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Esophageal squamous cell carcinoma (ESCC) is an aggressive malignancy with limited therapies 
and poor prognosis. While exhausted T cell (Tex) heterogeneity under chronic antigen stimulation is 
recognized, the role of Tex subsets in shaping the tumor microenvironment (TME) and influencing 
ESCC outcomes remains unclear. We integrated single-cell RNA sequencing, TCR sequencing, 
microarray, and bulk RNA sequencing to dissect Tex cells. We identified a novel proliferative Tex (prolif 
Tex) subset across discovery and validation cohorts, with high infiltration correlating significantly 
with an improved patient survival. Pseudotime trajectories suggested prolif Tex originated from Tex 
cells, while TCR sequencing revealed clonal expansion and shared receptor repertoires between Tex 
and prolif Tex. Neoadjuvant chemo-immunotherapy reduced prolif Tex proportions and differentiation 
potential in ESCC samples. A machine learning-derived prognostic model was developed using prolif 
Tex subset-specific genes and validated via qRT-PCR using in-house ESCC samples. Experimental 
validation confirmed differential expression of candidate genes in tumors versus normal tissues, with 
high ESCO2 expression linked to prolonged survival. Our findings unveil prolif Tex cells as a novel TME 
subset in ESCC, where its abundance predicts favorable outcomes. The prolif Tex-based prognostic 
model demonstrates strong prognostic value and validated hub genes offer potential biomarkers 
and therapeutic targets. Our findings underscore the potential of prolif Tex cells as a biomarker and 
therapeutic target in ESCC.
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Esophageal cancer (EC) is the eighth most common cancer and the sixth leading cause of cancer-related mortality 
worldwide. It ranks eighth globally in terms of diagnosed cases (604,100 cases, 3.1%) and sixth in terms of deaths 
(544,076 cases, 5.5%)1. EC is generally classified into two subtypes: esophageal adenocarcinoma (EAC) and 
esophageal squamous cell carcinoma (ESCC)2. In North America and Northern Europe, EAC is diagnosed twice 
as frequently as ESCC, whereas in East Asia, ESCC diagnoses outnumber EAC by more than tenfold3. The high 
prevalence of ESCC is largely attributed to unhealthy lifestyle factors, such as smoking and excessive alcohol 
consumption, and dietary habits that include the consumption of hot food, hot drinks, and pickled vegetables4. In 
the early stages of ESCC, patients do not exhibit obvious symptoms, and as a result, the majority are diagnosed at 
advanced stages (III-IV), when surgical resection is no longer possible, and non-invasive treatments are typically 
employed4,5. Currently, the primary treatment options in China include chemotherapy and radiotherapy. 
However, the 5-year survival rate for ESCC patients remains low, at approximately 30%6,7. Neoadjuvant chemo-
immunotherapy (NAT) followed by surgery has been established as the cornerstone of current clinical guidelines 
in ESCC8. However, recurrence and metastasis rates after surgery remain high, with approximately 42.5%−47.8% 
of patients experiencing treatment failure within a median follow-up period of 12–18 months9. Notably, while 
this enhanced treatment approach increases pathological complete response rates, it also significantly raises the 
incidence of grade ≥ III adverse events10. Despite advancements in treatment modalities, including targeted 
therapies and immunotherapy11, the clinical outcomes for ESCC patients remain unsatisfactory2, which can be 
attributed to the complex tumor microenvironment12,13. Thus, defining the characteristics of the ESCC tumor 
microenvironment is crucial for identifying new targets or optimizing treatment strategies.

The tumor microenvironment (TME) is a complex and highly structured ecosystem consisting of tumor 
cells surrounded by various nonmalignant cells. This highly vascularized extracellular matrix system includes 
nontumor cells such as immune cells, cancer-associated fibroblasts (CAFs), endothelial cells, mesenchymal cells, 
etc. These nonmalignant cells can be directly or indirectly influenced by tumor cells, leading to alterations in 
their original functions or the secretion of chemokines and exosomes. These changes, in turn, contribute to 
cancer cell occurrence, development, and migration, while also impairing the normal functioning of the immune 
system12,13. T cells are a critical cellular component of the TME. T cell exhaustion is a broad term that describes 
the dysfunctional state of T cells resulting from persistent antigenic stimulation. The term was initially introduced 
in the context of chronic viral infections and has recently gained significant attention in studies on the TME14. At 
the molecular level, Tex cells are characterized by the high expression of inhibitory receptors, reduced cytotoxic 
activity, and diminished proliferative potential. Pathologically, exhaustion is associated with a significant decline 
in the cytokine secretion capacity of effector T cells (Teff). These cells represent the terminally differentiated state 
of Teff cells, undergoing abnormal differentiation due to prolonged antigenic stimulation14,15. Some autoreactive 
T cell subsets have also been reported to exhibit exhaustion-like phenotypes in autoimmune conditions. While 
this process may contribute to maintain immune tolerance by restraining excessive immune responses, it also 
compromises immune surveillance against pathogens and tumors, thereby facilitating chronic infections and 
tumor immune escape16. Emerging evidence demonstrates dynamic transitions between Tex subtypes under 
specific conditions. These cells maintain functional flexibility by balancing self-renewal and differentiation into 
effector states, directly strengthening antitumor responses17. T cell exhaustion serves as a protective mechanism, 
controlling overactivation and functional decline in T cells persistently exposed to chronic antigens18. It defines a 
distinct differentiation state that diverges from naive, effector, and memory CD8 + T cell lineages. Recent studies 
have demonstrated progressive substantial heterogeneity within Tex populations, with precursor-derived subsets 
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emerging as exhaustion evolves, revealing layered heterogeneity in their functional states and differentiation 
trajectories18. While Tex cells are generally regarded as T cells that express high levels of immune checkpoint 
receptors and contribute to immune escape in the tumor microenvironment19, emerging evidence suggests that 
these cells can lead to favorable clinical outcomes in certain contexts20,21. However, the heterogeneity of Tex 
cells in ESCC and their prognostic implications remain insufficiently delineated, necessitating the application of 
emerging multi-omics approaches to resolve this biological enigma.

