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ABSTRACT

Objective: Colorectal cancer (CRC), a highly prevalent gastrointestinal malignancy, has experienced a
paradigm shift in therapeutic strategies driven by recent advances in immunotherapy. Nevertheless, the
precise impact of T-cell subpopulation heterogeneity and functional evolution within the tumor
microenvironment (TME) on clinical prognosis warrants further elucidation. This study aims to construct a
robust T-cell-related prognostic model for CRC by integrating single-cell RNA sequencing (scRNA-seq) and
bulk transcriptomic data, thereby evaluating its utility in guiding clinical decision-making.

Methods: We utilized scRNA-seq data to comprehensively analyze T-cell subsets and cellular heterogeneity
in patients with CRC. Bulk transcriptomic profiles retrieved from public repositories, including The Cancer
Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) databases, were integrated to identify core
T-cell signature genes for prognostic model development. Furthermore, the CIBERSORT algorithm was
applied to evaluate immune infiltration landscapes across distinct risk strata and to explore their
associations with immunotherapeutic responsiveness.

Results: A total of 77,167 high-quality single-cell transcriptomes were successfully acquired, yielding
15,450 T lymphocytes that were further classified into central memory T cells, regulatory T cells (Tregs),
effector memory T cells, effector T cells, and helper T cells. Integrative bioinformatics analyses identified
six core prognostic genes (HSPA1A, TIMP1, HSPA8, ZG16, LGALS4, and CXCL13), based on which a stable
prognostic risk model was established. This model effectively stratified CRC patients into high- and low-risk
groups, exhibiting superior predictive accuracy across both training and external validation cohorts.
Moreover, the high-risk group demonstrated pronounced stromal enrichment and an immunosuppressive
TME phenotype characterized by elevated Treg infiltration.

Conclusion: This study successfully identifies and validates a novel prognostic signature capable of
accurately predicting overall survival in patients with CRC while reflecting the immunological status of the
TME, thereby offering a robust scientific framework for personalized therapeutic strategies and immune
stratification in clinical practice.
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Introduction

Colorectal cancer (CRC) represents a major global health challenge. According to the latest global cancer
statistics for 2024 based on estimates from the International Agency for Research on Cancer’s GLOBOCAN,
CRC ranks as the third most common malignant tumor worldwide, accounting for 9.9% of all cancer cases,
and stands as the second leading cause of cancer mortality globally, responsible for 9.4% of all
cancer-related deaths [1]. Established risk factors contributing to the development of CRC include alcohol
consumption, high intake of red and processed meat, obesity, physical inactivity, and smoking [2]. Current
therapeutic modalities for CRC primarily encompass surgical resection, radiotherapy, chemotherapy, and
targeted therapy. Nevertheless, the overall clinical prognosis for patients with advanced-stage disease
remains dismal. While immune checkpoint blockade (ICB) therapy has substantially revolutionized the
treatment landscape for malignancies such as melanoma and non-small cell lung cancer, its efficacy in CRC
is largely restricted to patients harboring tumors with microsatellite instability-high (MSI-H) or mismatch
repair deficiency (AMMR) [3]. Because checkpoint inhibitor-based immunotherapy relies heavily on T-cell
infiltration into the tumor microenvironment (TME)—making T cells the paramount effector cells within the
TME [4]—comprehensive exploration of T-cell heterogeneity, functional characteristics, and prognostic
associations is vital for advancing novel immunotherapeutic strategies and identifying reliable prognostic
biomarkers.

Although traditional bulk RNA sequencing (bulk RNA-seq) captures average gene expression profiles at
the whole-tissue level, it inherently obscures intercellular heterogeneity and exhibits limited sensitivity for
detecting low-abundance transcripts. Conversely, single-cell RNA sequencing (scRNA-seq) enables
high-resolution transcriptomic profiling at the single-cell level, facilitating the unmasking of cellular
diversity, the identification of rare cell populations, the tracking of developmental trajectories, and the
dissection of complex microenvironments [5]. Despite its exceptional power in decoding immune responses
and tumor ecosystems, scCRNA-seq is frequently constrained by small sample sizes and high costs.
Translating single-cell-derived molecular signatures into robust, clinically translatable prognostic tools
therefore necessitates seamless integration with bulk transcriptomic cohorts. Mapping cell-specific
signatures identified at single-resolution onto large-scale batch RNA-seq datasets not only validates the
clinical relevance of cellular subpopulations but also bridges deep biological mechanisms with practical
clinical utility for prognostic modeling.

Driven by this scientific premise, the present study aims to systematically identify core gene modules
closely linked to T-cell function via the integration of single-cell and multi-center bulk RNA-seq data. By
constructing a robust T-cell-related prognostic risk model and performing an in-depth evaluation of TME
dynamics across distinct risk strata, this work endeavors to furnish a novel theoretical framework for clinical
prognostic assessment and precision immunotherapy in CRC (Figure 1).
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Figure 1. Summary diagram of this study.

1. Materials and Methods

1.1 Data Acquisition and Pre-processing

The scRNA-seq dataset for CRC, designated as GSE315534, was acquired from the Gene Expression
Omnibus (GEO) repository (http://www.ncbi.nlm.nih.gov/geo/). This dataset encompasses a total of 15
samples derived from primary tumor tissues and matched adjacent non-tumor tissues of six CRC patients,
alongside liver metastasis samples from three additional patients. Because this study focuses primarily on
the heterogeneity of T cells within the primary tumor microenvironment and its implications for clinical
prognosis, six primary tumor samples and six paired adjacent non-tumor samples were selected for
downstream single-cell transcriptomic analysis.

