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Purpose: Understanding which immune cell populations are linked to immunotherapy efficacy is essential for improving treatment 
stratification in breast cancer. This study aimed to identify immune-relevant cellular subsets from single-cell RNA sequencing 
(scRNA-seq) data and to develop a prognostic model based on genes characteristic of the relevant population.
Methods: scRNA-seq data from breast cancer patients treated with immune checkpoint blockade were reanalyzed to identify cell 
subsets associated with therapeutic response. The existence of the key subset in tumor tissues was validated by multiplex immuno
histochemistry. Marker genes from this subset were then used to construct a prognostic model through Cox regression and least 
absolute shrinkage and selection operator (LASSO) analysis. The model was further evaluated in two independent GEO cohorts, 
GSE177043 and GSE169246.
Results: A tumor-infiltrating dendritic cell subset defined by CD1c and CLEC10A co-expression was enriched in tumors from 
responders. Based on the transcriptional signature of this population, we established a tumor-infiltrating dendritic cell-related 
prognostic model (TRPM). Patients with low TRPM scores had superior survival compared with those with high scores. In addition, 
lower TRPM scores were associated with a reduced TP53 mutation frequency, increased infiltration of anti-tumor immune cells, 
including M1 macrophages, plasma cells, CD8+ T cells, and CD4+ T cells, a more immune-active tumor microenvironment, greater 
predicted drug sensitivity, and improved benefit from immunotherapy. By contrast, higher TRPM scores were linked to a higher TP53 
mutation rate, enrichment of M2 macrophages, an immunosuppressive phenotype, decreased drug sensitivity, and poorer predicted 
response to immunotherapy. In the external immunotherapy cohorts, the model showed good predictive performance, with AUC values 
of 0.73 in GSE177043 and 0.85 in GSE169246.
Conclusion: TRPM may serve as a useful biomarker for stratifying breast cancer patients according to prognosis and likely treatment 
benefit. This model could support individualized therapeutic decision-making, although prospective clinical validation remains 
necessary.
Keywords: breast cancer, immunotherapy, dendritic cells, CD1c, prognostic model

Introduction
Breast cancer is among the most frequently diagnosed malignancies in women worldwide. In 2021, approximately 
2.34 million new cases were reported, accounting for 11.7% of all newly diagnosed cancers.1 At present, surgery, 
endocrine therapy, and adjuvant chemoradiotherapy remain the principal treatment strategies for most patients.2 More 
recently, immune checkpoint therapy (ICT) has emerged as an important therapeutic option and has reshaped the 
treatment landscape of breast cancer.3–5 However, only a minority of patients derive substantial clinical benefit, and 
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effective biomarkers for predicting response are still lacking. Several biomarkers, including PD-L1 expression, tumor 
mutational burden, tumor-infiltrating lymphocytes, and immune-related gene signatures, have been investigated as 
predictors of immunotherapy response in breast cancer.6,7 However, their predictive performance remains suboptimal, 
highlighting the need for more reliable biomarkers that better reflect the complexity of the tumor immune 
microenvironment.

Dendritic cells are specialized antigen-presenting cells that play a central role in initiating adaptive anti-tumor 
immunity by presenting tumor antigens to T cells.8 Conventional dendritic cells (cDCs) are generally categorized into 
two subsets: cDC1, which preferentially activates CD8+ T cells,9,10 and cDC2, which is more closely associated with 
CD4+ T-cell activation.11 In humans, cDC2 cells are commonly marked by CD1c and are found in both lymphoid and 
peripheral tissues.12 Recent single-cell studies have revealed considerable heterogeneity among tumor-infiltrating 
dendritic cells and identified multiple DC subsets with distinct functional states and clinical associations in breast 
cancer.13,14 Nevertheless, the specific dendritic cell populations associated with immunotherapy response remain 
incompletely characterized. Increasing evidence indicates that successful cancer immunotherapy depends on effective 
activation of tumor-associated antigen-presenting cells,15–17 suggesting that tumor-infiltrating dendritic cells (TIDCs) 
may be closely involved in determining immunotherapy outcomes in breast cancer.

Single-cell RNA sequencing offers a powerful approach for dissecting tumor heterogeneity and identifying clinically 
relevant immune cell populations. Analysis of breast cancer samples with known ICT outcomes may help reveal dendritic 
cell subsets associated with prognosis and therapeutic response. Integrating such single-cell findings with bulk tran
scriptomic data and machine learning strategies may facilitate the development of predictive models with practical 
clinical value.