Next-generation sequencing has revolutionized transcriptome analysis, with high-throughput transcriptome 
sequencing (bulk RNA-seq) capturing averaged gene expression trends across cell populations but obscuring 
rare subpopulations. In contrast, single-cell RNA sequencing (scRNA-seq) provides single-cell resolution to 
uncover cellular heterogeneity and interactions, offering deeper insights into tumor complexity to solve the 
critical limitation that bulk RNA-seq has not been able to address22. Existing studies on ESCC employing bulk 
RNA sequencing and microarray analysis have delineated population-level transcriptomic patterns23,24. But 
they are limited in detecting rare Tex subsets due to their inability to handle cellular heterogeneity. Conversely, 
scRNA-seq facilitates high-resolution mapping of Tex precursor-progenitor hierarchies and functional states25–27. 
However, its application in ESCC research is limited by small cohort sizes and a lack of clinical survival data22,25. 
Moreover, current multi-omics studies predominantly focus on epithelial cells, leaving Tex-specific regulatory 
networks and their clinical implications insufficiently explored28–30. Therefore, integrating data from bulk 
RNA-seq, microarray, scRNA-seq, and T cell receptor sequencing (TCR-seq) allows for a more comprehensive 
understanding to identify the key subset of Tex and core genes that play a role in ESCC. Further integration with 
patient survival data enables the construction of prognostic models to predict the disease progression of ESCC 
patients and identify potential therapeutic targets.

In this study, we employed a comprehensive multi-omics approach to investigate the characteristics of prolif 
Tex cells in the ESCC TME. Through integrated analyses of scRNA-seq, TCR-seq, microarray data, and RNA-seq 
in ESCC, a novel subset of exhausted T cells termed prolif Tex cells was identified. This subset was found to be 
highly infiltrated and associated with improved patient survival. The prolif Tex cells originated from conventional 
Tex and exhibited enhanced differentiation potential. Using machine learning, we developed a prolif Tex-based 
risk model, validated its prognostic value across multiple cohorts, and confirmed the expression of hub genes 
through qRT-PCR. These findings highlight the potential of prolif Tex cells as both prognostic biomarkers and 
therapeutic targets.

Materials and methods
Study design
The study design is presented in Fig. 1.

Data collection
This study utilized several public datasets for analysis. The scRNA-seq data for ESCC were obtained from the 
Gene Expression Omnibus (GEO, http://www.ncbi.nlm.nih.gov/geo): GSE160269 (n = 64)25, GSE145370 (n = 
28)31, and the Genome Sequence Archive (GSA, https://ngdc.cncb.ac.cn/gsa-human): OMIX005710 (n = 46)32. 
The RNA-seq data for bulk ESCC samples were obtained from The Cancer Genome Atlas (TCGA), including 86 
tumor samples and 13 normal samples. Microarray data were obtained from the GEO dataset: GSE53622 (n = 
60), GSE53624 (n = 119) and GSE53625 (n = 179)24.

Single-cell data processing
Quality control of scRNA-seq data was performed using Seurat (version 4.1.0)33. Cells with fewer than 500 
or more than 7,500 detected genes, or those with over 20% mitochondrial gene expression, were excluded. 
Genes expressed in fewer than three cells were also removed. Data normalization was performed using the 
NormalizeData function, and doublets were identified and excluded using the DoubletFinder package (version 
2.0.4) with an expected doublet rate of 8%. Batch effects across datasets were corrected using the Harmony R 
package (version 1.2.0). Dimensionality reduction was conducted via Principal Component Analysis (PCA), 
followed by Uniform Manifold Approximation and Projection (UMAP) for visualization34.

RNA-seq data processing
RNA-seq gene expression data were log2-transformed and standardized to z-scores. The TCGA-ESCC cohort 
was used for training, and the clinical data were integrated with the gene expression data to form the final matrix 
for survival analysis. Samples with survival times of less than 50 days were excluded to ensure data reliability.

Cell annotation
Cell clustering and differential expression analysis were performed using the Seurat R package. Clustering was 
conducted via the FindNeighbors and FindClusters functions (dim = 30, resolution = 1.0). Differentially expressed 
genes (DEGs) were identified using the FindAllMarkers function. Cell annotations were based on canonical cell 
marker genes. Chromosomal copy number variation (CNV) scores were evaluated using the inferCNV package 
(version 1.18.1)35. T cells were reclustered using the same Seurat pipeline, and cell annotations for subsets of T 
cells were conducted using differentially expressed genes of each cluster and canonical cell marker genes.

T cell pathway enrichment analysis
T cell proliferation, exhaustion, and cytotoxicity scores were calculated using gene sets from Cheng et al.36. Cell 
cycle gene sets were obtained from the MsigDB database (https://www.gsea-msigdb.org/gsea/msigdb). Gene 
Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses were conducted 
using the enrichGO and enrichKEGG functions within the clusterProfiler R package (version 4.10.1)37.
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T cell receptor analysis
TCR clonality and expansion were assessed for the GSE160269 dataset using the scRepertoire R package (version 
2.2.1)38. The Morisita overlap index was used to quantify TCR similarity across T cell subsets39.

Trajectory analysis of T cells
T cell pseudotime trajectories were modeled using the Monocle2 R package (version 2.30.1)40. The DDRTree 
algorithm was applied to embed cells in a lower-dimensional space. Genes with sufficient expression levels were 

Fig. 1.  Flow chart illustrating the study design.
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selected after filtering, and dimensionality reduction was performed using the reduceDimension function. Cells 
were ordered using the orderCells function to construct pseudotime trajectories. The CytoTRACE2 R package 
(version 1.0.0)41 was used to assess differentiation potential.

T cell infiltration and survival analysis
The single-sample Gene Set Enrichment Analysis (ssGSEA) method in the GSVA R package (version 1.50.5)42 
was applied to assess T cell subtype infiltration in bulk RNA-seq samples. Gene Set Enrichment Analysis (GSEA) 
was also conducted to examine cell cycle gene enrichment. Kaplan-Meier plots were generated using the survfit 
function from the survival R package (version 3.7.0) and the ggsurvplot function from the survminer (version 
0.4.9) R package. Survival differences were evaluated using log-rank tests. The optimal cutoff for classifying 
high- and low-risk groups was determined using the ‘surv_cutpoint’ function. The TCGA-ESCC dataset served 
as training set, while the GEO datasets were used for independent validation.