Bulk RNA sequencing cohorts were retrieved from The Cancer Genome Atlas (TCGA). Specifically, the
TCGA-COAD and TCGA-READ RNA-seq datasets were downloaded from the Genomic Data Commons
(GDC) portal utilizing the ‘“TCGAbiolinks’ package in R (version 4.4.3). STAR-Counts data served as the
raw expression matrix, with unstranded read count data extracted for subsequent computational workflows.
Sample classifications were determined based on the 14th and 15th characters of the TCGA sample barcodes,
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culminating in 647 primary tumor tissue samples and 51 adjacent normal tissue samples. Comprehensive
clinical annotations, including overall survival (OS) time and survival status, were retrieved via the
‘GDCquery clinic’ function. Tumor samples were subsequently deduplicated per patient ID, and gene
expression profiles were integrated with corresponding clinical metadata. Ultimately, a cohort of 591 CRC
patients with complete survival information was established for prognostic model construction and
associated analyses.

To rigorously evaluate the stability and generalizability of the developed prognostic signature, the
GSE39582 dataset from the GEO database was incorporated as an external independent validation cohort.
This cohort comprises samples from 585 CRC patients profiled on the GPL570 [HG-U133 Plus 2.0]
Aftfymetrix Human Genome U133 Plus 2.0 microarray platform. Following rigorous curation and screening
of clinical parameters, a total of 573 CRC tumor samples with complete clinical records were ultimately
included for external validation analyses.

1.2 Single-cell Data Quality Control, Dimension Reduction and Clustering

The gene expression matrices for each single-cell sample were imported utilizing the Read10X function in
R (version 4.4.3), and individual Seurat objects were constructed using the CreateSeuratObject function
from the Seurat package. Cells were categorized and annotated based on sample origin metadata, wherein
primary tumor tissues were designated as the "Tumor" group and matched adjacent non-tumor tissues as the
"Normal" group. This grouping framework was preserved for downstream analyses, including cellular
composition comparisons, differential expression evaluations, and data visualization. Subsequently, rigorous
quality control (QC) was implemented to filter the single-cell transcriptomic data. Cells were initially
screened based on the number of detected genes (nFeature RNA), retaining those with feature counts
ranging between 300 and 6,500. Additionally, each gene was required to be expressed in at least three cells
to minimize technical artifacts arising from low-quality cells and poorly expressed genes. Furthermore, the
PercentageFeatureSet function was applied to compute the proportional expression levels of mitochondrial
and hemoglobin genes per cell. Cells exhibiting a mitochondrial gene proportion exceeding 10% or a
hemoglobin gene proportion greater than 2% were excluded to eliminate data bias attributable to cellular
damage, apoptosis, or erythrocyte contamination. Following quality control, the FindVariableFeatures
function was employed to identify the top 3,000 highly variable genes (HVGs), upon which principal
component analysis (PCA) was executed for dimensionality reduction. A cell-to-cell neighborhood matrix
was subsequently constructed from the PCA results, and a shared nearest neighbor graph was generated
using the FindNeighbors function. Graph-based cell clustering analysis was then performed via the
FindClusters function with the resolution parameter set to 0.4. Finally, the Uniform Manifold
Approximation and Projection (UMAP) algorithm was utilized to project and visualize the
dimension-reduced cell populations in a two-dimensional space, elucidating the global distribution patterns
of distinct cellular subsets.

1.3 Cell Type Identification

Based on the single-cell clustering results, the SingleR software package was utilized for automated cell
type annotation [6]. Leveraging the Human Primary Cell Atlas as a reference database, predictions were
generated for distinct cell clusters at the cluster level, and the annotation outcomes were visually validated
using UMAP dimensionality reduction. Subsequently, these automated annotations were manually refined
against well-established, classic cell type marker genes reported in previous literature to enhance the
accuracy of cellular identification.

Following successful global cell typing, T-cell subpopulations were isolated based on the celltype
metadata label. The top 2,000 highly variable genes were re-normalized and selected while filtering out
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interfering genes. After ScaleData regression, PCA dimensionality reduction, and Harmony batch effect
correction, a clustering resolution of 1.2 was applied. Each resulting subpopulation was subsequently
annotated using classic T-cell marker genes established in literature—including FOXP3, RTKN2, CD&B,
GZMK, IL7R, CCR7, IL17A, CTSH, and GNLY—in conjunction with dot plots and feature expression
maps.

1.4 Identification of differentially expressed genes in T cells and functional enrichment analysis

To elucidate the molecular characteristics and functional evolution of T cells within the colorectal cancer
tumor microenvironment, downstream computational analyses were performed using R (utilizing packages
such as ‘Seurat’ and ‘clusterProfiler’). First, the ‘FindAllMarkers’ function was employed to identify
differentially expressed genes (DEGs) across T-cell subsets. To balance gene detection sensitivity with
biological specificity in high-throughput single-cell data, parameters were configured requiring genes to be
expressed in at least 25% of cells within a given subpopulation (‘min.pct = 0.25°), alongside significance
thresholds of a corrected P < 0.05 and |logoFC| > 0.5. The top 10 characteristic genes for each subpopulation
were extracted based on absolute log2FC values and visualized using ‘DotPlot’ and ‘DoHeatmap’.

Subsequently, the ‘FindMarkers’ function (utilizing the Wilcoxon rank-sum test) was applied to evaluate
gene expression differences between the tumor group (Tumor) and the normal group (Normal). Employing
identical screening thresholds, volcano plots were generated via the ‘ggplot2’ and ‘ggrepel’ packages to
depict the significantly differentially expressed genes induced by the TME. Furthermore, Gene Ontology
(GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses were
conducted on these DEGs (P < 0.05, g < 0.05). In parallel, Gene Set Enrichment Analysis (GSEA) was
performed on gene lists ranked by log2FC to uncover the functional regulatory mechanisms governing T
cells during tumor progression.