In the present study, we reanalyzed scRNA-seq data from breast cancer patients treated with anti-PD-1 therapy and 
identified a TIDC subset enriched in responders. Using marker genes from this population, we developed a TIDC-related 
prognostic model (TRPM) through LASSO and Cox regression analyses. We further explored the association of TRPM 
with prognosis, molecular features, immune infiltration, chemotherapy sensitivity, and immunotherapy benefit in breast 
cancer.

Materials and Methods
Data Sources
Single-cell RNA sequencing data from breast cancer patients receiving anti-PD-1 therapy (EGAD00001006608, n = 40) 
were downloaded and reanalyzed.13 Bulk transcriptomic and clinical data from The Cancer Genome Atlas (TCGA, n = 
1089) and the Molecular Taxonomy of Breast Cancer International Consortium (METABRIC, n = 1904) were used to 
construct and validate the TRPM scoring system. Public datasets including GSE20181,18 GSE163882,19 GSE25055,20 

GSE22226,21 and pRRophetic22 datasets were used to assess chemotherapy response among TRPM-defined subgroups. 
Two independent cohorts of breast cancer patients treated with anti-PD-1/PD-L1 therapy, GSE177043 and 
GSE169246,23,24 were used to evaluate the predictive performance of TRPM for immunotherapy response. Somatic 
mutation data for TCGA were obtained from cBioPortal. The overall workflow is shown in Supplementary Figure 1.

Single-Cell RNA Sequencing Data Analysis
The scRNA-seq dataset EGAD0000100660813 was processed according to previously reported quality-control criteria.25 

After filtering, 72,047 cells were retained for downstream analysis. Fine clustering was performed using the Seurat 
package (v4.0.4),[26] and major cell populations were annotated according to canonical marker genes. Immune cells from 
responders and non-responders were integrated and visualized by uniform manifold approximation and projection 
(UMAP) to identify immune subsets associated with immunotherapy outcome. Responders included patients with 
complete or partial response, whereas non-responders included those with stable or progressive disease. Differences in 
cluster proportions between the two groups were then compared.
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Multiplex Immunohistochemistry
Multiplex immunohistochemistry was conducted to verify the presence of the CD1c+CLEC10A+ subset in breast cancer 
tissues. Briefly, FFPE sections were incubated for 30 min at room temperature with rabbit anti-human CD1c antibody 
(ORIGENE, TA505411S) and CLEC10A antibody (ORIGENE, TA810180). After three washes with PBS, the sections 
were incubated with a horseradish peroxidase-conjugated secondary antibody for 10 min at room temperature. TSA Plus 
working solution was then applied for 10 min according to the manufacturer’s instructions. Multispectral images were 
acquired using the Vectra 3.0 system (PerkinElmer) at 20× magnification.

Immunohistochemical Staining
BTG1 expression in breast cancer tissues was evaluated by immunohistochemistry. A paraffin-embedded breast cancer 
tissue chip was obtained from Shanghai Zhuoli Biotech (ZL-BrcSur1801). The chip was incubated overnight with anti- 
human BTG1 polyclonal antibody (1:100, Proteintech, 14879-1-AP), as previously reported.27 PowerVision complex 
(ZSGB-BIO, PV-9000) was then applied for 30 min at room temperature. The signal was developed with DAB and 
counterstained accordingly. Staining intensity was assessed using the inform 2.4 scoring system (PerkinElmer).

Development of TIDCs-Related Prognostic Model
Differentially expressed genes (DEGs) in the CD1c+CLEC10A+ dendritic cell subset were identified relative to the other 
cell populations using the thresholds |log2FC| > 0.5 and p < 0.05. A total of 423 genes were obtained and subjected to 
survival analysis in the TCGA and METABRIC cohorts. Prognosis-related genes significant in both datasets were 
intersected and then analyzed by univariate Cox regression.28 To develop a prognostic model reflecting the biological 
characteristics of the CD1c+CLEC10A+ dendritic cell subset, DEGs identified from this population were systematically 
evaluated for their prognostic significance in independent breast cancer cohorts. LASSO-Cox regression was subse
quently applied to identify the optimal gene set for model construction. Five genes (BTG1, SERPINA1, RPS29, FLT3, 
and IGKC) and their corresponding LASSO-derived coefficients were used to construct the TRPM. The TRPM score for 
each patient was calculated as a weighted linear combination of the normalized expression levels of these genes and their 
respective coefficients. Patients in the TCGA cohort were divided into high- and low-TRPM groups using the median 
score as the cutoff. Kaplan–Meier survival analysis and receiver operating characteristic (ROC) analysis were performed 
to assess model performance. The predictive value of the model was further examined in the METABRIC cohort.