Construction of Prolif Tex-associated prognostic model
DEGs were identified between normal and tumor samples in the TCGA-ESCC dataset using the Limma package 
(version 3.58.1) and among T cell clusters using the FindAllMarkers function, with thresholds of adjusted 
P < 0.05 and |avg_log2 fold change| > log2(1.2). Univariate Cox regression analysis was performed to identify 
prognostic genes. Overlapping DEGs of prolif Tex cells across GSE160269, GSE145370, and OMIX005710 
datasets were used to construct the prognostic model. A prolif Tex-based risk signature was developed using 
machine learning, selecting the optimal algorithm from Ridge, Least Absolute Shrinkage and Selection Operator 
(Lasso), and Elastic Net (Enet). Risk groups were stratified, and survival outcomes were evaluated via Kaplan-
Meier analysis.

Nomogram construction based on the risk signature
Univariate and multivariate Cox regression were used to analyze risk signatures and clinicopathological features. 
A nomogram was constructed to predict overall survival (OS) in ESCC patients, incorporating clinical features 
and risk scores. Variables with P < 0.05 in multivariate analysis were included. Calibration curves were generated 
to assess the nomogram’s accuracy and clinical relevance.

Immune infiltration analysis
The correlation between the risk signature and the tumor immune microenvironment (TIME) were analyzed 
using the CIBERSORT, ESTIMATE, and TcellSI algorithms. Stromal, immune, and ESTIMATE scores were 
calculated using the ESTIMATE R package (version 1.0.13)43. CIBERSORT (version 0.1.0)44 was used to 
estimate the proportions of 28 immune cell subtypes, and correlations between model genes and immune scores 
were analyzed to assess immune function. The T cell states scores were calculated using the TCellSI R package 
(version 0.1.0)45.

Immune therapy response analysis
The association between the risk model and immune checkpoint inhibitor (ICI) response was evaluated using 
transcriptomic and clinical data from ICI-treated patients. Data from the IMvigor210 cohort (anti-PD-L1 
therapy), GSE78220 (melanoma, anti-PD-1 therapy), GSE67501 (renal cell carcinoma, anti-PD-1 therapy), and 
GSE165252 (ESCC, combining a PD-L1 inhibitor with neoadjuvant chemoradiotherapy) were used to assess 
the model’s predictive ability for therapeutic response. In all external cohorts, we applied the same prognostic 
model constructed from the prolif Tex-derived genes in TCGA-ESCC without incorporating clinicopathological 
covariates.

Drug sensitivity analysis
The Connectivity Map (CMap) database (http://www.broadinstitute.org) was used to identify potential 
compounds associated with the risk groups defined by the PTex model46. Specifically, differentially expressed 
genes between the high- and low-risk groups were used as input, and compounds predicted to reverse the high-
risk transcriptional profile were prioritized. The top 50 drugs with the strongest predicted reversal effects were 
selected for mechanism of action (MoA) analysis. Drug sensitivity analysis was conducted using the Genomics 
of Drug Sensitivity in Cancer (GDSC) database47, with IC50 values predicted using the OncoPredict R package 
(version 1.2)48.

Quantitative RT-PCR validation
Primary tumor and adjacent normal tissue samples from 15 ESCC patients who received chemoradiotherapy 
were collected after surgical resection at Fudan University Shanghai Cancer Center (FUSCC). Informed consent 
was obtained, and the study was approved by the FUSCC Ethical Review Committee. Total RNA was extracted, 
and qRT-PCR was performed via SGExcel FastSYBR Mixture (Sangon) on a LightCycler 480 II System (Roche). 
Gene expression levels were normalized to GAPDH and calculated using the 2-ΔΔCT method. Primer sequences 
are listed in supplementary material 1: Table S1. Since the RNA was extracted from preserved Formalin-Fixed 
Paraffin-Embedded samples, the amount of available RNA was insufficient for assaying all genes of the PTex 
model. Therefore, six candidate genes (ESCO2, CORO1A, DBF4, NDUFB11, RAB8A, and TNFSF10) from the 
PTex model were selected for validation using bulk RNA extracted from paired tumor and normal tissues, as 
these genes have previously been reported to be associated with cancer. Additionally, it is worth noting that the 
use of bulk RNA to measure the expression of these six representative genes may dilute cell type-specific signals, 
such as ESCO2 expression derived from proliferating Tex cells.
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Statistical analysis
All the statistical analyses were performed using R software (version 4.3.3). Group comparisons were performed 
using the Wilcoxon test or Student’s t-test, depending on the data distribution. Pearson and Spearman correlation 
coefficients were used for correlation analysis. Survival analysis was conducted using the Kaplan-Meier method, 
with survival differences evaluated by log-rank tests. Statistical significance was defined as P < 0.05, with levels of 
significance set at * P < 0.05, ** P < 0.01, and *** P < 0.001.

Results
Identification of prolif Tex cells in ESCC by scRNA-seq
To explore the cellular heterogeneity within the TME of ESCC, we processed and integrated scRNA-seq data 
from the GSE160269 cohort, obtaining a total of 208,125 cells. Based on DEGs in each cluster, we annotated cell 
types and identified immune cells (CD45+), including proliferative T cells, T cells, NK cells, B cells, and myeloid 
cells, as well as non-immune cells (CD45-), such as epithelial cells, endothelial cells, fibroblasts, and pericytes 
(Fig. 2A). Proliferative T cells were characterized by the expression of canonical T cell markers (CD3D, CD3E, 
CD3G) and cell cycle-associated genes (MKI67, TYMS, and RRM2) (Fig. 2B,C). Proliferative T cells were found 
to be enriched in tumor samples compared to normal tissues (Fig. 2D). To better distinguish tumor cells from 
normal epithelial cells, we utilized inferCNV to analyze copy number variations (CNVs), categorizing cells with 
significant CNVs as tumor cells (Fig. S1A).