1.5 Cell-cell Communication Analysis

To investigate ligand—receptor interactions between T cells and other cell types, we used the ‘CellChat’
package to construct intercellular communication networks [7]. Using single-cell transcriptomic expression
matrices and cell type annotations as inputs, we performed inference using the human ligand—receptor
database (‘CellChatDB.human’). First, we identified genes and ligand—receptor pairs that were
overexpressed in each cell type and projected them onto a protein interaction network to enhance prediction
accuracy. Subsequently, we calculated the probability of intercellular communication using the truncated
mean method (‘trim = 0.1”) and filtered out interactions detected in fewer than 10 cells. We then aggregated
the ligand-receptor pairs to the signaling pathway level to obtain the probability of communication between
pathways. A bubble plot is utilized to display the interaction probabilities for all ligand—receptor pairs, with
T cells acting as senders and other cell types as receivers, whilst retaining a detailed table of interactions for
each pathway. Furthermore, network diagrams and role heatmaps are employed to visualize the global
communication patterns of different cell types acting as senders, receivers, mediators, and influencers.

1.6 Pseudotime Analysis

Pseudotime-series analysis of T-cell subsets was performed using the Monocle2 package to explore T-cell
differentiation trajectories. A CellDataSet was constructed based on UMI counts; the expression data were
fitted using a negative binomial distribution, and the size factor and gene dispersion were estimated.
Subsequently, genes for trajectory construction were selected based on gene expression characteristics; the
selection criteria were set as highly variable genes with an average expression level 2 0.1 and an empirical
dispersion higher than the model-fitted dispersion. Dimension reduction was then performed using the
DDRTree algorithm; the root node was defined based on early states to infer differentiation states and
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pseudotime. Trajectory plots were colored according to clustering, cell type, grouping, and pseudotime to
visualize the differentiation process. Pseudotime-correlated differentially expressed genes (¢ < 0.01) were
identified using differentialGeneTest; the dynamic expression of the top 50 genes was visualized as a
heatmap, and nine T-cell marker genes (CD8B, GZMK, IL7R, CCR7, FOXP3, RTKN2, IL17A, CTSH,
GNLY) were selected to plot expression curves, comprehensively revealing the differentiation trajectories.

1.7 Construction and Validation of the Prognostic Model

To pinpoint genes that bridge T-cell function and clinical prognosis, we integrated T-cell-specific
transcriptomic signatures with bulk transcriptomic data. First, T-cell signature genes were defined as those
exhibiting significant upregulation (Jlog2FC| > 0.5, adjusted P < 0.05) across T-cell subpopulations using the
FindAllMarkers function in Seurat. These signature genes were subsequently intersected with the
differentially expressed genes (DEGs) identified between tumor and normal tissues in the TCGA-CRC
cohort. This intersection strategy ensured that candidate prognostic genes were both highly expressed in
T-cell subsets and significantly dysregulated within the CRC tumor microenvironment, thereby capturing
the functional interplay between T-cell reprogramming and tumorigenesis. Building upon this candidate
gene set, this study constructed a robust T-cell-related prognostic risk model. Candidate genes significantly
associated with overall survival (OS) were initially screened using univariate Cox proportional hazards
regression. To mitigate multicollinearity and minimize the risk of overfitting, Least Absolute Shrinkage and
Selection Operator (LASSO)—Cox regularized regression was implemented for dimensionality reduction,
determining the optimal penalty parameter ( A min) via 10-fold cross-validation. Based on the core feature
combination selected by LASSO, a multivariate Cox regression model was subsequently established to
formulate the risk score algorithm. Patients in the TCGA training cohort were stratified into high- and
low-risk groups according to the median risk score, and Kaplan—Meier survival curves were utilized to
compare OS differences between the strata. Time-dependent receiver operating characteristic (ROC) curves
and their corresponding areas under the curve (AUC) were calculated using the timeROC package to
evaluate the 1-, 3-, and 5-year prognostic performance of the model. Finally, to rigorously test the
generalizability and robustness of the signature, the independent external cohort GSE39582 was evaluated
under identical criteria.

1.8 Analysis of Immune Cell Infiltration

The ESTIMATE algorithm was employed to calculate immune, stromal, and composite scores using sets
of immune and stromal marker genes, and tumor purity was estimated via linear normalization [8].
CIBERSORT is a deconvolution method that estimates the distribution of immune cells based on the gene
expression profile of the cancer [9]. In this study, CIBERSORT deconvolution was used to calculate the
infiltration proportions of 22 types of immune cells and to compare differences between high- and low-risk
groups [10]. Based on risk stratification, differential expression analysis was performed on immune
checkpoint genes, and expression levels between groups were compared using the Wilcoxon test. The
‘surv_cutpoint’ function was employed to determine the optimal cut-off value, dividing gene expression into
high- and low-expression groups; survival curves were plotted using the Kaplan—-Meier method, and the
log-rank test was used to assess prognostic significance. Furthermore, the correlation between risk scores
and immune checkpoint expression was investigated. All statistical tests were two-sided, with p < 0.05
considered statistically significant.

