS_PD1_blocker, IPS_
CTLA4_blocker, and IPS_CTLA4_PD1_blocker. (H–I) Distribution of TIDE, T cell exclusion score, and T cell 
dysfunction score. (*P < 0.05, ** P < 0.01, *** P < 0.001).



10

Vol:.(1234567890)

Scientific Reports |        (2024) 14:20177  | https://doi.org/10.1038/s41598-024-70422-6

www.nature.com/scientificreports/

IPS scores (Fig. 5D–G), whereas the high-risk group demonstrated elevated TIDE scores (Fig. 5H), Exclusion 
scores (Fig. 5I), and Dysfunction scores (Fig. 5J). These results were consistent with previous findings, suggesting 
that low-risk patients may exhibit increased sensitivity to ICIs.

Predictive value of fluorouracil‑based ACT benefits
We expanded our investigation to assess the predictive capability of TRGS in quantifying the benefits of fluoro-
uracil-based adjuvant chemotherapy (ACT). Survival analysis among patients stratified into low- and high-risk 
groups, both receiving and not receiving ACT, revealed that individuals in the low-risk category who underwent 
therapy exhibited the most favorable survival outcomes. Conversely, among patients categorized as high-risk, 
no substantial disparity in survival was observed between those who received ACT and those who did not 
(Fig. 6A,B). This suggests that low TRGS may serve as a predictor for a more favorable response to ACT.

Subsequently, we calculated the IC50 values of common chemotherapy and targeted drugs for CRC to fur-
ther explore the drug sensitivity between low- and high-risk groups. Comparison of the IC50 values between 
the two risk groups indicated that the low-risk group exhibited higher sensitivity to fluorouracil, gemcitabine, 
paclitaxel, and vincristine (Fig. 6C). However, patients in the high and low-risk groups showed no significant 
difference in the sensitivity to targeted therapy (Fig. 6D). These findings were validated in three datasets treated 
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Figure 6.   TRGS predicts the sensitivity of fluorouracil-based ACT. (A, B) Kaplan–Meier curves comparing 
patients who received ACT with those who did not in TCGA (A) and GSE39582 (B) cohorts. (C, D) The 
predicted IC50 values of chemotherapy (C) and targeted therapy (D) drugs in different risk groups in the TCGA 
cohort. (E–H) Distribution of TRGS between responders and non-responders of fluorouracil-based ACT in 
TCGA (E), GSE28702 (F), GSE19860 (G), and GSE45404 (H) cohorts. (*P < 0.05, ** P < 0.01, *** P < 0.001).



11

Vol.:(0123456789)

Scientific Reports |        (2024) 14:20177  | https://doi.org/10.1038/s41598-024-70422-6

www.nature.com/scientificreports/

with fluorouracil-based ACT. Responders demonstrated a significantly lower TRGS score than non-responders 
in TCGA, GSE28702, GSE19860, and GSE45404 (Fig. 6E–H).

Discussion
Currently, conventional treatment strategies for colorectal cancer primarily involve surgery combined with 
adjuvant chemotherapy or targeted therapy, yet these approaches have not yielded significant efficacy41. Moreo-
ver, stage IV patients exhibit a high likelihood of chemotherapy resistance30, potentially leading to situations of 
overtreatment or undertreatment within the current staging-based treatment paradigm. Finding biomarkers to 
predict chemotherapy outcomes is of utmost urgency. Furthermore, immunotherapy, as a novel and effective 
treatment modality, remains underutilized in colorectal cancer, necessitating more effective biomarkers to guide 
the application of ICIs in colorectal cancer42. T cells, being the most abundant immune cells infiltrating the 
tumor microenvironment, play a crucial role in anti-tumor immunity. A comprehensive understanding of the T 
cell population’s status within the colorectal cancer tumor microenvironment contributes to the identification 
of more effective immunotherapeutic strategies.

Our study utilized scRNA-seq data to identify a T cell signature in CRC, uncovering genes that indicate T cell 
presence. Through WGCNA, we classified CRC into immune subtypes based on T cell infiltration, highlight-
ing genes linked to the immunogenic phenotype. Using COX regression, we selected key genes associated with 
prognosis and constructed a prognostic risk model with machine learning algorithms. Among these six genes, 
high expression of ADAM8, ZNF385A, and G0S2 was associated with poor prognosis, while high expression of 
TAP1, MMP1, and CCL22 was associated with favorable prognosis.