To provide a comprehensive characterization of T cell subtypes in ESCC, we focused on T cells and proliferative 
T cells, identifying multiple CD4 + T cell clusters (including CD4 T Naive, Tfh1, Tfh2, TmemCD4, and Treg) 
and CD8 + T cell clusters (including MAIT, TmemCD8, NKT, Teff and Tex). Treg are effective suppressors of 
inflammatory immune responses and are essential in all tissues to prevent destructive immunity49. NKT cells are 
recently discovered T cells that express both NK cell surface markers and T cell surface receptors50. Proliferative 
T cells were further classified into proliferative Treg, prolif Tex cells, and proliferative NKT cells (Fig. 2E). Cell 
cycle analysis revealed that proliferative T cells primarily entered the G2/M and S phases, indicating active 
proliferation (Fig. 2F). To investigate the expression variations among the T cells, we explored the expression of 
several marker genes associated with different cell states including Naïve, Effector, Exhaustion, and Proliferation 
(Fig. 2G). Both prolif Tex and prolif Treg cells exhibited high expression of proliferation markers (MKI67, 
UBE2C, TOP2A), and prolif Tex cells expressed high levels of exhaustion markers (LAG3, PDCD1, CTLA4), 
while prolif Treg exhibited high expression of CD4 cell markers (FOXP3, CD4, IL2RA). Furthermore, prolif Tex 
cells were divided into two primary subtypes based on the dominant expression of either CDK4 or MKI67 (Fig. 
2H). Based on these distinctive expression patterns of prolif Tex cells, we further analyzed the correlation of this 
subset with clinical prognosis in TCGA-ESCC bulk RNA-seq data.

High expression of representative gene set from prolif Tex cells correlated with better 
prognosis
To investigate the functional role of prolif Tex cells within ESCC, we performed immune infiltration analysis and 
survival analyses. We selected the top 50 upregulated DEGs in the GSE160269 single-cell dataset as representative 
gene sets characterizing these subtypes. Subsequently, the ssGSEA was used to calculate the infiltration scores 
for T cells in the TCGA-ESCC cohort. A comparison of the infiltration scores between normal and tumor tissue 
revealed that Treg, prolif Treg, Tex and prolif Tex cells exhibited significantly higher infiltration scores in tumor 
tissue compared to normal tissues, indicating the enrichment of prolif Tex cells in ESCC (Fig. 2I). The infiltration 
of prolif Tex cells showed an increasing trend with tumor progression, though the difference across tumor stages 
was not statistically significant (Fig. S1B). To further evaluate the prognostic impact of prolif Tex cells on survival 
outcomes, patients were divided into high- and low-risk groups based on prolif Tex cell infiltration levels. The 
analysis revealed that high infiltration levels of most T cell subtypes were associated with poor patient outcomes. 
However, high infiltration levels of prolif Tex cells were significantly correlated with improved survival in ESCC 
patients (Fig. 2J). These findings suggest that prolif Tex cells might play a supportive role in antitumor immune 
responses within ESCC.

Functional enrichment analysis revealed high exhaustion and proliferative characteristics of 
prolif Tex cells
To further investigate the expression characteristics of prolif Tex cells, we performed GSEA using cell cycle gene 
sets from MSigDB. The analysis revealed significant enrichment of cell cycle-related genes in prolif Tex cells, 
which was not observed in Tex or Teff cells (Fig. 3A). GO and KEGG enrichment analyses were conducted 
on the DEGs of prolif Tex cells, Tex and Teff cells (Fig. 3B). These analyses demonstrated that prolif Tex cells 
were significantly enriched in pathways associated with cell cycle, DNA replication and microtubule-associated 
binding, suggesting their predominant role in tumor-associated proliferation. Furthermore, proliferation, 
exhaustion, and cytotoxicity scores were calculated using the gene sets provided by Cheng et al.36. The results 
revealed that prolif Tex cells exhibited significantly higher proliferation scores compared to non-proliferative T 
cells (Fig. 3C). Moreover, the exhaustion and cytotoxicity scores of prolif Tex cells and Tex cells were significantly 
higher than Teff cells, suggesting the high proliferative capacity and potential cytotoxic function of prolif Tex 
cells.

  

Prolif Tex and Tex exhibit expanded clonal proliferation in high tumor stage samples
T cell receptor VDJ sequencing data enables the analysis of T cell clonal expansion based on homologous TCRs. 
Paired TCR-seq and scRNA-seq analyses revealed that CD8 + T cells (Teff cells, Tex, prolif Tex cells, and T 
memCD8) exhibited highly expanded TCR clones, with Tex and prolif Tex cells predominantly consisting of 
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Fig. 2.  Single-cell atlas of ESCC cohort (GSE160269). (A) UMAP visualization of the 208,125 cells (64 ESCC 
samples: 60 tumor and 4 normal), colored by cell type. (B) Dot plot of the expression of marker genes for 
cell types defined in (A). Dot size corresponds to the percentage of cells expressing the marker gene, and dot 
color indicates the average expression. (C) Feature plot illustrating the distribution of selected marker genes 
of T cells. (D) Box plot of cell-type fractions identified in tumor and normal tissues, values are presented as 
mean ± SD. (E) UMAP visualization of T cells, colored by cell type. (F) Distribution of T cell cycle phases (G1, 
S, and G2/M). (G) Dot plot illustrating the expression levels and percentage of cells expressing selected T 
cell function-associated genes across different T cell clusters. (H) Kernel density estimation plot showing the 
distribution of MKI67 and CDK4 gene expression of T cells. (I) Infiltration scores of T cell subtypes between 
tumor and normal samples in the TCGA-ESCC dataset. (J) Survival analysis stratifying ESCC patients by T cell 
infiltration scores in the TCGA-ESCC dataset.
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Fig. 3.  Characteristics of prolif T cells. (A) GSEA of cell cycle-associated gene sets for Teff, Tex, and prolif 
Tex cells. (B) GO and KEGG pathway enrichment analysis of DEGs in Teff, Tex, and prolif Tex cells. The 
KEGG database was used under permission from Kanehisa Laboratories (www.kegg.jp)51,52. (C) Violin plots 
comparing proliferation score, exhaustion score, and cytotoxicity score for Teff, Tex, and prolif Tex cells, values 
are presented as mean ± SD. (D) UMAP visualization of T cell receptor clonal populations. (E) Heatmap 
showing T cell subtype TCR overlap indices using the Morisita overlap index. (F) CytoTRACE analysis and 
visualization of the degree of differentiation of T cells, where higher scores indicate greater stemness. (G) 
Differentiation trajectory of the CD8 + T cells, colored by cell subtype (left) and pseudotime (right). Each point 
indicates a single cell.
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large and medium clones (Figs. 2E and 3D). We analyzed the clonal composition of T cell subtypes in tumor 
samples of different stages (Fig. S1C). Large TCR clones were nearly absent in normal tissues. However, large 
clones of Tex and prolif Tex cells were significantly abundant in stage II/III tumor samples compared to stage I 
samples, while no significant differences were observed in Teff cells. These results suggest that the clonal size of 
prolif Tex and Tex cells increases with tumor stage progression.