1.9 Statistical Analysis

Inter-group differences and differentially expressed genes were evaluated utilizing the Wilcoxon
rank-sum test. Least absolute shrinkage and selection operator (LASSO) regression coupled with
multivariate Cox proportional hazards regression was implemented to establish the prognostic risk model.
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Overall survival distributions were assessed via Kaplan—Meier survival estimators, and statistical
significance between strata was determined using the log-rank test. The predictive efficacy of the signature
was quantified using the area under the time-dependent receiver operating characteristic curve. Two-sided
p-values below 0.05 were deemed statistically significant, with method-specific thresholds explicitly defined
in respective analytical steps. All computational workflows and statistical procedures were executed in the R
environment (version 4.4.3).

2.Results

2.1 Cellular Composition of CRC

This study analyzed a total of 12 single-cell samples from colorectal cancer, comprising six primary
tumor samples and six matched adjacent non-tumor (peri-tumor) samples (Figure 2A). Figure 2B presents a
UMAP visualization of the 12 samples categorized into Normal and Tumor groups. Following rigorous
quality control and dimensionality reduction clustering of the single-cell RNA sequencing data, a total of
77,167 cells were successfully classified into 14 distinct clusters (Figure 2C). The expression profiles of
key marker genes for each cell type were illustrated using a dot plot (Figure 2D). Subsequently, leveraging
automated cell-type annotation via the ‘SingleR’ package combined with manual refinement, these
subclusters were assigned to nine major cell types: T cells (clusters 0 and 12), B cells (clusters 1, 2, 6, and 8),
monocytes (cluster 3), tissue stem cells (clusters 4 and 10), endothelial cells (cluster 5), secretory cells
(cluster 7), fibroblasts (cluster 9), natural killer (NK) cells (cluster 11), and smooth muscle cells (cluster 13)
(Figure 2E). Furthermore, Figure 2F delineates the proportional distribution of these cell types across
individual samples.
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Figure 2. Integration and clustering analysis of CRC single-cell data (GSE315534). (A) Visualization of
12 CRC samples using the UMAP algorithm. (B) Visualization of 12 CRC samples categorized into Normal
and Tumor groups using the UMAP algorithm. (C) UMAP plot showing the partitioning of the GSE315534
dataset into 14 distinct cell clusters. (D) A dot plot displaying the expression levels of characteristic marker
genes across each cell subtype. (E) Identification of nine major cell types based on canonical marker genes.
(F) Bar plot illustrating the proportional distribution of each cell type across individual samples.

2.2 T-cell Subpopulation Identification and Enrichment Analysis

Two of these clusters were designated as T cells and comprised a substantial number of cells.
Consequently, 15,450 T cells were extracted for downstream re-clustering, yielding 14 distinct subclusters
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(Figure 3A), which consisted of 4,530 T cells in the normal group and 10,920 T cells in the tumor group
(Figure 3B). Based on annotation using canonical marker genes established in literature, the identified
T-cell subsets encompassed 6,317 central memory T cells (clusters 2, 3, 4, 5, and 12), 1,836 regulatory T
cells (clusters 8 and 9), 5,326 effector memory T cells (clusters 0, 1, 7, and 13), 942 effector T cells (clusters
10 and 11), and 1,029 T helper 17 cells (cluster 6) (Figure 3C). Figures 3D and 3E illustrate the
characteristic marker genes for each T-cell subtype, including IL7R and CCR7 for central memory T cells,
FOXP3 and RTKN2 for Tregs, CD8B and GZMK for effector memory T cells, GNLY for effector T cells,
and IL17A and CTSH for T helper 17 cells. Figure 3F delineates the proportional distribution of each T-cell
subset across the normal and tumor groups. Differential expression analysis of T cells between the normal
and tumor cohorts identified 232 significantly differentially expressed genes, of which 169 were upregulated
and 63 were downregulated in the tumor group, with the top five significant genes highlighted (Figure 3G).
Figure 3H displays a heatmap of the top 10 DEGs across each T-cell subpopulation.

To elucidate the underlying biological functions and pathways associated with T-cell marker genes, GO,
KEGG and GSEA were performed. GO enrichment analysis revealed that differentially expressed T-cell
genes were significantly enriched in biological processes (BP) such as leukocyte-mediated immunity, viral
processes, the viral life cycle, antiviral defense responses, and cell killing. Cellular component (CC) analysis
indicated primary enrichment in blood granules and immunoglobulin complexes, whereas molecular
function (MF) demonstrated significant enrichment in antigen binding, protein folding chaperones, MHC
protein complex binding, and immunoglobulin receptor binding (Figure 3I). These findings suggest that
differentially expressed T-cell genes are heavily involved in antiviral immune responses and
antigen-presentation-related processes, potentially participating in immune regulation within the colorectal
cancer microenvironment via MHC class II-mediated antigen recognition and immunoglobulin receptor
signaling. KEGG enrichment analysis demonstrated significant enrichment in cytokine—cytokine receptor
interactions, NOD-like receptor signaling pathways, and antigen processing and presentation pathways
(Figure 3I), implying that T cells contribute to immunoreprogramming of the CRC tumor
microenvironment by regulating inflammatory signaling and antigen presentation. Furthermore, GSEA
results indicated that the Influenza A pathway was significantly upregulated in tumor-infiltrating T cells,
whereas the Ribosome and Coronavirus disease pathways were significantly downregulated (Figure 3J),
pointing toward specific antiviral and interferon response activity accompanied by the remodeling of protein
translation mechanisms and targeted transcriptional regulation.
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and visualization of T cells categorized into Normal and Tumor groups. (C) Identification of five major