Analysis of Immune Characteristics in Different TRPM Subgroups
To characterize immune differences between TRPM subgroups in the TCGA cohort, the relative proportions of 22 
immune cell types were estimated using CIBERSORT with 1000 permutations. Stromal score, immune score, 
ESTIMATE score, and tumor purity were calculated using the estimate package. Tumor Immune Dysfunction and 
Exclusion (TIDE) analysis was employed to estimate potential response to immunotherapy. T-cell cytolytic activity was 
evaluated using the expression levels of GZMA and PRF1.29

Functional and Pathway Enrichment Analysis
DEGs between high- and low-TRPM groups were identified using the limma package. These genes were subjected to 
Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses using clusterProfiler 
(v4.0.5).30 In parallel, Gene Set Variation Analysis (GSVA) was conducted with the GSVA package (v1.40.1)31 based on 
hallmark gene sets from the Molecular Signatures Database (MSigDB) to compare pathway activity between the two 
TRPM subgroups.

Mutation and Drug Sensitivity Analysis
Somatic mutation profiles in the two TRPM groups from TCGA were analyzed using the maftools package and displayed 
as waterfall plots. Predicted half-maximal inhibitory concentration (IC50) values of commonly used chemotherapeutic 
agents for breast cancer were calculated with the pRRophetic package.
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Identification of Cohorts with Immune Checkpoint Blockade
Expression data for 33 immune checkpoint molecules were extracted from TCGA breast cancer samples and compared 
between TRPM subgroups. The two immunotherapy-treated breast cancer cohorts, GSE177043 and GSE169246, were 
further used to validate the ability of TRPM to predict clinical response to anti-PD-1/PD-L1 therapy. The optimal cutoff 
value was determined using the surv_cutpoint function in the survminer package. AUC values were calculated with the 
pROC package.

TIDE/MDSC/Dysfunction/Exclusion
The Tumor Immune Dysfunction and Exclusion (TIDE) algorithm was used to predict potential responses to immune 
checkpoint blockade therapy.7 TIDE integrates T-cell dysfunction and T-cell exclusion signatures to model tumor 
immune evasion. In addition, MDSC, T-cell dysfunction, and T-cell exclusion scores generated by the TIDE platform 
were used to evaluate distinct mechanisms of immune suppression. Higher TIDE scores indicate a greater likelihood of 
immune evasion and reduced response to immunotherapy. Relevant methodological details have been previously 
described by Jiang et al.7

Statistical Analysis
All statistical analyses were performed in R software (version 4.1.1). The detailed scripts used in this study are provided 
in Table S1. A p value < 0.05 was considered statistically significant.

Results
Identification of a Dendritic Cell Subset Associated with Immunotherapy Response
To characterize immune cell populations associated with therapeutic outcome, we reanalyzed the scRNA-seq data from 
a previously published breast cancer cohort treated with anti-PD-1 therapy.13 After initial clustering of all cells, the 
dataset was divided into CD45+ immune cells and CD45− non-immune cells and visualized by UMAP. Re-clustering of 
the immune compartment identified 17 distinct cell clusters across all samples (Figure 1A and Supplementary 
Figure 2A).

Clinical response was defined according to RECIST criteria, with complete response and partial response classified as 
responder (R), and stable disease and progressive disease classified as non-responder (NR). Among the 40 cases, 28 were 
classified as responders and 12 as non-responders in previous study.14 Immune cells from the two groups were projected 
together in UMAP space to enable comparison of immune composition between different treatment outcomes (Figure 1B 
and Supplementary Figure 2B).

Cluster annotation based on canonical markers identified several immune populations, including CD4−CD8− T cells, 
CD4+CD8+ T cells, B cells, plasma cells, macrophages, neutrophils, mast cells, and two dendritic cell clusters. One of 
these dendritic clusters, cluster 13, expressed CD1c and CLEC10A, whereas cluster 16 showed enrichment of IRF8, 
IL3RA, and LILRA4.

Comparison of cell proportions at the patient level showed that clusters 8, 13, and 17 differed between responders and 
non-responders (Figure 1C and Supplementary Figure 2C). However, clusters 8 and 17 were detected only in a limited 
number of patients and were absent in most samples. In contrast, cluster 13 was present in the majority of tumors and was 
relatively enriched in responders, suggesting a closer relationship with immunotherapy benefit.