Overlapping TCR clones provide insights into associations across the T cell differentiation trajectory53. A 
comparison of the TCR sequences revealed a high degree of overlap among Teff cells, Tex, prolif Tex cells, and 
T memCD8 cells. Notably, the TCR similarity between Tex and prolif Tex cells was as high as 0.79, indicating 
a close lineage relationship between these subtypes (Fig. 3E). These findings highlight the pronounced clonal 
expansion and high TCR similarity between Tex and prolif Tex cells, emphasizing their pivotal role in the 
progression of ESCC.

Differentiation potential and pseudotime trajectory of prolif Tex cells
To investigate the differentiation potential of prolif Tex cells, CytoTRACE2 differentiation scores were 
calculated, revealing that prolif Tex cells exhibited lower differentiation plasticity, indicative of a more defined 
cell fate (Fig. 3F). To further explore the differentiation trajectory of prolif Tex cells, pseudotime analysis was 
performed based on transcriptional similarity in CD8 + T cells, focusing on Teff cells, Tex, and prolif Tex cells. 
The pseudotime trajectory began with the Teff cells cluster and demonstrated a gradual differentiation process, 
transitioning from Teff cells to Tex cells and finally to prolif Tex cells (Fig. 3G). Taken together, the prolif Tex 
cells exhibit a higher differentiation potential, share partial TCR similarity with the Tex cells, and are positioned 
at the terminally differentiated state of the differentiation trajectory originating from Teff cells and progressing 
toward Tex cells.

We aimed to characterize Tex subtypes in ESCC, we performed reclustering analysis (Fig. S2A). The progenitor 
Tex subset displayed high expression of the stem-like marker IL7R, consistent with its precursor-like features, 
whereas prolif Tex cells showed elevated expression of proliferation- and cell cycle–related genes (Fig. S2B). 
TCR analysis revealed that prolif Tex cells exhibited the greatest clonal similarity with CXCL13 + Tex cells, while 
their overlap with progenitor Tex was relatively low (Morisita index = 0.221) (Fig. S2C). In pseudotime analysis, 
prolif Tex cells were positioned at the terminal end of the Tex differentiation axis, distinct from progenitor Tex 
(Fig. S2D and E). These findings indicate that prolif Tex and progenitor Tex represent two transcriptionally and 
developmentally distinct subsets with divergent molecular features.

To further validate the functional characteristics of prolif Tex cells, the GSE145370 ESCC single-cell dataset 
was analyzed for independent verification. Using the same approach as GSE160269, the data were processed 
to identify cell clusters (Fig. S3A), followed by T cell annotation (Fig. S3B). Consistent with the findings from 
GSE160269, prolif Tex cells were identified, co-expressing proliferation and exhaustion markers (Fig. S3C). 
Based on MKI67 and CDK4 expression, prolif Tex cells were classified into two main subtypes (Fig. S3D), 
predominantly located in the G2/M and S phases and exhibiting higher differentiation potential scores (Fig. 
S3E and F). Furthermore, prolif Tex cells were predominantly positioned at the terminal stage of the CD8 + cell 
pseudotime trajectory (Fig. S3G). Overall, these suggest that prolif Tex cells occupy the terminal position in the 
developmental trajectory of the CD8 + T cells and exhibit unique differentiation potential. This conclusion was 
consistently supported by both our discovery and validation cohorts.

Reduced differentiation potential and decreased proportion of prolif Tex cells after NAT
To investigate the effects of NAT on the differentiation potential and abundance of prolif Tex cells within the TME, 
we analyzed the OMIX005710 dataset, a recent single-cell dataset of ESCC that includes samples collected before 
and after NAT. Using the same data processing method, we obtained 166,200 cells from OMIX005710. Cell type 
annotation was performed based on the differentially expressed genes in each cell cluster (Fig. 4A), with each cell 
type exhibiting high expression of its characteristic marker genes (Fig. 4B). Subsequently, T cells were extracted, 
reclustered, and reannotated, resulting in the identification of prolif Tex cells (Fig. 4C). These cells showed high 
expression of proliferation- and exhaustion-related genes (Fig. 4D) and were further divided into two clusters 
based on CDK4 and MKI67 expression patterns (Fig. 4E). The cell cycle analysis revealed that prolif Tex cells 
predominantly occupied the G2/M phase (Fig.  4F). Differentiation potential analysis revealed significantly 
reduced differentiation potential in prolif Tex cells after NAT treatment (Fig.  4G, S4A–C). Additionally, the 
proportion of prolif Tex cells decreased after NAT treatment, while Naive-like and Teff cells increased (Fig. 4H 
and S4C). Pseudotime analysis further revealed that prolif Tex cells primarily appeared at the terminal branch 
of the CD8 + T-cell differentiation trajectory, branching from conventional Tex cells (Fig.  4I). Notably, the 
differentiation pathway differed before and after treatment: Teff cells after treatment formed two branches along 
the main differentiation trajectory, one of which did not originate from Naive-like cells, whereas pretreatment 
samples exhibited only a single branch. These observations suggest that prolif Tex cells may differentiate into 
alternative functional states or exhibit increased sensitivity to treatment, leading to their exhaustion.