T-cell subsets based on canonical marker genes. (D) A dot plot displaying the expression levels of

characteristic marker genes across each T-cell subtype. (E) UMAP feature plots showing the expression

distribution of marker genes for each T-cell subtype. (F) Bar plot illustrating the proportional distribution of

each T-cell subset in the Normal and Tumor groups. (G) Volcano plot showing differentially expressed
genes in T cells between the Normal and Tumor groups. (H) Heatmap showing the top 10 DEGs for each
T-cell subtype. (I) GO and KEGG enrichment analyses associated with T-cell marker genes. (J) GSEA
associated with T-cell functional characteristics.
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2.3 Analysis of Intercellular Communication

To investigate the mechanisms underlying interactions between T cells and other cell types, we utilized
‘CellChat’ to systematically predict cellular communication networks within the tumor microenvironment.
Analysis of the number and intensity of intercellular interactions revealed frequent and high-intensity
cell-to-cell communication among fibroblasts, monocytes, endothelial cells, and T cells (Figures 4A—4B).
Signaling pathway-level analysis indicated that the CCL signaling pathway plays a pivotal role in reshaping
intercellular communication within the TME (Figure 4C). Further evaluation of ligand—receptor (LR) pairs
demonstrated that T cells predominantly signal to other cell types (particularly monocytes and endothelial
cells) via interactions such as CCL5-CCRI1, CCL5-CCRS, and CCL5-ACKRI1 (Figure 4D). Gene
expression profiling (Figure 4E) further confirmed that the ligand gene CCLS5 is robustly and specifically
expressed in T cells, whereas its receptor genes CCR1 and CCRS are significantly expressed in monocytes,
and ACKRI is highly and specifically expressed in endothelial cells. Finally, network centrality analysis of
the CCL signaling pathway (Figure 4F) indicated that T cells act as the primary signal senders and
influencers, whereas endothelial cells and monocytes function predominantly as signal recipients.
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Figure 4. Analysis of T-cell-related intercellular communication. (A) Bar plot showing the number of
interactions across the intercellular communication network. (B) Interaction weights and intensities in the
intercellular communication network. (C) Intercellular communication interactions mediated by the CCL
signaling pathway. (D) Dot plot illustrating the communication probabilities of ligand-receptor pairs
between T cells and diverse cell types. (E) Violin plots showing the expression levels of genes associated
with the CCL signaling pathway. (F) Heatmap displaying the inferred network roles (senders, receivers,
mediators, and influencers) of major cell types within the CCL signaling pathway based on network
centrality scores.

2.4 T-cell Trajectory Analysis

To further elucidate the differentiation trajectories and developmental stages of T-cell subsets, pseudotime
trajectory analysis was performed using the ‘Monocle2’ algorithm. The results demonstrated that the T-cell
differentiation trajectories exhibited a distinct tree-like branching structure, comprising a total of five
separate differentiation states (Figures SA—SE). Combined with the pseudotime initiation points (Figure
5D), lighter-colored regions at the base of the trajectory tree denoted the early stages of differentiation.
Further evaluation of the proportional distribution of T-cell subsets across distinct states (Figure 5G)
revealed that State 1 cells predominantly accumulated at the early phases of pseudotime development,
subsequently branching out through critical decision nodes to differentiate into State 2 through State 5 cells
residing on separate terminal branches. UMAP mapping (Figure 5F) further validated the consistency
between ‘Monocle2’-derived differentiation states and the spatial distribution of T-cell subsets. Furthermore,
based on gene expression kinetics along the pseudotime axis, pseudotime-associated genes were clustered
into three modules displaying significant dynamic shifts (Figure 5H), systematically illustrating the
dynamic expression patterns of key T-cell marker genes across differentiation states and pseudotime (Figure
51). Collectively, these findings unveil a continuous developmental trajectory wherein T cells originate from
a central memory state, diverge through key branching nodes, and ultimately differentiate into effector and
regulatory states, furnishing a developmental foundation for understanding the functional reprogramming
and fate determination of T cells within the TME.
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Figure 5. Pseudotime trajectory analysis of T cells in CRC. (A) Trajectory plots showing the distribution
of distinct T-cell clusters. (B) Pseudotime trajectory illustrating different differentiation states of T cells. (C)
Distribution of five major T-cell subtypes along the trajectory. (D) Pseudotime timeline illustrating the
developmental progression of T-cell subsets. (E) Differentiation pathways of T-cell subsets projected onto
the trajectory. (F) UMAP plot illustrating the spatial distribution of pseudotemporally resolved
differentiation states. (G) Proportional composition of T-cell subsets across different pseudotime states. (H)
Heatmap displaying differentially expressed genes along pseudotime. (I) Dynamic expression curves of nine
canonical marker genes throughout the pseudotime continuum.

