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Abstract

Breast cancer is the most prevalent cancer worldwide, with prognosis worsening upon progression.
However, the role of T cells in breast cancer remains unclear. In this study, we integrated single-cell RNA
sequencing and bulk RNA-seq data to identify T-cell-associated signatures (TRS) using multiple
machine-learning approaches, and validated them in immunotherapy cohorts. TRS demonstrated strong
robustness across seven independent datasets and outperformed conventional clinical traits in
predicting prognosis. Patients with low TRS exhibited abundant immune cell infiltration and higher tumor
mutational burden. Notably, across three immunotherapy cohorts, low-TRS patients showed better
prognosis and greater sensitivity to immunosuppressive therapy. In conclusion, this study developed a
robust T-cell-related signature that may facilitate personalized treatment and prognostic prediction in
breast cancer.

INTRODUCTION

According to Global Cancer Statistics 2022 breast cancer has become the most common cancer (both in
terms of incidence and mortality) in women, with an estimated 2.3 million new cases, accounting for
11.6% of all cancer cases|[1]. In China, the incidence of breast cancer is increasing year by year, and has
shown a youthfulness|[2], and it is the main cause of death for women under 45 years old[3]. As the early
symptoms of breast cancer are not obvious, most breast cancer patients have already developed
metastasis by the time they visit the doctor, with bone metastasis being the most common site of
metastasis[4, 5], which makes the treatment of breast cancer a great challenge.

Single-cell sequencing is a technology that amplifies and sequences DNA or RNA at the single-cell level
to address rare cell types, heterogeneous samples, and unculturable microorganisms, and to visualize
cellular dynamics at the single-cell level[6]. In breast cancer, single-cell sequencing has been widely used
to study the heterogeneity of breast cancer cells, differentiation, EMT and regulatory information on
proliferation[7]. Analysis of 1,000 single-cell sequencing of 12 patients with triple-negative breast cancer
yielded one to three clonal subpopulations in each tumor, and these subpopulations share a common
evolutionary pattern independent of copy number events[8]. Single-cell sequencing of paclitaxel-resistant
breast cancer cells showed that resistant cells exhibited higher variability and that single-cell sequencing
could track the activation of cancer cell heterogeneity after resistant cells resumed proliferation[9]. Patel
et al. performed single-cell sequencing analysis of five primary glioblastomas and found that individual
cells differed from genes involved in oncogenic signaling, immune response, proliferation, and other
pathways, and most importantly, that the tumor cells exhibited a range of stemness characteristics[10].

Tumor microenvironment refers to the internal environment in which tumor cells arise and live, including
tumor cells and their surrounding fibroblasts, immune and inflammatory cells, glial cells, as well as
intercellular stroma, microvessels, and biomolecules infiltrated therein, which are characterized by
hypoxia, chronic inflammation, and immunosuppression, and which form a very complex network of
mechanisms that play an important role in tumor development[11]Time-resolved single-cell analysis of
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BRCA1 and P53 knockout mice in a transgenic mouse model of breast cancer identifies the effect of an
immunosuppressive environment on tumorigenesis by the specific mechanism of Tregs cell retention
and accumulation in tissues[12], Analysis of ductal carcinoma in situ using single-cell technology and
multiple spatial analysis showed that compared with normal breast tissues, tumor tissues had a higher
total number of leukocytes, more neutrophils, and a significantly lower CD4/CD8 ratio, and, more
importantly, a decrease in activated CD8 T cells, an increase in PD-L1,CTLA4 cells expressing immune
checkpoint genes, and a higher number of regulatory T cells during the progression to invasive ductal
carcinomal13]. Recruitment of CD206/Tie2 macrophages by CCL2 secreted by cancer and bone marrow
cells in precancerous lesions was found to lead to upregulation of Wnt-1, which in turn downregulates E-
calmodulin and promotes tumor metastasis in a HER2 + mouse model of breast cancer[14]. A
mechanism by which macrophages promote cancer cell metastasis was also identified in another
mouse model of breast cancer; specifically, Wnt molecules produced by macrophages promote vascular
remodeling and facilitate cancer cell metastasis[15].

Successful application of immune checkpoints ignites new hope for solid tumor treatment[16-20].
Ipilimumab, an immunosuppressant of cytotoxic T-lymphocyte-associated antigen (CTLA-4), blocks
CTLA-4 to promote anti-tumor immunity in T cells and was approved by the Food and Drug
Administration (FDA) in 2011 for the treatment of patients with advanced melanomal21],
Pembrolizumab, a monoclonal antibody against programmed death 1 (PD-1), was found to be superior to
platinum-based combination chemotherapy in advanced non-small-cell lung cancer in a randomized
clinical study, significantly prolonging progression-free survival and overall survival[22], In a phase 3
clinical trial of patients with triple-negative breast cancer, the combination of atezolizumab and albumin-
conjugated paclitaxel significantly prolonged median overall survival relative to placebo plus albumin-
conjugated paclitaxel[23].

Here, we first depicted two single-cell datasets of BRCA and established two subtypes based on the T-
cell subpopulation differential genes that differed most significantly in tumors versus metastasis; in
addition, we analyzed two T-cell subpopulation differential genes and constructed a signature of T-cell-
associated genes based on 101 combinations of machine-learning methods, which were validated for
their prognostic value in the TCGA and GEO datasets, and their clinical value in the immunotherapy
dataset.