To investigate the prognostic impact of prolif Tex cells in NAT treatment, We compared their proportions 
across the three treatment response groups. Although patients with better responses tended to have a higher 
proportion of prolif Tex cells, this difference was not statistically significant (Fig. S4D). Survival analysis 
conducted in TCGA-ESCC cohort, based on the infiltration levels of various cell types from the OMIX005710 and 
GSE145370 datasets, revealed that high infiltration of prolif Tex cells was significantly associated with improved 
survival outcomes (Fig. S4E), consistent with findings from the GSE160269 cohort. Collectively, NAT treatment 
significantly reduced both the differentiation potential and the proportion of prolif Tex cells, potentially due to 
either their differentiation into alternative functional states or increased sensitivity to immunotherapy.
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Construction of prognostic model based on prolif Tex cells
Using the previously analyzed three single-cell datasets, we identified shared DEGs across prolif Tex cells 
(supplementary material 2: Table S2). Through univariate Cox regression analysis, 42 genes significantly 
correlated with prognosis were selected (Fig. 5A). Utilizing these prognostic DEGs, machine learning techniques 
were employed to construct a comprehensive predictive model. Ultimately, a prognostic model using the Enet 
(α = 0.4) was chosen (Fig. 5B and C). This model consisted of nineteen genes, including 12 risk genes and 7 
protective genes (Fig. 5D). Risk scores for each sample were calculated and patients were divided into high- and 
low- risk groups. Kaplan-Meier survival analysis revealed that patients in the high-risk group had significantly 
poorer prognoses than those in the low-risk group (Fig. 5E). The distributions of patient survival status and 
risk scores in the TCGA and GEO cohorts are shown in Fig. S5A. To further validate the model, we analyzed 
the expression distribution of the 19 genes in the model within the single-cell dataset GSE160269. The results 
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indicated that the majority of these genes were highly expressed in the prolif Tex cells (Fig. 5F). Additionally, 
ssGSEA based on the DEGs of prolif Tex cells was applied to evaluate the infiltration of prolif Tex cells in TCGA-
ESCC cohort. The findings revealed that patients in the low-risk group exhibited greater infiltration levels of 
prolif Tex cells (Fig.  5G), aligning with our previous findings that the high infiltration of prolif Tex cells is 
associated with improved survival outcomes in ESCC patients.

Independent risk factors investigation and nomogram construction
To identify independent prognostic factors and develop a predictive nomogram, we integrated clinicopathological 
features with risk scores. Both univariate and multivariate Cox regression analyses confirmed that risk scores 
were an independent prognostic factor (P < 0.001) (Fig. 5H and I). Using multivariate Cox regression, a predictive 
nomogram was constructed by incorporating risk scores along with gender, T-stage, and N-stage (Fig. 5J). The 
calibration plot results demonstrated that the nomogram exhibited strong predictive accuracy for actual survival 
outcomes (Fig. 5K).

Immune infiltration characteristics of the prognostic model
To further elucidate the immunological mechanisms underlying the prognostic significance of our model, we 
analyzed immune infiltration features by comparing immune and stromal cell compositions between the high- 
and low-risk groups in the TCGA-ESCC cohort. CIBERSORT showed that high-risk patients showed increased 
proportion of CD8 + T cells, M1 and M2 macrophages, and Treg cells, while the low-risk group showed increased 
proportions of resting NK cells and resting memory CD4 + T cells (Fig. 6A). Further analysis of immune and 
stromal cell infiltration within the tumor microenvironment revealed that the ESTIMATE scores, immune 
scores, and stromal scores were significantly elevated in the high-risk group compared to the low-risk group 
(Fig.  6B). Despite higher tumor purity in the low-risk group, the levels of immune and stromal infiltration 
were decreased, suggesting pronounced immunosuppressive characteristics in the TME of the low-risk group. 
Additionally, CORO1A and TNFSF10 were positively correlated with immune scores, while ESCO2 and DBF4 
showed negative correlations (Fig. S5B).

Using the TcellSI R package, we analyzed T cell-related immune state and found that, except for the resting 
state, T cell functional activity was significantly higher in the high-risk group compared to the low-risk group 
(Fig.  6C). Patients in the high-risk group exhibited significantly higher levels of immune and stromal cell 
infiltration (Fig. 6D). Additionally, protective genes such as NUDT11 and DBF4 were inversely correlated with 
stromal scores, immune scores, and ESTIMATE scores (Fig. 6F). Risk genes including CORO1A, PSMB8, and 
TNFSF10 were significantly associated with higher infiltration of most immune cells, whereas protective genes 
such as DBF4, ESCO2, and RBBPB were correlated with decreased infiltration levels (Fig. 6E and S5C). Taken 
together, patients in the high-risk group exhibited enhanced immune infiltration and activity, characterized 
by elevated immune scores, contrasting with the immunosuppressive tumor microenvironment observed in 
low-risk group tumors. These findings suggest that the low-risk patients in TCGA-ESCC may be more likely to 
benefit from immunotherapy, potentially improving survival time.

Prediction of immunotherapy response based on risk signature
To evaluate the ability of our prognostic model to predict immunotherapy response, we analyzed two 
independent datasets, GSE78220 and IMvigor210. The IMvigor210 cohort, comprising 348 melanoma patients 
treated with anti-PD-L1 antibodies, was classified into complete responses (CR), partial responses (PR), stable 
disease (SD), and progressive disease (PD) groups based on treatment outcomes. Similarly, the GSE78220 
dataset includes patients with melanoma who received anti-PD-1 immune checkpoint inhibition therapy. In 
both datasets, patients in the high-risk score groups exhibited significantly worse OS. Moreover, the proportion 
of PD/SD patients in the high-risk group was significantly higher than in the low-risk group, whereas CR/PR 
rate was notably higher in the low-risk group. These findings suggest that the high-risk group is associated with a 
poorer response to immune checkpoint inhibition (Fig. 7A and B). To validate these results, we further analyzed 
two additional independent datasets, GSE67501 and GSE165252 (Fig.  7C and D). Consistent with previous 
findings, CR/PR patients in both cohorts presented significantly low risk scores, whereas PD/SD responders 
were more likely to have high risk scores. Collectively, these results indicate that immunotherapy outcomes were 
significantly worse in the high-risk group than in the low-risk group.