2.5 Construction and Validation of Prognostic Models
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First, an intersection analysis was performed between DEGs from the The Cancer Genome Atlas
colorectal cancer cohort and T-cell-associated genes from single-cell transcriptomic data, identifying a total
of 140 overlapping genes (Figure 6A). Subsequently, candidate prognostic genes significantly associated
with overall survival were screened using univariate Cox regression, and Least Absolute Shrinkage and
Selection Operator —Cox regression was employed to mitigate the risk of multicollinearity; core modeling
features were selected based on the optimal A value (Figures 6B—6C). Further multivariate Cox
regression analysis was conducted to construct a risk score model comprising six genes (HSPA1A, TIMPI1,
HSPAS, ZG16, LGALS4, and CXCL13), with its forest plot displayed in Figure 6D. The risk score was
calculated for each patient using the model, and patients were categorized into high- and low-risk groups
based on the median value. Kaplan—Meier survival analysis indicated that OS in the high-risk group was
significantly inferior to that in the low-risk group (P < 0.0001, Figure 6E). A distribution heatmap of risk
scores and gene expression profiles further revealed distinct expression patterns of the model genes across
the risk strata (Figure 6F). Time-dependent receiver operating characteristic analysis showed that the model
achieved areas under the curve of 0.672, 0.646, and 0.696 at 1, 3, and 5 years, respectively, in the TCGA
training set, demonstrating robust predictive performance (Figure 6G). To validate the model’s
generalizability and clinical utility, independent validation was conducted using the GSE39582 external
cohort (Figures 6H-6K). The results confirmed that overall survival in the high-risk group remained
significantly worse than that in the low-risk group (P = 0.022), fully substantiating the reliability and
robustness of this prognostic model across multicenter datasets.
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Figure 6. Construction and validation of a prognostic risk model based on T-cell marker genes. (A)
Venn diagram showing the intersection of CRC-associated DEGs and T-cell-related signature genes. (B)
LASSO coefficient path diagram for the 140 candidate genes. (C) Ten-fold cross-validation for parameter
optimization in LASSO regression. (D) Forest plot of optimal prognostic genes derived from multivariate
Cox regression analysis in the training cohort. (E) Kaplan—Meier survival curves comparing overall survival
between high- and low-risk groups in the training cohort. (F) Heatmap displaying the risk score distribution,
survival status, and expression profiles of model genes in the training cohort. (G) Time-dependent ROC
curves and AUC values for 1-, 3-; and 5-year survival predictions in the training cohort. (H) Multivariate
Cox regression analysis for the validation cohort. (I) Kaplan—Meier survival curves for the external
validation cohort (GSE39582). (J) Risk score distribution and expression heatmap for the validation cohort.
(K) Time-dependent ROC curves and AUC values for 1-, 3-, and 5-year survival predictions in the

validation cohort.
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2.6 Analysis of the Correlation between Immune Cell Infiltration and Immune Checkpoints in Colorectal
Cancer

This study comprehensively analyzed the TME profile and immunotherapy potential of CRC by
integrating the ‘ESTIMATE’ algorithm, the ‘CIBERSORT’ algorithm, and survival analysis. First, the
‘ESTIMATE’ algorithm was used to evaluate the TME characteristics of patients in the high- and low-risk
groups (Figure 7A). The results showed that patients in the high-risk group had significantly higher
ESTIMATE scores, Immune Scores, and Stromal Scores than those in the low-risk group; conversely,
patients in the low-risk group exhibited significantly higher tumor purity. Subsequently, the proportions of
22 tumor-infiltrating immune cell subsets were quantitatively predicted using the ‘CIBERSORT’ algorithm.
Kaplan—Meier (KM) survival analysis indicated that the infiltration levels of different immune cells were
significantly associated with patient prognosis: high infiltration levels of regulatory T cells predicted poorer
overall survival (P = 0.0037), whereas high levels of infiltration of activated dendritic cells (P = 0.0038) and
resting CD4" memory T cells (P = 0.039) were significantly associated with a favorable prognosis (Figure
7B). Furthermore, we compared the differences in the expression of immune checkpoint and immune-related
genes between the two groups and assessed their prognostic value. Box plots revealed significant differences
in the expression of several key immune checkpoint genes between the groups. Kaplan—Meier survival
analysis indicated that high expression of the immune checkpoint genes CD244, CD48, CD28, CD27, CDS8A,
and PTPRC was significantly associated with better overall survival in patients; conversely, high expression
of NRP1 and CD276 was associated with a significantly poor prognosis (Figure 7C).
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Figure 7. Correlation between the cellular prognostic risk model and immune cell infiltration and
immune checkpoints in the TCGA cohort. (A) Box plots showing the ratio of stromal cells to immune
cells and tumor purity across risk strata in colorectal cancer tissues. (B) Kaplan—Meier survival curves
illustrating the prognostic significance of infiltrating immune cell subsets, including regulatory T cells,
activated dendritic cells, and resting CD4" memory T cells. (C) Comparison of immune checkpoint
expression levels and their corresponding prognostic stratification between high- and low-risk groups. ns, P >

0.05; *, P <0.05; **, P<0.01; ***, P <0.001; **** P <0.0001.
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3.Discussion

Colorectal cancer remains one of the most prevalent malignant tumors of the digestive tract, presenting
persistently high incidence and mortality rates worldwide [11-12]. The pathogenesis of CRC stems from
cumulative genetic and epigenetic alterations in colonic or rectal epithelial cells, driven by multi-factorial
influences such as the tumor microenvironment, environmental conditions, and lifestyle, which collectively
promote the gradual malignant transformation of normal mucosa [13-14]. Furthermore, high intratumoral
heterogeneity and complex TME compositions are primary factors contributing to significant variations in
patient prognosis and low response rates to immunotherapy [15-16]. Although ICB therapies—typified by
programmed cell death protein 1 (PD-1) or programmed death-ligand 1 (PD-L1) inhibitors—have
demonstrated significant clinical efficacy in patients with MSI-H or dAMMR CRC [17-18], evidence from
current clinical studies indicates that monotherapy with PD-1 or PD-L1 inhibitors yields minimal efficacy in
microsatellite-stable (MSS) CRC, necessitating combinatorial immunotherapy strategies to achieve
meaningful clinical benefit [19]. As core effector cells mediating specific anti-tumor immune responses
within the TME, T lymphocytes dictate the intensity of local anti-tumor immunity and overall clinical
outcomes through their subpopulation differentiation states [20], functional exhaustion trajectories, and
intercellular communication networks. By integrating single-cell transcriptomics with large-scale bulk
transcriptomics data, this study systematically mapped the T-cell immune landscape within the CRC
microenvironment, elucidated pseudotemporal differentiation trajectories and paracrine communication
mechanisms, and constructed a robust T-cell-related prognostic risk model capable of predicting survival
and reflecting immune microenvironment phenotypes.