MATERIALS AND METHODS
Public data collection and organization

Single-cell data on lymph node metastasis in breast cancer from the Gene Expression Omnibus (GEO)
database. where GSE180286[24] includes 5 primary breast cancer tissues and paired 2 lymph node
metastatic tissues, GSE158399[25] contains a primary tumor and matching lymph node metastatic sites
in a breast cancer patient. We analyzed single-cell data with the R package Seurat[26], The SCTransform
method was then used to eliminate the batch effect of samples from both datasets and to
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simultaneously find 2000 highly variable genes for downstream analysis. Based on these 2000 highly
variable genes, we proceeded to analyze the data by dimensionality reduction using principal component
analysis (PCA) and t-distributed stochastic neighbor embedding (t-SNE), FindNeighbors and
FindClusters functions were used for cluster analysis. We used the R package TCGAbiolinks[27] to
download breast cancer transcriptome data and clinical data from The Cancer Genome Atlas (TCGA)
database, excluding incomplete clinical information, 1016 samples were included in the later study.
Additional transcriptome data were downloaded from the GEO database, The GSE1456[28] dataset
contains 159 breast cancer tissues, the GSE20685[29] dataset contains 327 breast cancer tissues, the
GSE24450[30] dataset contains 183 breast cancer tissues, the GSE42568[31] dataset contains 104
breast cancer tissues and 17 normal breast tissues, and the GSE58812[32] dataset contains 107 breast
cancer tissues, the GSE7390[33] dataset contains 196 breast cancer tissues. Immunotherapy Cohort
GSE135222[34] Dataset Contains 27 Small Cell Lung Cancer Patients Receiving PD-1/PD-L1 Therapy,
GSE78220[35] dataset contains 28 melanoma patients treated with PD-1, IMvigor210 cohort data were
downloaded from http://research-pub.gene.com/IMvigor210 CoreBiologies.

Consensus Clustering

Based on the results of cell annotation, the cell types that differed the most in tumor vs. tumor
metastasis were selected for differential analysis. Cluster analysis in the TCGA-BRCA cohort based on
differential genes using the R package ConsensusClusterPlus[36].

Immune infiltration analysis

Enrichment scores for each immune cell per sample in the TCGA-BRCA cohort were assessed by the
method of single sample gene set enrichment analysis (ssGSEA) in the R-package GSVA[37] according
to 28 immune cell types, The ESTIMATE[38] method was used to assess the immune cell score, stromal
cell score, total score, and tumor purity for each sample.

Signature generation based on multiple machine learning methods

Based on the results of cluster analysis grouping differential genes, genes with prognosis were first
screened with Univariate COX analysis, followed by the generation of signatures using 10 different
machine learning algorithms, and 101 combinations of these 10 machine learning algorithms, These 10
machine learning algorithms include random survival forest (RSF), elastic network (Enet), Lasso, Ridge,
stepwise Cox, CoxBoost, partial least squares regression for Cox (plsRcox), supervised principal
components (SuperPC), generalised boosted regression modelling (GBM), and survival support vector
machine (survival-SVM). All models are validated in six other datasets
(GSE1456,GSE20685,GSE24450,GSE42568,GSE58812,GSE7390), Finally, the Harrell's concordance index
(C-index) was calculated for each dataset, and the machines with the highest average C-index were
counted for inclusion in the follow-up study according to their average C-index. Finally, the accuracy of
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the signature was assessed using the area of the ROC curve and the relationship to the clinical subtype
in each dataset.

Relationship between signature and tumor microenvironment

We collected immune-related features, including chemokines, immunomodulators, MHC-related genes,
and receptors, and observed their expression in high and low signatures.The cancer immune cycle
influences the body's immune response to tumor cells and consists of seven steps: Release of cancer
cell antigens (Step 1), Cancer antigen presentation(Step 2), Priming and activation(Step 3), trafficking of
immune cells to tumors(Step 4),

Infiltration of immune cells into tumors(Step 5), Recognition of cancer cells by T cells(Step 6), Killing of
cancer cells(Step 7), Step 4 in turn includes CD4 T cell recruiting, CD8 T cell recruiting, Dendritic cell
recruiting, Eosinophil recruiting, Macrophage recruiting, MDSC recruiting, Monocyte recruiting, Neutrophil
recruiting, NK cell recruiting, T cell recruiting, TH1 cell recruiting, TH17 cell recruiting, TH2 cell recruiting,
TH22 cell recruiting, Treg cell recruiting[39]. We used the ssGSEA method to assess the activity of each
step for each sample according to the expression of the gene, These activities were then calculated
separately between high and low risk groups. We proceeded to download the immune-related gene
module from the website https://www.immport.org/home, again using the ssGSEA method to calculate
the immune-related score for each sample. CIBERSORT[40] is based on the principle of linear support
vector regression for back-convolution of transcriptome expression matrices to estimate immune cell
composition and abundance in mixed cells. We uploaded the gene expression matrix data (TPM) to
CIBERSORT and combined it with the LM22 feature gene matrix to derive the immune cell infiltration
matrix, The correlation of the above scores was calculated separately from the risk score. Finally we
looked at some common immune cells like CD8T cells, dendritic cells, macrophages, NK cells, and
helper T cells separately between the high and low risk groups. We also went on to look at the correlation
of some immune checkpoint genes with risk scores.

Multi-omics analysis of signatures

Analysis of somatic mutations in high and low risk groups using the maftools[41] package to calculate
tumor mutation compliance (TMB), and observe the genes that are most significantly mutated between
risk groups.

The TIDE (Tumor Immune Dysfunction and Exclusion)[42] score reflects how the tumor suppresses
cytotoxic T lymphocyte function and infiltration to achieve immune escape. We entered breast cancer
expression data into a website http://tide.dfci.harvard.edu/ to obtain the TIDE score, MDSC, and
analyzed differences in high and low risk groups.

Significance of signatures in immunotherapy cohorts
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We download expression profiles and clinical information from the GEO database for immunotherapy
cohort-related datasets. Mainly study the relationship between risk signatures and various clinical
information in non-small cell lung cancer, melanoma, and uroepithelial cancer.

Statistical analysis

All data processing, statistical analysis and graphing are done with R4.2.0. The Wilcoxon test was used
to compare two groups, while the Kruskal-Wallis test was used to compare more than two groups.
Survival analysis was performed by Kaplan-Meier logit test. The chi-square test or Fisher exact test was
used to compare and analyze the statistical significance between two groups of categorical variables,
and Spearman's analysis was used to calculate the correlation between coefficients. A two-sided P <
0.05 was considered statistically significant, Other differences are significant as follows: *p < 0.05; **p <
0.01; ***p < 0.001; not significant, p > 0.05.