Further examination of cluster 13 showed prominent expression of MHC class II genes, CLEC10A, and cDC2- 
associated markers including CD1C, CD1E, FCER1A, IRF8, CLEC4C, and LILRA4 (Figure 1D, E and Supplementary 
Figure 2D). This expression pattern suggests strong antigen-presenting capacity. Given that CLEC10A has been reported 
as a specific marker of human CD1c+ dendritic cells,32 cluster 13 was designated as the CD1c+CLEC10A+ dendritic cell 
subset. By comparison, cluster 16 showed a cDC1-like transcriptional program but did not differ significantly between 
responder and non-responder tumors. Multiplex immunohistochemistry confirmed the presence of CD1c+CLEC10A+ 
dendritic cells in breast cancer tissues (Figure 1F).
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Figure 1 Identification of a dendritic cell subset enriched in responding breast tumors. (A) Uniform manifold approximation and projection (UMAP) plot of immune cells. 
(B) UMAP plot of intratumoral immune cells grouped into 17 clusters in tumors from patients with different immunotherapy outcomes (non-responders [NR] versus 
responders [R]). (C) Comparison of the relative proportions of immune cell clusters between the NR and R groups. (D) Heatmap showing z-scored expression of the top 
upregulated genes in each dendritic cell (DC) subpopulation relative to the other DC subpopulation. (E) Violin plots showing normalized expression levels of representative 
canonical marker genes. (F) Representative multiplex immunohistochemistry images of breast cancer sections showing CD1c and CLEC10A expression in DCs. Scale bar, 
50 μm.
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Construction of the TRPM Scoring System
To translate the single-cell findings into a clinically relevant signature, genes characteristic of the CD1c+CLEC10A+ 
dendritic cell subset were screened for prognostic value. Using the predefined thresholds, 423 marker genes were 
identified from this subset (Table S2). Survival analysis in the TCGA and METABRIC datasets identified 123 and 136 
prognosis-related genes, respectively (Tables S3 and S4). Their intersection yielded 45 overlapping genes associated with 
patient outcome (Figure 2A and Table S5).

These 45 genes were first assessed by univariate Cox regression (Figure 2B), and then subjected to LASSO-Cox 
regression to determine the optimal prognostic gene combination (Supplementary Figure 3A and 3B). Five genes were 
ultimately retained: BTG1, SERPINA1, RPS29, FLT3, and IGKC. Based on their corresponding coefficients, the TRPM 
score was calculated as follows: TRPM score = −0.3176 × BTG1 expression - 0.1601 × SERP1NA1 expression - 0.2971 × 
RPS29 expression – 0.2792 × FLT3 expression – 0.0796 × IGKC expression.

The distribution of risk scores indicated that decreasing TRPM values were accompanied by longer survival times 
(Supplementary Figure 3C). Univariate Cox analysis showed that age, stage, and TRPM score were significantly 
associated with survival in breast cancer patients (Figure 2C). After adjustment for clinicopathological variables, 
multivariate Cox regression further confirmed TRPM as an independent prognostic factor (Figure 2D).

Using the median TRPM value as the cutoff, patients in the TCGA cohort were divided into high- and low-score 
groups. Kaplan–Meier analysis showed that the low-TRPM group had significantly better overall survival than the high- 
TRPM group (p = 5.452 × 10−8; Figure 2E). The same trend was observed in the METABRIC cohort, where low TRPM 
scores were also associated with superior prognosis (p = 1.241 × 10−7; Figure 2F). In addition, the nomogram developed 
in this study indicated that TRPM contributed the largest number of risk points among the included clinicopathological 
variables (Supplementary Figure 3D). ROC analysis showed that the AUC values of TRPM for predicting 1-, 3-, and 5- 
year survival were 0.803, 0.721, and 0.709, respectively (Supplementary Figure 3E–G).

Validation of Representative Genes in the TRPM Model
To further examine the prognostic value of individual genes in the model, the five-gene panel was evaluated by 
multivariate Cox analysis in the TCGA cohort (Figure 3A). All five genes behaved as independent protective factors. 
Among them, BTG1 and FLT3 were selected for additional validation.