Utilizing the GSE315534 scRNA-seq dataset, this study identified nine major cell types from primary
CRC lesions and matched normal tissues, encompassing T cells, B cells, monocytes, tissue stem cells,
endothelial cells, secretory goblet cells, fibroblasts, NK cells, and smooth muscle cells. Based on canonical
marker genes, 15,450 T lymphocytes were successfully annotated into five primary functional subsets:
central memory T cells, regulatory T cells, effector memory T cells, effector T cells, and T helper 17 cells.
To further uncover the functional states of tumor-infiltrating T cells and their roles within the CRC
microenvironment, GO, KEGG, and GSEA were performed on DEGs across T-cell subsets. The results
demonstrated that T-cell-associated DEGs were significantly enriched in critical immune processes,
including leukocyte-mediated immunity, antiviral defense responses, cytotoxic activity, MHC protein
complex binding, and antigen processing and presentation. Notably, viral infection-related pathways
enriched in the KEGG analysis—such as "Influenza A" and "Coronavirus disease"—reflect a significant
upregulation of interferon-stimulated genes (ISGs) and antiviral-like effector programs within
tumor-infiltrating T cells, rather than indicating active tissue viral infection. This transcriptional signature
mirrors a common molecular response of host immune cells to chronic antigenic stimulation and
inflammatory cues within the TME [21], signifying an active activation state of tumor-infiltrating T cells.
Furthermore, the differential expression of the Ribosome pathway suggests that protein translation
mechanisms within tumor-infiltrating T cells undergo dynamic remodeling during immune response
evolution, potentially correlating with metabolic reprogramming and functional exhaustion driven by
sustained immune stimulation. Collectively, these enrichment findings provide robust transcriptional
evidence that T cells in the CRC microenvironment undergo active immune responses and functional
remodeling.

Intercellular communication analysis further revealed extensive signaling cross-talk between T cells and
diverse stromal and immune constituents within the TME, with fibroblasts, monocytes, and endothelial cells
exhibiting particularly intense interactions with T cells. Specifically, the CCL chemokine signaling pathway
played a pivotal role, indicating that chemokine-driven immune cell recruitment, spatial localization, and
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microenvironmental remodeling are essential for CRC immune regulation [22]. These observations confirm
that T-cell functional states are governed not only by intrinsic transcriptional programs, but are also
co-regulated by microenvironmental signals originating from tumor stromal and myeloid cells. Additionally,
pseudotime trajectory analysis demonstrated that T cells undergo continuous developmental dynamics,
categorized into three principal expression modules closely associated with protein homeostasis and memory
maintenance, effector cytotoxic execution, and terminal immunosuppressive states (Tregs), respectively.
These findings indicate that tumor-infiltrating T cells do not reside in a static functional state; rather, they
undergo dynamic functional transitions driven by continuous antigen exposure and microenvironmental
signaling, progressing from early immune maintenance toward effector cytotoxicity or terminal exhaustion
and immunosuppression [21]. In summary, the systematic dissection of T-cell functional lineages and
intercellular communication networks uncovers profound heterogeneity within the CRC tumor immune
microenvironment, furnishing a theoretical framework for understanding T-cell-mediated anti-tumor
immunity and immunotherapy resistance.