RESULTS

Single-cell landscape of lymph node metastasis versus
non-metastasis in breast cancer

Two single-cell datasets on breast cancer metastasis, GSE158399 and GSE180286, were included in the
study, and after initial screening, 16,065 cells in the GSE158399 dataset and 20,984 cells in the
GSE180286 dataset were advanced to the next step of the study. We apply the method of SCTransform
to eliminate the batch-to-batch differences between the two datasets, and then use the tSNE algorithm
to analyze the cells by dimensionality reduction, and the results of the dimensionality reduction are
shown in Fig. 1A, 1B, from which it can be seen that the batch-to-batch differences between the two
datasets have been eliminated. The highly variable genes were then clustered using the FindClusters
algorithm, and the cells were grouped into 13 clusters (Fig. 1C), and the cells were annotated using
CellMarkers, which showed that clusters of 0, 6, and 12 cells were annotated as tissue stem cells,
clusters of 1 and 4 cells were annotated as B cells, clusters of 2, 5, and 11 cells were annotated as T
cells, cluster of 3 cells was annotated as epithelial cells, cluster of 8 cells was annotated as
macrophages, clusters of 9 and 10 cells were annotated as chondrocytes, and cluster of 7 cells was not
annotated to any cell type(Fig. 1D), MFAP5 gene was mainly expressed in tissue stem cells and highly
expressed in breast cancer metastatic tissues, CD79A gene was mainly expressed in B cells and highly
expressed in breast cancer tissues, CCL5 gene was mainly expressed in T cells and highly expressed in
breast cancer metastatic tissues, PPDPF gene was mainly present in epithelial cells and highly
expressed in breast cancer tissues, CD14 gene was mainly present in macrophages and highly
expressed in breast cancer metastatic tissues, and COL1A1 gene was mainly present in chondrocytes
and highly expressed in breast cancer tissues (Fig. 1E). Finally, we observed the differences between the
above six cell types in tumor tissues and metastatic tissues, and found that all cells differed in tumor
tissues and metastatic tissues, with a significantly higher proportion of T cells in metastatic tissues than
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in tumor tissues (p = 8.72E-181), and a significantly higher proportion of chondrocytes in tumor tissues
than in metastatic tissues (p = 1.79E-316) (Fig. 1F ). Since we are more concerned with the metastatic
mechanisms of tumors, the differential genes of T cells between tumors and metastasis were included
in the next study.

Identification of T cell-associated subtypes

The above 534 differential genes (screening criteria were absolute value of logFC greater than 0.5 and
corrected p-value less than 0.05) were first analyzed by one-way cox regression to obtain 64
prognostically significant genes, which were subjected to consensus cluster analysis[36], All the breast
cancer samples were finally categorized into k (k = 2-9) classes, and according to proportion of
ambiguous clustering (PAC), the best classification was obtained when k = 2(Fig. 2A,B). The two
consensus clusters (C1 and C2) also differed in terms of immune cell infiltration, broadly speaking, C2
had a higher immune infiltration score than C1 (Fig. 2C), specifically C2 had a higher score of activated
B-cells than C1 (p = 2.0E-09),C2 had a higher score of activated CD8 T-cells than C1 (p = 1.3E-15), and C2
had a higher CD56bright natural killer cell score was higher than C1 (p = 9.5E-10),C2's CD56dim natural
killer cell score was higher than C1 (p < 2E-16),C2's central memory CDAT cell score was higher than C1
(p =7.7E-05),C2's effector memory CD4T cell score was higher than C1 (p =0.00041),C2's eosinophil
score was higher than C1 (p = 3.7E-07),C2 had a higher Gamma delta T cell score than C1 (p = 7.6E-05),
Macrophage scores were higher in C2 than C1 (p =2.7E-11), MDSC scores were higher in C2 than C1 (p
= 4.5E-09), monocyte scores were higher in C2 than C1 (p < 2E-16), natural killer cell scores were higher
in C2 than C1 (p = 0.00014), neutrophil scores were higher in C2 than C1 (p = 0.02208), and the C2
follicular helper T cell score was higher than C1 (p = 0.00058),C2 had a higher type | helper T cell score
than C1 (p = 3.1E-06),C2 had a higher type 17 helper T cell score than C1 (p = 9.7E-05), While C1 central
memory CD8 T cell score was higher than C2 (p = 6.3E-09), C1 effector memory CD4 T cell score was
higher than C1 (p = 8.9E-09), C1 immature dendritic cell score was higher than C2 (p = 7.4E-10), C1
memory B cell score was higher than C2 (p = 3.0E-12) (Fig. 2D), Finally, we compared the difference in
survival between the C1 and C2 clusters, and it can be seen that the overall mortality of C2 was
significantly lower than that of C1 (Fig. 2E).

Construction of T cell related signatures(TRS) based on
machine learning

We firstly analyzed the C1 and C2 clusters in the TCGA-BRCA dataset for differential analysis (the
screening criterion is the absolute value of logFC > 1,p < 0.05) to get 419 differential genes, and the
differential genes were firstly subjected to the one-way cox regression analysis to get 52 genes with
prognostic significance, and finally, we imported these 52 genes into the 101 combinatorial machine
learning methods to get the optimal model, and validated in all datasets according to the C-index, The
heatmap shows that the optimal model is StepCox(forward)+Ridge, which has the highest average C-
index (0.682), and the C-index for all datasets is the best performing in all datasets (Fig. 3A). Then we
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calculated the risk score of each patient based on the optimal model, and then classified the patients
into high and low risk groups based on the median risk score. In the GSE1456 dataset, the overall
survival rate of the high risk group was lower than that of the low risk group (p = 0.00089,Fig. 3B), in the
GSE20685 dataset, the overall survival rate of the high risk group was lower than that of the low risk
group (p < 0.0001,Fig. 3C), in dataset GSE24450, the total survival rate in the high-risk group was lower
than that in the low-risk group (p = 0.0025,Fig. 3D), in dataset GSE42568, the total survival rate in the
high-risk group was lower than that in the low-risk group (p = 0.049,Fig. 3E), in dataset GSE58812, the
total survival rate in the high-risk group was lower than that in the low-risk group (p = 0.0014,Fig. 3F ), in
the dataset GSE7390 dataset, the overall survival rate was lower in the high-risk group than in the low-
risk group (p =0.0011,Fig. 3G), and in the TCGA-BRCA dataset, the overall survival rate was lower in the
high-risk group than in the low-risk group (p < 0.0001,Fig. 3H).