Fig. 4.  Single-cell atlas of ESCC neoadjuvant chemo-immunotherapy cohort (OMIX005710). (A) UMAP 
visualization of 6,679 cells (46 ESCC samples: 22 pre-treatment and 24 post-treatment), colored by cell type. 
(B) Dot plot of the expression of marker genes for cell types defined in (A). Dot size corresponds to the 
percentage of cells expressing the marker gene, and dot color indicates the average expression. (C) UMAP 
visualization of T cells, colored by cell type. (D) Dot plot showing the average expression of canonical marker 
genes across T cells. (E) Kernel density estimation plot showing the distribution of MKI67 and CDK4 gene 
expression in T cells. (F) Distribution of cell cycle phases of T cells. (G) Differentiation potential scores in 
proliferative Tex cells before and after NAT treatment. (H) Alluvial plot (left) and boxplots (right) comparing 
the proportions of prolif Tex cells in samples before and after NAT. (I) Differentiation trajectory of T cells 
according to pseudotime and sample groups (before and after neoadjuvant chemo-immunotherapy), colored 
by cell subtype (top left), pseudotime (top right), and treatment group (bottom). Each point indicates a single 
cell.
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Fig. 5.  Construction and evaluation of a prognostic risk model. (A) Volcano plot of 42 prognosis-correlated 
genes obtained via univariate Cox regression analysis (P < 0.05), labeled with genes retained in the final 
model. (B) Trajectories of variables for lambda selection (optimal λ = 0.061). (C) Distributions of independent 
variables at optimal λ. (D) Enet regression coefficients for the 19 genes in the risk signature. (E) Kaplan-Meier 
survival analysis of overall survival based on the prognostic model in the TCGA-ESCC, GSE53622, GSE53624, 
and GSE53625 cohorts (TCGA-ESCC: n = 86, GSE53622: n = 60, GSE53624: n = 119, GSE53625: n = 179). (F) 
Expression of the 19 prognostic genes across cell types in scRNA-seq dataset GSE160269. (G) ssGSEA-based 
infiltration scores of high- and low-risk groups in TCGA-ESCC. (H, I) Univariate (left, RiskScore HR = 6.536, 
P = 1.15 × 10−8) and multivariate (right, RiskScore HR = 7.263, P = 1.45 × 10−8) cox regression analysis based 
on the risk score and clinicopathological features. (J) Nomogram integrating gender, T-stage, N-stage, clinical 
stage, and risk score for OS prediction. (K) Calibration curves for 1-year and 2-year OS predictions.
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Drug sensitivity analysis
Considering the prognostic differences between the high- and low-risk groups, we aimed to identify potential 
therapeutic drugs by conducting a mechanism of action (MoA) analysis through the CMap database. Fig. S6A 
highlights the top 50 drugs predicted to be the most effective for ESCC treatment, along with their associated 
pathways. The OncoPredict package in R was used to construct a ridge regression model and to predict drug 
sensitivity, generating IC50 values for 198 drugs. A comparison of IC50 values between high- and low-risk 
groups revealed significant differences in drug efficacy, with 34 drugs showing statistically significant variations 
(Fig. S6B).

Further correlation analysis between IC50 values and risk scores revealed significant associations between 
genes involved in cell cycle regulation and drug resistance or sensitivity (Fig. S6C). The risk score was negatively 
correlated with the IC50 values of most drugs, indicating their higher effectiveness in high-risk groups. 
Furthermore, based on the average IC50 values across samples, we identified the top 20 candidate drugs with the 
lowest IC50 values (Fig. S6D), which may serve as promising therapeutic options for ESCC.

Experimental validation of risk feature genes
To further validate the prolif Tex-based model and candidate genes, six genes included in the risk signature were 
selected for experimental validation in in-house ESCC patients. TNFSF10, ESCO2, and DBF4 had significantly 
higher expression levels in tumor tissues compared to normal tissues (Fig. 8A), indicating that prolif Tex cells 

Fig. 6.  Immune infiltration analysis. (A) Distribution of 28 immune cell types in high- and low-risk groups 
(TCGA-ESCC). (B) ESTIMATE, stromal, and immune scores between risk groups (TCGA-ESCC). (C) T 
cell state scores calculated via TcellSI algorithm (TCGA-ESCC). (D) Heatmap of immune cell infiltration in 
the TME of ESCC. (E-F) Correlations of prognostic model signatures with immune-related cell proportions, 
Immune, Stromal, and ESTIMATE scores.
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are enriched in tumor tissues. Interestingly, although ESCO2 and DBF4 were defined as protective genes in 
our risk model, their expression levels were elevated in tumor tissues. Additionally, certain risk genes such as 
CORO1A and RAB8A exhibited a trend of increased expression in tumor samples, while others, like NDUFB11, 
displayed relatively low expression levels in tumor tissues (Fig. S7A), despite the differences not being statistically 
significant. These observations suggest that the functional regulation of these genes in tumors may involve more 
complex mechanisms.

Survival analysis was conducted to assess the association between gene expression levels and clinical 
outcomes. Kaplan-Meier survival curves were constructed for disease-free survival (DFS) and OS (Fig.  8B). 
Patients in the higher expression group of ESCO2 exhibited a significantly longer DFS, with a similar but non-
significant trend observed for OS, suggesting that ESCO2 may serve as a potential biomarker for early ESCC 
diagnosis. KM curves for the other candidate genes are presented in Fig. S7B and C. Correlation analysis of 
the clinical variables revealed that T-stage and N-stage were significantly negatively correlated with survival 
time, indicating that patients with advanced-stage patients had shorter survival periods (Fig. 8C). In summary, 
experimental validation demonstrated tumor upregulation of protective genes ESCO2 and DBF4, with high 
ESCO2 expression associated with improved survival outcomes.

Discussion
This study provides a comprehensive multi-omics characterization of tumor-infiltrating T cells in ESCC. Through 
analysis of over 208,125 single-cell transcriptomes, we identified a novel subset of prolif Tex cells characterized 
by the co-expression of exhaustion and proliferation-related genes. Further investigation revealed that prolif Tex 
cells not only exhibit high expression of cell cycle-related genes but also have a significantly higher infiltration 
in tumor samples compared to normal samples. Integrative analysis of TCR-seq and pseudotime trajectories 
demonstrated that prolif Tex cells originated from Tex. Moreover, greater infiltration of prolif Tex cells was 
correlated with improved survival, underscoring their critical role in tumor immunity. Notably, in ESCC the 
common paradigm that high immune infiltration predicts favorable prognosis does not always hold true. Several 
studies have demonstrated that patients with elevated immune or stromal scores often show reduced tumor 
purity and significantly worse survival outcomes54–57. Consistent with these findings, our analysis revealed that 
the low-risk group with high PTex infiltration exhibited higher tumor purity and lower overall immune levels, 
but still, the precise immune functions of prolif Tex in ESCC remain to be elucidated and will require further 
functional assays.