To evaluate the clinical prognostic value of T-cell-associated signatures in colorectal cancer, LASSO-Cox
dimensionality reduction and multivariate Cox proportional hazards regression were employed to construct a
six-gene prognostic model (TIMP1, ZG16, LGALS4, CXCL13, HSPAI1A, and HSPAS) using the TCGA
cohort, which was subsequently validated in an independent GEO cohort. These signature genes play critical
roles in CRC etiology, tumor progression, extracellular matrix remodeling, and immune microenvironment
regulation. TIMP1, a soluble glycoprotein secreted by stromal and cancer cells, is widely established as a
biomarker of poor prognosis across multiple malignancies, with elevated expression correlating with
reduced survival in CRC patients [23-24]. ZG16 and LGALS4 serve as core structural components
maintaining intestinal epithelial and mucosal barrier integrity, and their frequent downregulation in CRC is
intimately linked to compromised barrier function, increased tumor aggressiveness, and poor overall
survival [25-28]. Specifically, the downregulation of ZG16 may facilitate the infiltration of
pro-inflammatory factors into the TME by impairing barrier integrity, thereby indirectly augmenting
Treg-mediated immunosuppression. CXCL13, functioning as a master chemokine recruiting
CXCRS5-expressing lymphocytes, is indispensable for the formation of tertiary lymphoid structures (TLS)
and the maintenance of localized anti-tumor immunity [29]. Members of the heat shock protein family,
HSPA1A and HSPAS, participate in protein folding and cellular stress responses [30]. As demonstrated by
Guan et al., HSPATA shields tumor cells against oxidative stress, inflammatory cytokines, and hypoxia,
while promoting tumor proliferation, invasion, and metastasis, with its inhibition successfully inducing
apoptosis in CRC cells [31]. Furthermore, HSPAS8 correlates strongly with therapeutic responses across
diverse oncological regimens, highlighting its viability as an actionable pharmacological target [32].
Together, TIMP1, ZG16, LGALS4, CXCL13, HSPA1A, and HSPAS8 represent robust prognostic
biomarkers for CRC and offer novel entry points for targeted interventions. Furthermore, Kaplan—Meier
survival curves and time-dependent ROC analyses across both the TCGA training set and the external
independent validation set (GSE39582) consistently confirmed that overall survival was significantly
diminished in the high-risk group compared with the low-risk group, substantiating the model's robustness,
cross-platform generalizability, and high clinical value for prognostic stratification.It is noteworthy that the
six identified signature genes—TIMP1, ZG16, LGALS4, CXCL13, HSPA1A, and HSPA8—encompass a
spectrum of genes expressed in both T cells and the broader tumor microenvironment. While some, such as
CXCL13, are hallmark indicators of T-cell activation and tertiary lymphoid structure formation, others like
HSPA1A and ZG16 predominantly reflect the stress-adaptation and epithelial-barrier states of the tumor
tissue. We propose that this prognostic signature should be interpreted as a composite metric of the
'"T-cell-conditioned TME'. Rather than representing exclusively T-cell-derived transcripts, this model
captures the functional dialogue between T-cell-mediated immune surveillance and the stress-responsive
tumor ecosystem, which collectively dictates clinical outcomes.
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The tumor microenvironment dictates cancer progression and governs clinical responses to
immunotherapy. Given that the TME heavily influences both prognosis and therapeutic efficacy, this study
investigated immune cell infiltration landscapes across risk strata. Patients in the high-risk group exhibited
significantly elevated ESTIMATE scores, Immune Scores, and Stromal Scores alongside reduced tumor
purity, presenting a hallmark "stroma-rich" and "immune-suppressive" TME phenotype. Utilizing the
CIBERSORT algorithm coupled with Kaplan—Meier survival analyses, we established that high infiltration
levels of activated dendritic cells and resting CD4" memory T cells predicted a favorable prognosis,
underscoring that targeted antigen presentation and immune memory maintenance are pivotal for tumor
suppression [33-34]. Conversely, elevated regulatory T cell infiltration was significantly associated with
inferior overall survival, confirming that Tregs enriched within high-risk TMEs mediate potent local
immunosuppression [35]. Furthermore, our analysis revealed a significant positive correlation between the
risk score and Treg infiltration. Given that Tregs mediate potent local immunosuppression and expand
markedly in advanced CRC, their enrichment in the high-risk group provides a direct mechanistic link to
disease progression, immune evasion, and the observed inferior overall survival. With the rapid expansion
of immune checkpoint therapy in CRC, optimizing patient stratification remains critical. Our
microenvironmental analyses revealed that low-risk patients harbor a significantly more active and
coordinated immune phenotype. Evaluation of immune-related genes demonstrated that CD244, CDA48,
CD28, CD27, CD8A, and PTPRC were significantly upregulated in low-risk patients and associated with
superior overall survival. These transcripts synergistically reflect heightened immune infiltration, robust
T-cell activation, and active immune signaling networks. Specifically, CD244 modulates immune cell
cytotoxicity and regulates the generation and survival of effector and memory T cells when co-expressed
with its ligand CD48 [36], reflecting coordinated innate and adaptive immune cross-talk [37]. Upregulation
of CD28 and CD27 denotes an enhanced T-cell co-stimulatory network; CD28 signaling drives proliferation,
cytokine secretion, and effector maintenance [38-39], whereas CD27 promotes memory T-cell generation
and sustained immune recall [40]. Elevated CD8A expression further confirms robust cytotoxic immune
surveillance—aligning with evidence from Zheng et al [41]. linking low CD8A expression to dismal
survival outcomes in immunotherapy-treated cohorts. Additionally, PTPRC (CD45), a critical regulator of
antigen receptor-mediated lymphocyte activation and survival, reflects pronounced immune cell infiltration
in low-risk tumors [42-43]. In contrast, NRP1 and CD276 were significantly overexpressed in high-risk
patients and associated with adverse survival. NRP1 promotes tumor angiogenesis, cellular migration, and
immunosuppressive niche establishment [44-46], whereas CD276 (B7-H3) acts as a prominent immune
checkpoint molecule driving immune evasion by dampening anti-tumor T-cell responses [47-48].
Consequently, the overexpression of NRP1 and CD276 synergistically fosters an immune-tolerant
microenvironment in high-risk patients, predisposing them to immune checkpoint inhibitor resistance.
Overall, our prognostic risk model effectively discriminates patient survival outcomes while exposing
profound immunological heterogeneity between risk tiers, offering a strong theoretical foundation for
immune stratification, prognostic evaluation, and precision immunotherapy design in CRC.

Notwithstanding these clinically valuable insights derived from multi-omics integration, several
limitations warrant acknowledgment. First, our prognostic models and microenvironmental inferences rely
predominantly on retrospective transcriptomic data sourced from public repositories; their clinical utility
necessitates rigorous prospective validation across large-scale, multi-center clinical cohorts. Second, the
precise molecular mechanisms governing the six core signature genes within CRC cells and distinct T-cell
compartments, their paracrine signaling dynamics, and the precise biochemical pathways driving T-cell
exhaustion require further functional elucidation through in vitro co-culture assays and in vivo murine tumor
models.

4. Conclusion
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In summary, this study explored the T-cell landscape and the TME in CRC using scRNA-seq and bulk
RNA-seq, successfully identifying key potential prognostic genes. This investigation elucidated the
functional enrichment profiles, cellular differentiation trajectories, and intercellular communication
heterogeneity of T cells within CRC. Furthermore, the established T-cell-related prognostic risk model
demonstrated robust independent predictive value. Our work not only expands the current understanding of
CRC-associated T cells but also provides novel insights into the complex immunological characteristics of
the TME. We hope that this integrative scRNA-seq and bulk RNA-seq approach will advance the
development of precision immunotherapies for CRC, while acknowledging that these findings warrant
further validation through comprehensive experimental and clinical studies.
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