Validation of the TRS model

ROC curves are used to analyze the effectiveness of the model, In GSE1456, the AUC values for 1-, 3-,
and 5-years were 0.704, 0.688, and 0.651 (Fig. 4A), in GSE20685, the AUC values for 1-,3-, and 5-years
were 0.839, 0.722, and 0.711 (Fig. 4B), and in GSE24450, the AUC values for 1-,3-, and 5-years were 0.799
0.796, 0.709 (Fig. 4C), in GSE42568, the AUC values for 1-, 3-, and 5-years were 0.535, 0.604, 0.674

(Fig. 4D), in GSE58812, the AUC values for 1-, 3-, and 5-years were 0.906, 0.727, and 0.743 (Fig. 4E), and
in GSE7390, the 1-, 3-, 5-year AUC values were 0.651, 0.674, 0.694 (Fig. 4F), and in TCGA, 1-, 3-, 5-year
AUC values were 0.669, 0.769, 0.758 (Fig. 4G).

Then we compared the C-index of TRS with other clinical traits, as shown in the figure, in GSE1456, the
accuracy of TRS was significantly better than subtype (Fig. 5A), in GSE20685, the accuracy of TRS was
also better than age and M staging (while there was no statistically significant difference in N staging,
and T staging, but the C-index of TRS was still higher than that of N,T staging) (Fig. 5B), in GSE7390, the
accuracy of TRS was significantly better than age and staging (Fig. 5C), in TCGA, the accuracy of TRS
was significantly better than age, sex, M,N,T staging, race, and staging (Fig. 5D), and there was no
statistically significant difference between TRS and clinical trait comparisons in GSE42568,GSE58812
(Supplementary Fig. 1A,B). (Clinical trait information was not available for the GSE24450 dataset), We
next analyzed the relationship between TRS values and clinical traits in each dataset specifically. In
GSE1456, there was a statistically significant difference in TRS for all subtypes (p = 1.1E-05, Fig. 5E),In
GSE20685, the TRS in M1 was significantly higher than that in MO (p = 0.0026, Fig. 5F),In GSE20685, as T
staging went up, TRS significantly followed (p = 0.00044, Fig. 5G)(In GSE20685, although there was no
difference in TRS in N staging, we also observed that there was an elevation in TRS with increasing N
staging, Supplementary Fig. 1C),Similarly, in GSE42568, the higher the grading, the higher the TRS was (p
=0.0061, Fig. 5H),In GSE7390, also the TRS increased with increasing grading (p = 7.4E-05, Fig. 5I), in
TCGA, the difference in TRS between M stages was significant (p = 0.0095,Fig. 5J), in T stage, the TRS
was highest in T4 and lowest in T1 (p = 7E-07,Fig. 5K), in N stage, with increasing number of lymph node
metastases, the TRS subsequently increased (p = 0.02,Fig. 5L), and in staging, as the staging increased,
the TRS was correspondingly higher (p = 0.0014,Fig. 5M).
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We continued to investigate whether TRS was an independent prognostic factor, in GSE1456, one-way
COX regression analysis showed that subtype and TRS were independent prognostic factors
(Supplementary Fig. 2A), and multifactorial cox regression analysis showed that subtype, TRS remained
an independent prognostic factor (Fig. 6A), and in GSE20685, one-way cox regression analysis showed
that M,N,T, TRS were independent prognostic factors (Supplementary Fig. 2B), multifactorial cox
regression analysis showed that N,TRS were independent prognostic factors (Fig. 6B), in GSE42568,
unifactorial cox regression analysis showed that grading and TRS were independent prognostic factors
(Supplementary Fig. 2C), and multifactorial cox regression analysis showed that grading and TRS
remained independent prognostic factors (Fig. 6C), the In GSE58812, one-way cox regression analysis
showed that age and TRS were independent prognostic factors (Supplementary Fig. 2D), and multifactor
cox regression analysis showed that age and TRS remained independent prognostic factors (Fig. 6D),
and in GSE7390, one-way cox regression analysis showed that only TRS was an independent prognostic
factor (Supplementary Fig. 2E), and multifactor cox regression analysis showed that TRS was an
independent prognostic factor (Fig. 6E), in TCGA, one-way cox regression analysis showed that age,
TRS,N,T,staging were independent prognostic factors (Supplementary Fig. 2F), and multifactorial cox
regression analysis showed that TRS and age, staging were independent prognostic factors (Fig. 6F)