In the TCGA dataset, BTG1 expression was significantly lower in breast cancer tissues than in adjacent non-tumor 
tissues (Figure 3B). This finding was further supported by immunohistochemical analysis of 90 paired breast cancer and 
adjacent tissue samples, which showed markedly reduced BTG1 expression in tumor specimens (Figure 3C and D). 
Notably, both BTG1 and FLT3 expression declined with disease progression (Figure 3E and F), suggesting a possible 
association with tumor-suppressive functions. Consistent with this observation, survival analysis in the METABRIC 
cohort showed that higher BTG1 or FLT3 expression was associated with improved prognosis (Figure 3G and H). 
Together, these results support the robustness of the TRPM model and the biological relevance of its component genes.

Molecular Characteristics of TRPM Subgroups
To investigate the biological differences between high- and low-TRPM tumors, differential expression analysis was 
performed in the TCGA cohort. DEGs between the two groups were identified using the limma package and visualized in 
a volcano plot (Supplementary Figure 4A). These genes were then subjected to GO, KEGG, and GSVA analyses.

Pathway analysis indicated that the low-TRPM group was enriched in signaling programs related to PD-L1 expres
sion and the PD-1 checkpoint pathway (Supplementary Figure 4B), suggesting that these tumors may be more likely to 
benefit from immunotherapy. In addition, pathways involved in B-cell signaling, T-cell signaling, and natural killer cell- 
mediated cytotoxicity were also more prominent in the low-TRPM subgroup. GO analysis further showed enrichment of 
immune-related molecular functions, including antigen binding, MHC protein binding, and immune receptor activity 
(Supplementary Figure 4C and 4D).

To further define the molecular landscape of TRPM-defined subgroups, somatic mutation patterns were compared. 
Missense mutations represented the predominant mutation type in both groups, followed by nonsense mutations and 
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Figure 2 Development and validation of the TRPM in breast cancer cohorts. (A) Workflow for screening the 45 candidate genes used for model construction. (B) Forest 
plot showing the association between candidate genes and prognosis. (C) Forest plot of univariate Cox regression analysis showing the associations of clinicopathological 
variables and TRPM score with prognosis. (D) Forest plot of multivariate Cox regression analysis showing the associations of variables significant in the univariate analysis 
with prognosis. (E and F) Kaplan–Meier curves showing overall survival of breast cancer patients stratified by TRPM subgroup in the TCGA and METABRIC cohorts.
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Figure 3 Validation of representative genes in the TRPM prognostic model. (A) Forest plot of multivariate Cox regression analysis showing the associations between genes 
in the TRPM signature and prognosis. (B) Expression of the representative gene BTG1 in breast cancer tissues and adjacent normal tissues in the TCGA cohort. (C) 
Immunohistochemical staining showing BTG1 expression in breast cancer tissues and adjacent normal tissues. (D) Summary of BTG1 immunohistochemical staining in breast 
cancer specimens (n = 90) and matched adjacent tissues (n = 90) on a tissue microarray. (E and F) Expression levels of BTG1 (E) and FLT3 (F) across different tumor stages. 
(G and H) Kaplan–Meier survival curves showing the associations of BTG1 (G) and FLT3 (H) expression with prognosis. Scale bar, 25 μm. *p < 0.05, **p < 0.01, ****p < 
0.0001, determined by unpaired t test.
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frameshift deletions (Supplementary Figure 4E and F). The top 30 genes with the highest mutation frequencies were then 
examined. TP53, PIK3CA, TTN, and GATA3 each showed mutation frequencies above 10% in both subgroups. 
However, TP53, MUC16, MLL3, MUC12, SPTA1, USH2A, FLG, HMCN1, RYR3, SYNE1, FAT3, SYNE2, HUWE1, 
OBSCN, CSMD2, MDN1, RELN, and APOB were more frequently mutated in the high-TRPM group. By contrast, 
PIK3CA, CDH1, MUC4, MAP3K1, PTEN, HRNR, SPEN, ZFHX4, RUNX1, GRP98, LRP2, MAP2K4, DYNC1H1, and 
HYDIN were more often mutated in the low-TRPM group. These findings suggest that TRPM subgroups differ not only 
in immune state but also in genomic alteration patterns.

Immune Characteristics of Distinct TRPM Subgroups
Because the TRPM model was derived from an immune-related dendritic cell subset, we next examined whether TRPM 
score reflected broader immune features within the tumor microenvironment. CIBERSORT analysis showed that M0 and 
M2 macrophages were significantly enriched in the high-TRPM subgroup, whereas the low-TRPM subgroup contained 
higher levels of CD4 T cells, CD8 T cells, naïve B cells, resting dendritic cells, activated NK cells, and plasma cells 
(Figure 4A).