Interestingly, these six genes have previously been found to be associated with immune cell infiltration in 
earlier studies, consistent with our findings. Studies have reported that downregulating ADAM8 in colorectal 
cancer cells enhances the cytotoxic effect of tumor-infiltrating lymphocytes43. ZNF385A has been identified 
as a gene associated with lymphatic vessel formation in CRC, influencing immune cell infiltration, and is also 
associated with an immunosuppressive phenotype in HCC44,45. G0S2 is linked to evasion from cytotoxic T lym-
phocytes and knocking down G0S2 significantly inhibits proliferation and migration of CRC cell lines46. TAP1, 
a transporter associated with antigen processing protein, plays a crucial role in antigen presentation47, and its 
downregulation in colorectal cancer is associated with low infiltration of various lymphocytes48. MMP1, one of 
the markers of epithelial-mesenchymal transition, is associated with metastasis and angiogenesis in colorectal 
cancer49,50. In refractory HCC treated with Transcatheter arterial chemoembolization (TACE), a prognostic model 
incorporating MMP1 is related to immune cell infiltration51. Additionally, MMP1 may be one of the targets to 
enhance the effectiveness of immunotherapy in PDAC52. CCL22 is a chemokine that not only recruits monocytes 
but also regulates the infiltration of Th1 and Treg cells in colorectal cancer53,54.

Subsequently, we developed a T cell-related gene signature (TRGS) using these six genes and stratified patients 
into high- and low-risk groups. The TRGS proved to be a strong independent prognostic factor, with the low-risk 
group showing significantly improved overall survival. Furthermore, the TRGS outperformed existing immune-
related models in predictive accuracy. The low-risk group showed a higher IPS, suggesting a better response 
to ICIs, while the high-risk group exhibited signs of immune evasion. These findings indicate that ICIs may be 
more efficacious for patients in the low-risk category.

Previous studies have shown that 5-FU treatment can induce a reduction in tumor-infiltrating myeloid-
derived suppressor cells (MDSCs) and promote T cell-mediated anti-tumor immunity55. Additionally, in meta-
static colorectal cancer patients receiving FOLFOX combined with bevacizumab, the accumulation of Th17 cells 
was associated with poor prognosis56. Similarly, in lung cancer, the combination treatment of oxaliplatin and 
cyclophosphamide led to an increased ratio of CD8 T cells to Treg cells within the tumor, resulting in significant 
inhibition of tumor growth57. These findings collectively indicate the existence of interactions between T cells 
and chemotherapy within the tumor microenvironment. Therefore, our study compared the sensitivity of high- 
and low-risk groups to common chemotherapy drugs, revealing that the low-risk group had a higher sensitivity 
to these agents. Validation using external datasets supported our findings, showing that patients responsive to 
fluorouracil-based chemotherapy had lower risk scores.

While our study has been successfully validated in external cohorts, several limitations warrant consideration. 
Firstly, our study relied on publicly available databases, and both our training cohort (TCGA) and validation 
cohorts (GEO) were retrospective. Hence, prospective studies are warranted to validate our conclusions rigor-
ously. Secondly, there is still a shortage of sequencing databases containing data from CRC patients treated with 
ICIs, as well as a deficiency of large clinical cohorts of patients undergoing ICIs treatment. Therefore, our results 
still need validation in a large clinical cohort in the future. Thirdly, further research is needed to identify hub 
genes and elucidate the potential regulatory mechanisms to facilitate the discovery of targets that enhance the 
efficacy of ICIs and chemotherapy.

Conclusion
In summary, we pioneered a novel approach to categorize the colorectal cancer immune microenvironment 
utilizing single-cell data. Rather than focusing on individual T-cell signature genes, we employed the infiltration 
levels of the comprehensive colorectal cancer signature T-cells. This innovative strategy led to the construction 
of a TRGS comprising ADAM8, ZNF385A, G0S2, TAP1, MMP1, and CCL22. Our findings underscore the supe-
riority of TRGS in prognostic prediction compared to existing immune-related prognostic models. Moreover, 
TRGS exhibits predictive capabilities not only for ICIs treatment but also for chemotherapy efficacy, presenting 
novel perspectives for the stratified diagnosis and treatment of colorectal cancer patients.
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Data availability
The raw data utilized in our study were obtained from the TCGA dataset (https://​portal.​gdc.​cancer.​gov/) and the 
GEO dataset (https://​www.​ncbi.​nlm.​nih.​gov/). Specifically, TCGA accession numbers for our study are TCGA-
COAD and TCGA-READ, while GEO accession numbers are GSE39582, GSE38832, GSE132465, GSE28702, 
GSE19860, and GSE45404. The datasets analyzed and R language codes employed in the current study are acces-
sible upon reasonable request from the corresponding author.
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