Immunoassay of TRS in BRCA

In order to analyze the relationship between TRS and immunomodulation, we analyzed the relationship
between chemokines, immunomodulators, MHC molecules, and receptors in the high and low TRS
groups, and the results showed that the expression of most of the MHC molecules was significantly
higher in the low than in the high TRS group, suggesting that the antigen-presenting ability of the low TRS
group was higher than that of the high TRS group. Monocyte macrophage chemokines CCL5, CCL7,
CCL13, CCL17 have the ability of monocyte macrophage to act at the site of inflammation, and the
expression of these molecules in the low TRS group was also higher than that in the high TRS
group.CD40 can activate B cells after binding to CD40 ligand, and the interaction of CD86 with the
inducer CD28 and inhibitor CTLA4 is a key factor for inducing the proliferation and the production of ICDs
by T-lymphocytes. lymphocyte proliferation and IL-2 production, IL6 binding to IL6 receptor can stimulate
B, T cell proliferation. Tumor necrosis factor family TNFSF can cause tumor cell necrosis and apoptosis
by binding to TNFRSF, TNFSF18,TNFSF13,TNFSF14,TNFRSF17,TNFRSF13B.
TNFRSF4,TNFRSF14,TNFRSF25, TNFRSF9,TNFRSF8 These molecules were all elevated in the low TRS
group (Fig. 7A). The cancer immune cycle (CIC) consists of a series of events required for immune-
mediated control of tumor growth, and this cycle can be divided into seven major steps, beginning with
the release of antigens from cancer cells and ending with the killing of cancer cells[39]. In the low TRS
group, cancer immune cycle activity was elevated, including cancer cell antigen release (step 1, p =
0.00068),tumor antigen presentation (step 2, p = 2.7E-07), initiation and activation (step 3, p = 1.5E-10),
immune cell delivery to the tumor (step 4) (B cell recruitment, CDAT cell recruitment, CD8T cell
recruitment, dendritic cell recruitment, macrophage recruitment, monocyte recruitment, neutrophil
recruitment, NK cell recruitment, T cell recruitment, TH1 cell recruitment, TH17 cell recruitment, TH2 cell
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recruitment, regulatory cell recruitment), T cell recognition of cancer cells (step 6, p = 0.043),killing of
cancer cells (step 7, p = 2.5E-09) (Fig. 7B), We then analyzed the relationship between TRS and immune
cells and immune-related pathways. TRS was negatively correlated with all immune-related pathways,
with the strongest correlation being chemokine receptors (correlation of -0.34), and TRS was also
negatively correlated with the majority of immune cells, with the exception of type 2 T helper cells and
Gamma delta T cells, with the strongest correlation being eosinophils ( correlation of -0.38) (Fig. 7C). We
went on to investigate the expression of signature genes of CD8T cells, dendritic cells, macrophages, NK
cells, and TH1 cells, which are the main effector cells of tumor immune-infiltrating cells, in the high and
low TRS groups, and showed that the majority of immune-infiltrating cells were highly expressed in the
low TRS group (Fig. 7D). Immune checkpoints play an important role in organismal escape
immunosurveillance[20], We investigated the correlation between TRS and common immune
checkpoints and showed that TRS was negatively correlated with most of the immune checkpoint genes
(Fig. 7E), and the expression of immune checkpoint genes was higher in the low TRS group than in the
high TRS group, with the best-known genes, PD-1 (p = 3.39E-16),PD-L1 (p = 3.56E-06),CTLA-4 (p =
0.0003),LAG-3(p = 0.002),TIM-3(p = 0.03),TIGIT(p = 1.25E-07) (Supplementary Fig. 3D)

Multi-omics analysis of high and low TRS groups

In order to further handover the function of high and low TRS groups, we performed a multi-omics
analysis of the high and low TRS groups, and the mutation analysis showed that the most significantly
mutated genes in the low TRS group were PIK3CA,CDH1,TP53,TTN,GATA3, and the mutation frequencies
were 43%, 22%, 20%, 14%, and 11%, respectively (Fig. 8A). The most significantly mutated genes in the
high-TRS group were TP53, PIK3CA, TTN, GATA3, and MUC16, with mutation frequencies of 49%, 25%,
20%, 14%, and 10%, respectively (Fig. 8B), and there was a significant covariance between these mutated
genes (Fig. 8C). TIDE analysis showed that TIDE was significantly higher in the low TRS group than in the
high TRS group (p = 1.4E-36,Fig. 8D),whereas MDSC was significantly higher in the high TRS group than
in the low TRS group (p = 4.2E-29,Fig. 8E).Tumor mutation load showed that TMB was significantly
higher in the high TRS group than in the low TRS group (p = 7.3E-10,Fig. 8F).

Predictive value of TRS in immunotherapy cohorts

To investigate the value of TRS in immunotherapy, we found that in GSE78220, GSE135000,IMVigor210,
the overall survival rate of the high TRS group was lower than that of the low TRS group (p <0.0001,p =
0.0034,p < 00001, Fig. 9A-C), and ROC analysis demonstrated that TRS accurately predicted overall
survival, where the AUC values for 0.5, 1, and 1.5 years were 0.855, 0.904, and 0.973, respectively, in
GSE78220 (Fig. 9D), and 0.886, 0.977, respectively, for 0.5, and 1 year in GSE135222 (Fig. 9E), and in
IMVigor210, the AUC values for 0.5, 1, and 1.5 years were 0.684, 0.720, and 0.754, respectively (Fig. 9F),
Finally, we analyzed the relationship between clinical subtype information and TRS, and the results
showed that in GSE78220, the TRS was significantly lower in complete remission (CR) than in
progressive disease (PD) (p = 0.0017), and significantly lower in partial remission (PR ) than in
progressive disease (PD) (p = 0.00047, Fig. 9G), and in GSE135222, the TRS of the responder group had a
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significantly lower TRS than the non-responding group (p = 0.0002,Fig. 9H),in IMVigor210, the TRS of the
immunoinflammatory type (Inflamed) was significantly lower than that of the immune desert type
(Desert) (p = 2.1E-05),the TRS of the immunoinflammatory type (Inflamed) was significantly lower than
that of the immune barrier type (Excluded) (p =0.0011, Fig. 91), CR/PR was significantly higher in the low
TRS group than in the high TRS group, and SD/PD was significantly lower in the low TRS group than in
the high TRS group (p < 0.001, Fig. 9J).

DISCUSSION

Tumor staging plays an important role in the treatment of breast cancer, which not only determines the
surgical approach to breast cancer, but also has great significance in guiding postoperative treatment
and judging prognosis[43]. However, breast cancer is again one of the most heterogeneous tumors[44],
which dictates that relying solely on tumor staging may delay patient treatment, and to address this
issue, we analyzed T-cell related signature profiles, prognosis, and applications in immunotherapy.