Consistently, stromal score, immune score, and ESTIMATE score were all significantly higher in the low-TRPM 
subgroup (Figure 4B–D), whereas tumor purity was higher in the high-TRPM subgroup (Figure 4E). These results 
indicate that a low TRPM score corresponds to a more immune-infiltrated tumor microenvironment, whereas a high score 
is associated with a less inflamed and potentially more immune-suppressed state.

Chemotherapy Response in TRPM Subgroups
Chemotherapy remains a major treatment modality for breast cancer, and part of its anti-tumor effect is thought to depend 
on the induction of anti-cancer immunity.33 Given the immune differences observed across TRPM groups, we next 
explored whether TRPM was related to chemotherapy response.

TRPM values were first calculated in two cohorts of breast cancer patients treated with neoadjuvant chemotherapy, 
GSE20181 and GSE163882. In both datasets, responders showed significantly lower TRPM scores than non-responders 
(p < 0.001 in GSE20181; p < 0.05 in GSE163882; Figure 5A and B). Consistent with this, patients classified into the 
low-TRPM subgroup displayed a higher response rate to chemotherapy than those in the high-TRPM subgroup.

The prognostic value of TRPM was further assessed in patients receiving chemotherapy. In both relevant cohorts, low 
TRPM scores were associated with more favorable survival outcomes (Figure 5C and D). To further estimate drug 
sensitivity, IC50 values for eight commonly used first-line chemotherapeutic agents were calculated using the 
pRRophetic package. Compared with the high-TRPM subgroup, the low-TRPM subgroup showed greater predicted 
sensitivity to most tested agents, including paclitaxel, fluorouracil, doxorubicin, gemcitabine, camptothecin, etoposide, 
and tamoxifen (Figure 5E). These findings suggest that TRPM may help identify patients more likely to respond to 
chemotherapy.

Immunotherapy Benefit in Different TRPM Subgroups
To evaluate the potential relationship between TRPM and immunotherapy benefit, the expression profiles of 33 immune 
checkpoint molecules were compared between high- and low-TRPM tumors. Multiple checkpoint genes, including 
CTLA4, LAG3, PDCD1, and TIGIT, were more highly expressed in the low-TRPM subgroup (Supplementary 
Figure 5), suggesting that these tumors may be more responsive to immune checkpoint blockade.

We next assessed immunotherapy-related indices including PD-L1 score, TIDE score, and MDSC score. A higher 
PD-L1 score and lower TIDE and MDSC scores are generally considered indicative of better response to 
immunotherapy.7,34 In our analysis, the low-TRPM subgroup showed higher PD-L1 scores together with lower TIDE 
and MDSC scores than the high-TRPM subgroup (Figure 6A), indicating a greater likelihood of benefit from ICT. In 
addition, the low-TRPM subgroup had lower T-cell exclusion scores and higher T-cell dysfunction scores (Figure 6A). T- 
cell cytolytic activity, assessed using GZMA and PRF1 expression,29 was also significantly higher in low-TRPM tumors 
(Figure 6B), and TRPM score was negatively correlated with cytolytic index in the TCGA cohort (Figure 6C). Together, 
these results support the view that patients with low TRPM scores are more likely to benefit from immunotherapy.
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To directly test the predictive value of TRPM in immunotherapy-treated patients, we analyzed two breast cancer 
cohorts receiving anti-PD-1/PD-L1 therapy, GSE177043 and GSE169246. The optimal TRPM cutoff was determined 
using the survminer package, and patients were classified into low- and high-score groups accordingly. In GSE177043, 
Kaplan–Meier analysis showed that low TRPM scores were associated with better overall survival after anti-PD-L1 
therapy (Figure 6D). Furthermore, responders in both GSE177043 and GSE169246 had lower TRPM values than non- 
responders (Figure 6E), and the low-TRPM group showed a higher response rate (Figure 6F).