Fig. 7.  Prediction of immunotherapy response via the risk signature across multiple public cohorts. (A) 
Kaplan-Meier plot and treatment response distribution in GSE78220. (B) Kaplan-Meier plot and treatment 
response distribution in IMvigor210. (C) Immunotherapy response rates by risk group in GSE67501. (D) 
Immunotherapy response rates by risk group in GSE165252.
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Increasing evidence suggests that T cell exhaustion is marked by heterogeneity and characterized by a 
well-established three-stage differentiation trajectory: progenitor-transition-terminal58,59. Consistent with 
this model, we found that prolif Tex cells are distinct from progenitor Tex cells. Progenitor Tex were enriched 
for stem-like markers such as IL7R and located at the root of the Tex trajectory, whereas prolif Tex showed 
high expression of cell cycle-related genes (MKI67, TOP2A, UBE2C) and occupied the terminal branch. TCR 
analysis further revealed that prolif Tex cells shared greater clonal similarity with CXCL13 + Tex than with 
progenitor Tex, underscoring their separate developmental state. Similar prolif Tex cluster has been identified 
in a study on head and neck squamous cell carcinoma (HNSCC)36, where their enrichment correlated with 
improved prognosis in HPV + patients via prolonged survival and enhanced cytotoxicity. Consistent with these 
findings, our study shows that the enrichment of prolif Tex cells is associated with significantly better prognosis 
in ESCC patients. Another recent study in ESCC also identified a similar subtype of exhausted T cells in a cycling 
state60. This subtype was found to express cell cycle-related genes and was enriched in metastatic lymph nodes, 
suggesting that the proportion of the subset of Tex with characteristics of proliferation may increase as tumor 
progression advances. Additionally, pseudotime analysis revealed that this Cycling-Tex subtype occupies the 
terminal position in the CD8 + T cell pseudotime trajectory. These findings align with our results on prolif Tex 
cells, indicating that they likely belong to the same subset. However, our study represents the first identification 
of prolif Tex cells specifically in ESCC.

Among the candidate genes in our prognostic model derived from prolif Tex cells, three proliferation-related 
genes (ESCO2, DBF4, and TNFSF10) have previously been reported to be associated with cancer progression. 
ESCO2, a cell division-related gene, plays a crucial role in sister chromatid cohesion during mitosis61. High 
expression of ESCO2 has varying prognostic implications across different cancer types62–64. DBF4, in 
cooperation with CDC7 kinase, participates in initiating DNA replication and in the G1/S transition of the cell 
cycle65. High expression of DBF4 is frequently linked to poor prognosis in cancers66. TNFSF10, a member of 
the tumor necrosis factor superfamily, induces apoptosis in tumor cells by binding to death receptors67. While 
TNFSF10 expression may contribute to enhancing the cytotoxicity of prolif Tex cells, its excessive expression 
could contribute to immune suppression, worsening patient prognosis. In this study, transcriptomic analysis and 
quantitative qRT-PCR validation demonstrated that the expression levels of these three genes (ESCO2, DBF4, 
TNFSF10) were significantly higher in ESCC tumor tissues compared to adjacent non-tumor tissues. Analysis 
of in-house clinical samples revealed a trend toward better prognosis associated with high expression of these 
genes, although only ESCO2 showed a statistically significant difference in the DFS of patients. The lack of 
significant differences for the other genes may be due to the limited sample size, and further validation with an 

Fig. 8.  qRT-PCR validation of prolif Tex cell hub genes in ESCC. (A) DBF4, ESCO2 and TNFSF10 expression 
in normal esophageal tissue and ESCC tissue from patients. Student’s t-test was used to compare gene 
expression between normal and tumor tissues. (B) Kaplan-Meier survival analysis comparing DFS and OS in 
ESCC patients stratified by ESCO2 expression levels. (C) Pearson’s correlation analysis of clinical factors in 
patients with ESCC.
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expanded cohort is planned. These findings highlight the clinical potential of the prolif Tex prognostic model 
and its candidate genes, particularly ESCO2, warranting further investigation in future studies.

A previous study demonstrated that neoadjuvant radiotherapy enhanced CD8 + T effector cell infiltration in 
the TME of ESCC32. In our study, it is worth noting that NAT led to a significant decrease in the proportion of 
prolif Tex cells within T cells, whereas the proportion of Teff cells increased. Additionally, in untreated samples, 
prolif Tex cells were predominantly localized in the region associated with unipotent differentiation potential. 
However, following NAT treatment, prolif Tex cells were more frequently observed in regions associated with the 
oligopotent differentiation potential. These findings indicate that prolif Tex cells are highly responsive to NAT 
treatment and hold potential as a predictive biomarker for treatment response.

There are also several limitations in this study. First, the in-house ESCC cohort included a limited number 
of patients, which may reduce the robustness of prognostic gene selection, and larger cohorts will be required 
for more comprehensive modeling in the future. While the transcriptome-level analysis and TCR-seq data have 
provided insights into the characteristics of prolif Tex cells, the integration of additional modalities, such as 
spatial transcriptomics and ATAC-seq, is absent. Incorporating these modalities could facilitate the exploration 
of the spatial distribution of prolif Tex cells in ESCC and the identification of transcriptional regulatory factors 
driving their differentiation. Future research should prioritize leveraging publicly available multi-modal omics 
data or collecting new samples for experimental data acquisition. Furthermore, whether prolif Tex cells are 
broadly present in other cancers and whether they hold prognostic significance remain unresolved questions 
that require comprehensive pan-cancer analyses. Finally, although a correlation between the presence of prolif 
Tex cells and improved prognosis has been observed in this study, the biological functions and mechanisms 
underlying this phenomenon remain unclear due to the absence of cellular, molecular, and animal model studies. 
Addressing these gaps will be an important focus for future investigations.

In brief, this study is the first to identify prolif Tex cells in ESCC, demonstrating that their infiltration is 
associated with improved survival in ESCC patients. These findings offer new insights into the role of exhausted 
T cell heterogeneity in tumor immunity.

Conclusions
In this study, we identified a novel subset of prolif Tex cells within ESCC tumor microenvironment, characterized 
by coexpression of exhaustion and proliferation markers. A higher infiltration of prolif Tex cells was associated 
with improved patient survival. These cells originated from conventional Tex and were specially enriched in tumor 
tissue. Furthermore, a prolif Tex cell-based prognostic model demonstrated efficacy in predicting the prognosis 
of ESCC patients. Our findings underscore the potential of prolif Tex cells as a biomarker and therapeutic target 
in ESCC, offering valuable insights for risk stratification and predicting responses to immunotherapy.

Data availability
The public datasets used in this study can be searched in the GEO database (https://www.ncbi.nlm.nih.gov/geo), 
TCGA database (https://www.cancer.gov/tcga/) and GSA database (https://ngdc.cncb.ac.cn/gsa-human).
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