In this study, we first identified the T-cell populations that changed most significantly in tumor and
metastasis from breast cancer single-cell data, and constructed TRS based on the expression profiles of
subtype-differentiated genes using a combination of 101 machine learning methods. validated in 6
independent datasets, yielding the optimal model as stepwise COX (forward) and ridge regression, and
ROC and C-index analyses demonstrated that TRS in the 7 datasets maintained high accuracy and could
be used as a breast cancer prognostic indicator

Two clusters were identified based on the differential gene of T cells between metastases and tumors,
and the C2 cluster had a better prognosis, probably due to the high immune infiltration score of the C2
cluster, which is classified as a "hot" tumor from an immunological point of view, and tumors infiltrated
by a large number of T cells are defined as "hot". Tumors infiltrated by a large number of T cells are
defined as "hot" tumors[45], It has been shown that radiotherapy can transform "cold" tumors to "hot"
tumors by recruiting T cells to infiltrate "cold" tumors, resulting in the transformation of "cold" tumors to
"hot" tumors. Refractory tumors are sensitive to immune checkpoint inhibitors, improving patient
prognosis[46, 47]. Immune infiltration analysis between the two clusters showed that the majority of
immune cells were highly enriched in C2, confirming that C2 tends to be a "hot" tumor with a higher
prognosis than C1.

It is well known that aging is one of the major risk factors for the development of breast cancer, with
studies showing that the average age of diagnosis of breast cancer in the United States is 62, and that
the majority of deaths from breast cancer occur at ages 65 and above[48], Molecular typing of breast
cancer is also fundamental to the diagnosis and treatment of breast cancer and plays an important role
in personalized therapy[49]. Tumor grading is also an important prognostic factor in breast cancer, and
the latest AUCC staging manual, which incorporates grading as a prognostic criterion, remains a key
pathologic feature in the diagnosis and treatment of breast cancer.[50]Our TRS was superior to age,
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staging and grading in predicting prognosis, and the TRS scores were statistically different in staging,
grading M staging, T staging, which side by side illustrates the robustness of the TRS we constructed.

In addition to assessing the robustness of TRS, we also made an in-depth investigation in the clinical
application of TRS. First, both unifactorial and multifactorial cox regression analyses showed that TRS
can be used as an independent prognostic factor. In studies that collected tumor endpoints, mutant
tumors were larger and heavier than controls, possibly because mutant tumors had fewer stromal
fibroblasts and myofibroblasts. Our study showed that the mutation frequency in the high TRS group was
higher than that in the low TRS group, suggesting that the genome of the high TRS group is unstable, and
the prognosis was worse. And the frequency of TP53 mutation was significantly higher in the high TRS
group than in the low TRS group. It is well known that TP53-mutated tumors are more aggressive than
unmutated tumors[51], and the mechanism may be that TP53 mutations are associated with the
formation of TPYM signaling complexes, which are implicated in a variety of tumorigenesis[52]. Tumor
mutation load is the total number of, somatic gene coding errors, base substitutions, gene insertion or
deletion errors detected per million bases, and some studies have shown that high mutation load is
associated with a poor prognosis in ER+ breast cancer[53], and some investigators have used tumor
mutation load to monitor antiangiogenic therapy in animal models of breast cancer lung metastasis, and
the results showed that if the antiangiogenic therapy is ineffective, the tumor load of the lung will be
significantly increased[54], and our results showed that patients with high TRS had higher tumor
mutation load, indicating a worse prognosis. We then went on to analyze the immune infiltration in
patients with high and low TRS. Patients with low TRS showed higher immune cell infiltration and
expression of antigen-presenting cell genes, presenting a "hot tumor" phenotype and a better prognosis,
which is consistent with the finding that high TMB and immune cell infiltration in patients with breast
cancer ( "hot tumor") is associated with prolonged survival in breast cancer patients[55], In contrast,
patients with high TRS have higher tumor purity and lower immune cell infiltration, poorer prognosis.

Tumor immunotherapy is currently an active area of oncology research[56], and it is no exception in
breast cancer, with studies confirming that CIK immunotherapy improves the prognosis of breast cancer
patients, and for the first time, PD-L1 expression has been found to serve as an indicator of
postoperative CIK adjuvant therapy in patients[57], So we continued to study the response of TRS in
immunotherapy, and patients with low TRS had higher immune checkpoint expression, suggesting a
greater benefit in immunotherapy. Similarly, our constructed TRS signature performed well in
immunotherapy cohorts of other tumors, with a significantly higher prognosis for patients with low TRS
than for patients with high TRS, and a distant second in predicting overall survival, and in terms of
clinical application, TRS scores for responders to immunosuppressants were significantly lower than
those for non-responders, which is consistent with the better prognosis for patients with low TRS.

Although the TRS signature is a very good indicator for assessing the prognosis of breast cancer, we
should also recognize its limitations, firstly, the samples applied in this study are retrospective, and the
TRS should be validated later with more multicenter samples, and secondly, the mechanism of the genes
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included in the model is not clear in breast cancer, and further in vivo and in vitro experiments need to be
used to validate their function.

Limitations

Several limitations of this study should be acknowledged. First, all data analyzed were obtained from
publicly available retrospective cohorts, which may introduce inherent selection bias and limit the
generalizability of our findings. Second, although we validated the TRS signature in seven independent
datasets, the sample sizes of some cohorts were relatively small, particularly in the immunotherapy
validation sets (GSE78220, n = 28; GSE135222, n = 27). Third, the mechanistic roles of the genes
included in the signature have not been experimentally validated in vitro or in vivo, and further functional
studies are required to elucidate their biological significance in breast cancer progression and
immunotherapy response. Fourth, the lack of prospective clinical trial data limits the direct clinical
application of the TRS model. Despite these limitations, our comprehensive bioinformatics analysis
provides robust evidence supporting the potential utility of TRS as a prognostic and predictive biomarker
in breast cancer.