ROC analysis further demonstrated that TRPM had good predictive performance for immunotherapy outcome. In 
GSE177043, the AUC was 0.73 (95% CI, 57–88%) (Figure 6G), whereas in GSE169246 the AUC reached 0.85 (95% CI, 
62–100%) (Figure 6H). We also compared TRPM with established immunotherapy-related markers such as PD-1 and 

Figure 4 Immune infiltration landscape and immune characteristics of different TRPM subgroups. (A) Relative abundance of 22 infiltrating immune cell types in the two 
TRPM subgroups. (B–E) Boxplots showing stromal score, immune score, ESTIMATE score, and tumor purity in the two TRPM subgroups. ***p < 0.001, ****p < 0.0001, 
determined by unpaired t test. 
Abbreviation: ns, not significant.
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Figure 5 Association of TRPM with chemotherapy benefit. (A and B) Boxplots showing the distribution of TRPM scores in breast cancer patients with different 
chemotherapy responses. Right panels show the numbers of clinical responses to chemotherapy in the high- and low-TRPM subgroups. (C and D) Kaplan–Meier curves 
showing the association between TRPM score and prognosis in patients receiving chemotherapy in two independent cohorts. (E) Predicted IC50 values of chemotherapeutic 
agents in the two TRPM subgroups. *p < 0.05, ***p < 0.001, ****p < 0.0001, determined by unpaired t test. 
Abbreviation: ns, not significant.
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Figure 6 Predictive value of TRPM in breast cancer patients treated with anti-PD-1/PD-L1 therapy. (A) TIDE, PD-L1, MDSC, dysfunction, and exclusion scores in the two 
TRPM subgroups. (B) T-cell cytolytic index in the two TRPM subgroups. (C) Correlation between TRPM score and T-cell cytolytic index. (D) Kaplan–Meier curves showing 
overall survival of breast cancer patients stratified by TRPM subgroup in the GSE177043 cohort. (E) Boxplot showing the distribution of TRPM scores between responders 
and non-responders. (F) Bar graph showing the numbers of clinical responses to anti-PD-1 immunotherapy in the two TRPM subgroups. (G and H) ROC curves showing 
the performance of TRPM in predicting immunotherapy outcomes in the GSE177043 (G) and GSE169246 (H) cohorts. (I) ROC analysis comparing TRPM, PD-1, and PD-L1 
for predicting overall survival at 1-, 3-, and 5-year follow-up in the GSE177043 cohort.
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PD-L1. The AUC values for TRPM were higher than those for PD-1 and PD-L1 at 1-, 3-, and 5-year follow-up 
(Figure 6I), suggesting that TRPM may have greater predictive value for survival in the context of immunotherapy.

Discussion
Breast cancer is a highly heterogeneous disease, and earlier prognostic studies mainly focused on characteristics intrinsic to 
malignant cells. More recently, increasing attention has been directed toward the tumor microenvironment, particularly 
infiltrating immune cells, as important determinants of disease progression and treatment response. Single-cell RNA sequencing 
has greatly advanced this field by enabling the identification of previously unrecognized immune subpopulations with potential 
clinical relevance.35–37 In the present study, we used scRNA-seq to identify a dendritic cell subset associated with immunother
apy response in breast cancer and then translated this finding into a prognostic model with potential clinical applicability.

Our analysis identified a CD1c+CLEC10A+ tumor-infiltrating dendritic cell population that was enriched in tumors 
from patients who responded to anti-PD-1 treatment. This subset expressed canonical cDC2 markers, including CD1C, 
CD1E, and FCER1A, together with high levels of MHC class II molecules, suggesting strong antigen-presenting 
capacity.15,38 CLEC10A, an endocytic receptor expressed on antigen-presenting cells, has been implicated in dendritic 
cell maturation and activation of immune responses.39 Therefore, the molecular phenotype of this subset supports its 
plausible role in promoting anti-tumor immunity and influencing immunotherapy outcome.39

Based on genes characteristic of this dendritic cell population, we developed the TRPM, which comprises five genes: FLT3, 
BTG1, SERPINA1, RPS29, and IGKC. Each of these genes has potential biological relevance. FLT3 is essential for dendritic cell 
development and maintenance and has been linked to the expansion of tumor-infiltrating cDCs and the enhancement of CD8 T- 
cell-mediated anti-tumor responses.40 BTG1 is a well-known anti-proliferative gene and has been associated with favorable 
prognosis in multiple cancers.41 SERPINA1 has been reported to contribute to anti-tumor immunity through activation of 
granzyme B.42 RPS29 has been proposed to function as a tumor suppressor in certain contexts,43 while IGKC has previously 
been identified as a prognostic factor in breast cancer.44 In our model, all five genes were associated with improved prognosis and 
therefore carried negative coefficients, consistent with the observation that lower TRPM scores predict better outcome.