Conclusion

This study combines single-cell and multi-group transcriptomic data using sophisticated machine
learning methods to construct robust and powerful features for assessing the prognosis and clinical
performance of breast cancer patients. This TRS model is an effective tool for decision-making and
clinical guidance programs for breast cancer patients.
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Figure 1

The single-cell landscape of breast cancer. A: tSNE plots of single cells from both datasets after
correction for batch effects. B: tSNE plots of single cells of tumors and metastases after correction for
batch effects. C: tSNE plots of single cells from 12 breast cancer samples. D: tNSE mapping of six cell
clusters. E: Violin maps of representative genes of cell clusters. F: Scale diagram of cell clusters in
tumors and metastasis
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Figure 2

Identification of T cell-associated subtypes. A: Consensus score matrix for all samples when k = 2. B:
Homophenotypic correlation coefficients apply to the optimal number of subtypes. C: Heatmap
demonstrates differences in infiltration of 28 immune cells in two clusters. D: Special violin plot
demonstrating 28 types of immune cell infiltration between two clusters. E: Kaplan-Meier curves of
overall survival for the two clusters
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Figure 3

Construction and validation of the T-cell-related signature (TRS) based on machine learning. A: Heatmap
of C-index based on 117 machine learning predictive models in 7 datasets. B: Kaplan-Meier curves for
TRS in the GSE1456 dataset. C: Kaplan-Meier curves for TRS in the GSE20685 dataset. D: Kaplan-Meier
curves for TRS in the GSE24450 dataset. E: Kaplan-Meier curves for TRS in the GSE42568 dataset. F:
Kaplan-Meier curves for TRS in the GSE58812 dataset. G: Kaplan-Meier curves for TRS in the GSE7390
dataset. H: Kaplan-Meier curves for TRS in the TCGA-BRCA dataset
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Figure 4

Validation of the TRS model. A: Time-dependent ROC analysis of TRS in the GSE1456 dataset. B: Time-
dependent ROC analysis of TRS in the GSE20685 dataset C: Time-dependent ROC analysis of TRS in the
GSE24450 dataset D: Time-dependent ROC analysis of TRS in the GSE42568 dataset E: Time-dependent
ROC analysis of TRS in the GSE58812 dataset F: Time-dependent ROC analysis of TRS in the GSE7390

dataset G: Time-dependent ROC analysis of TRS in the TVGA-BRCA dataset
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Figure 5

Predictive Performance Evaluation of TRS. A: Histogram of the C-index of TRS compared to other
clinical traits in the GSE1456 dataset. B: A: Histogram of the C-index of TRS compared to other clinical
traits in the GSE20685 dataset. C: Histogram of the C-index of TRS compared to other clinical traits in
the GSE7390 dataset. D: Histogram of the C-index of TRS compared to other clinical traits in the TCGA-
BRCA dataset. E: Distribution of TRS in different Grade in the GSE1456 dataset. F: Distribution of TRS in
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different M Stage in the GSE20685 dataset. H: Distribution of TRS in different T Stage in the GSE20685
dataset. I: Distribution of TRS in different Grade in the GSE42568 dataset. J: Distribution of TRS in
different M Stage in the TCGA-BTCA dataset. K: Distribution of TRS in different T Stage in the TCGA-
BRCA dataset. L: Distribution of TRS in different N Stage in the GSE42568 dataset. M: Distribution of TRS
in different Stage in the TCGA-BRCA dataset. *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001
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Figure 6

Independent prognostic analysis of TRS. A: Forest plot showing multifactorial cox analysis of TRS and
clinical traits in the GSE1456 dataset. B: Forest plot showing multifactorial cox analysis of TRS and
clinical traits in the GSE20685 dataset. C: Forest plot showing multifactorial cox analysis of TRS and
clinical traits in the GSE42568 dataset. D: Forest plot showing multifactorial cox analysis of TRS and
clinical traits in the GSE58812 dataset. E: Forest plot showing multifactorial cox analysis of TRS and
clinical traits in the GSE7390 dataset. F: Forest plot showing multifactorial cox analysis of TRS and
clinical traits in the TCGA dataset

Page 24/28



A B

2 XX EEE FEF  FEF EX EE EF * ¥ *¥F s EX EF EE * EE
__Subtype 2 050
| II | I | I B2M#** ‘B
I | | TAPI 2
I TAPBP“** 1 E 025 .
I III | =
II I ' 5
[l I g
H 8 000
I II | III I I < *
I | -0.25
il I "I i B
1 II | E }n%lh
|‘ | ‘ | -0.50 o
H b4 = =1 =1} =1 =] ‘:_0 =1} =] ol =11 “‘._!4 =] =] 2! =1 =] =] =1 <] N o
III | I I | II I IIH FADOR s 2 § = :é 2 £ :§ = £ £ £ :§ % :»'é £ = :§ £ g :é - B 0B
= = =1 = [ L [~ =1 = [ B = = e =1 = o o = = 5
e 11 SRS e S § ¢ 283 38 83 g2 &8 3¢ ¢ g @i g
| CXCR2*=+r | . s & = = 2 £ £ = 2 5 s 5 EEE =2 EEE 2 2B
I I II|HI’ | CRCR3ewes fhich S 2232333 E SR EEGEROEEED oL 2L
I 1| CXCRIweeen Nlow 8 & @ om § & = 2 2 R 2 E ¥ - z Sogogo @ togow
il II III CRCRoveer s E E & 2 g8 £ & & S 3 < T X £ £ £ 2z 8§ £
2 &8 E = 8 B £ 2 = Z = = = 5 =
|| U I vers  Hlethods % ¢ £ S © % 4 2 z : § Z
IR fowne 5 E C : X
II II~I | (AR I CCR2 emokine g B ; :
I Il I CCR4~*‘. Immunomodulators =~ ) ) o . . ) z
IIII III IIIII III II CCRS:::: MHC o . Stepl  Step2 Step3  Stepd Steps Stepb Step7 E )
I ‘ III i g cuu:::: Receptor P E g
It |||| Il XCRI##*e C T =
| | IIII ] [ e L] H
I|I|| I I II st g l ., Actvared Bl
| { I| 01 |%§% }%‘ltt P 0.5 Activated CD4 T cell
! ||| I| [ mc‘wm* == neg Adtivaied CDs 1 &l
“ | I BEee é%%‘.%’ﬂﬁiﬁ?gﬁ‘.ﬁﬁi‘iIIm cell
| '|'”°xc EC i Contesl mammo D 5o
! EXCTgeess — <001 Central memory LDﬂTceII
CXCLghnss . 1'33& Effector memeodry CD4 T ce
H | ||”| III | ‘| IIIII ” LSS Bheee — <0.05 25 EQII-.".;I‘,’,I memeory CD§ ted
il [ )L(EL Whekk — Not Applicable 05(} Jal'lll'l[‘lﬁ deléa T cell
L L mmature el
g0 e | | | s ceriss - 1.00 mmature dendritic cell
III' %(CJ g“” Antigen_Processing_and_Presentation ug““’gﬁ“gﬂ
| | | ((,: ] Antimicrobials. IMD é
II| II IIHI | | || I CC‘ graes %CRS% ﬁl’ath“’aﬁf - ! enory B cell
| c(‘ [[2%*s hemo! me eceplors unoc?rke” |
Chemokines il
III ||| o o %E [3senn Cytokine_Receptors atural killer T cell
I L I| I CLI#s% Cytokines | +Neuirophi
[ CC _gi:::: ]n(ert‘emnm leilqgggg Py I :s:]u;;.gfrl;)l_{j élelnlmrmc cell
I W et 3500 , lnle}:{leukins. ,Jolllcul?‘r heércecfell
nterleukins Receptor
I H ” | || IIII ”II| "II CLAF*** NuturalKlIler Cell Cﬂotoxi?nty [ype 171 he I
T ..5"" T'CRsignalingPathway T\,{%.ZThclper cell
| | II | II CL7*#4% TGFb_Family” Member,
D0 WO L IIII | Il ICC.,S TGFb Famil FW}!emblcr_I\R;[ccc tor.
* amil CMmbers.
F | IIN | ! II E}‘Iﬁgf“ TNF_Family | MT:mer; . Receptors.
| I|I
II TNERSE|79+++ e
1R I 5
III [0 1 TASH A ‘ I lI 6R ]s“_ D
= <
ll I [ I | CDZS““" e SUDLY PE -5 —_
|| LI IIII 0l ITNFSF9 T PRE] vees - 22 __32 38_
(1L INERS 3B I I GEMBoses Ee=SCgsl«=2i7
||I IICD40LC**** II IIIII It i C(‘LS’_*_*_*' SECLooRm=asE |
I I | IFN(J“‘* .:zv ’.. LA AN
1O II|I|II'I|||I rNII’I;fm* I”| I I Ilé‘;}’éﬁ“:&i 0o ": seie Mo
I I|I il N | ' I|| I I fenne oo ioice »
**?# **tt * * * ¥ *
| 0.6
I ||II II"I ||||| IIII TNFRSFM‘“" e ! ||| |H .3.(,““ AR ONEMEAEC
LTI |
4y I"III IR I II‘ e 'II 1y il gtm;'g... HRROtC e
i WIICOS**++ I| Il I I A wiw | * .
I IIII hI II‘II |ICD48““ | IIII Wil ‘I il |.(,| 24*&* ..: * :.- ek 0.2
IL21R** * * P ¥
! TNFRSF9* | 3
I || |II || !|I| | | I ke || ||||| Ll ||I||| 11l |I CIEﬁE‘-‘.. TIGIT@® . 0@ .| % 0
| I IIII | IH I A VR N | I i \ [ I Re#ws co200R1E .| (99@ ... ¥
! |I | TNFRQFB..*. i ||| I‘I III Il IgA\émaAm* 2 CEACAMED 4 |« [+ |4 | |44 02
|'|IIII III"I I|| I P e IIII|II i1 IIII I II |||II| I II I IVIIIRAZ**“ ‘;ubtypel M(Ituh;dsi 1l CDSI)ZD?‘ ;* olels
Hok MMPE“*"* _1_ce * ERE SRR 0.4
I III it II IIII INI'SI‘I‘I- Ul = : ” — 1L A high 0 Dendritic._cell KIR3DL1.. r
2 HI | I “I III ﬁ IIIIII M +| IL7 "::, low I Macrophage BTLA @ « o ls & 06
g ALK A I PR | K el ADORAZAD & & |4
@ i II CRTA,I\,;I::" 2 NThi cell LGALS3 @ & 08
I|" |I II H|| III I II e vrent @ .
LRI s iy v ws @

Figure 7

TME analysis of the TRS signature. A: Differences in expression of immunomodulators (chemokines,
immunostimulants, MHC, receptors) between high and low TRS groups in BRCA. B: Differences between
individual steps of the cancer immunization cycle in the high and low TRS groups. C: Correlation
between TRS signature and 28 immune cells and immune-related pathways. D: Differences in immune
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effector cells between high and low TRS groups. E: Correlation between TRS signature and immune
checkpoints. P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001
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Figure 8

Multi-omics analysis between high and low TRS groups. AB: Mutational mapping of the high and low TRS
groups. C: Interaction of differential mutations in high and low TRS groups. D: Differences in TIDE
between high and low TRS groups. E: Differences in MDSC between high and low TRS groups. F:
Differences in TMB between high and low TRS groups. P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001
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Figure 9

Predictive value of TRS in immunotherapy cohorts. A: Kaplan-Meier curves for TRS in the GSE78220
dataset. B: Kaplan-Meier curves for TRS in the GSE135222 dataset. C: Kaplan-Meier curves for TRS in the
IMVigor210 dataset. D: Time-dependent ROC analysis of TRS in the GSE78220 dataset. E: Time-
dependent ROC analysis of TRS in the GSE135222 dataset. F: Time-dependent ROC analysis of TRS in
the IMVigor210 dataset. G: TRS distribution between CR,PD,PR in GSE78220 dataset. H: TRS distribution
with responders, non-responders in GSE135222. I: TRS distribution between desert, excluded, inflamed in
IMVigor210. J: Distribution of high and low TRS groups between CR/PR,SD/PD. P < 0.05; **P < 0.01; ***P
< 0.001; ****P < 0.0001
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