The immune landscape differed markedly between TRPM-defined subgroups. Tumors with low TRPM scores 
exhibited greater infiltration of dendritic cells, M1 macrophages, plasma cells, CD8 T cells, and CD4 T cells, indicating 
an immune-active state. In contrast, high-TRPM tumors showed increased infiltration of M0 and M2 macrophages, which 
are typically associated with immunosuppression and tumor progression. These findings are consistent with previous 
studies showing that enrichment of cytotoxic T cells and plasma cells often correlates with improved prognosis,45–47 

whereas M2 macrophages are frequently linked to immune evasion and worse clinical outcomes.46,48

The differences in the tumor microenvironment between TRPM subgroups may also help explain the distinct 
treatment responses observed. Many chemotherapeutic drugs are now recognized to exert part of their efficacy through 
stimulation of anti-cancer immunity, for example by promoting the release of immunostimulatory signals from dying 
tumor cells.33 In our study, low-TRPM tumors showed stronger immune infiltration and greater predicted sensitivity to 
several commonly used chemotherapeutic agents, suggesting that a more active immune background may contribute to 
improved chemotherapy response. By contrast, the high-TRPM group displayed features of immune suppression, 
including higher M2 macrophage infiltration, which may underlie reduced treatment benefit.

Similarly, TRPM-related differences in the tumor immune microenvironment were reflected in the predicted response 
to immune checkpoint blockade. The TIDE framework was developed to model two major mechanisms of tumor immune 
escape: T-cell dysfunction in tumors with abundant cytotoxic T lymphocytes and T-cell exclusion in tumors with low 
CTL infiltration.7 In our analysis, the low-TRPM subgroup had more CTL infiltration, lower TIDE scores, lower T-cell 
exclusion, and higher cytolytic activity, all of which support greater sensitivity to immunotherapy. By contrast, the high- 
TRPM subgroup had higher TIDE scores, suggesting a stronger immune evasion phenotype.

Importantly, TRPM also demonstrated promising predictive value in external immunotherapy cohorts. Patients with 
lower TRPM scores showed better survival and response rates under anti-PD-1/PD-L1 therapy, and the AUC values in 
the validation datasets indicated good discriminative performance. Moreover, TRPM outperformed PD-1 and PD-L1 in 
predicting survival at multiple follow-up time points, suggesting that this composite signature may capture clinically 
relevant immune information beyond conventional single markers.
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Taken together, our findings indicate that TRPM is associated not only with prognosis but also with immune state, 
genomic alterations, chemotherapy sensitivity, and immunotherapy responsiveness. These findings suggest that TRPM 
may serve as a promising tool for risk stratification and therapeutic decision-making in breast cancer. However, 
prospective clinical validation will be required before its routine clinical application can be established.

Limitations
Several limitations should be acknowledged. First, the TRPM model was established and validated using retro
spective public datasets. Although external validation was performed in multiple independent cohorts, prospective 
studies are still required to determine its clinical utility in real-world practice. Second, the initial identification of 
the CD1c+CLEC10A+ dendritic cell subset was based on scRNA-seq data from a relatively small cohort of 40 
patients, which may limit generalizability. Third, although the five-gene model was strongly associated with 
prognosis and treatment response, the precise biological mechanisms linking these genes to dendritic cell function 
and therapeutic sensitivity remain to be clarified experimentally. In addition, the functional role of the identified 
CD1c+CLEC10A+ dendritic cell subset in regulating anti-tumor immunity and immunotherapy response requires 
further mechanistic investigation using experimental models and prospective clinical samples. Fourth, the estima
tion of immune infiltration and drug sensitivity relied on computational algorithms such as CIBERSORT and 
pRRophetic, which may not fully substitute for direct biological measurement. Finally, the present study focused 
on breast cancer, and whether TRPM has predictive value in other tumor types remains uncertain.

Conclusion
In summary, this study identified a CD1c+CLEC10A+ dendritic cell subset enriched in breast cancer patients who responded 
to immunotherapy. Based on marker genes from this population, we established a five-gene prognostic model, TRPM, which 
effectively stratified patients according to survival, immune contexture, molecular characteristics, chemotherapy sensitivity, 
and likely benefit from immunotherapy. Low TRPM scores were associated with a more active anti-tumor immune 
microenvironment, better prognosis, and enhanced treatment responsiveness. Compared with PD-1 and PD-L1, TRPM 
showed stronger predictive performance for immunotherapy outcome in the analyzed cohorts, supporting its potential as 
a candidate biomarker for patient stratification. Further prospective studies and functional investigations are warranted to 
validate its clinical utility and to elucidate the biological role of the CD1c+CLEC10A+ dendritic cell subset.
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