
Sun et al. Journal of Translational Medicine          (2024) 22:894  
https://doi.org/10.1186/s12967-024-05706-6

RESEARCH

Single‑cell transcriptome analysis 
reveals immune microenvironment changes 
and insights into the transition from DCIS to IDC 
with associated prognostic genes
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Abstract 

Background  Ductal carcinoma in situ (DCIS) of the breast is an early stage of breast cancer, and preventing its pro-
gression to invasive ductal carcinoma (IDC) is crucial for the early detection and treatment of breast cancer. Although 
single-cell transcriptome analysis technology has been widely used in breast cancer research, the biological mecha-
nisms underlying the transition from DCIS to IDC remain poorly understood.

Results  We identified eight cell types through cell annotation, finding significant differences in T cell proportions 
between DCIS and IDC. Using this as a basis, we performed pseudotime analysis on T cell subpopulations, revealing 
that differentially expressed genes primarily regulate immune cell migration and modulation. By intersecting WGCNA 
results of T cells highly correlated with the subtypes and the differentially expressed genes, we identified six key 
genes: FGFBP2, GNLY, KLRD1, TYROBP, PRF1, and NKG7. Excluding PRF1, the other five genes were significantly associ-
ated with overall survival in breast cancer, highlighting their potential as prognostic biomarkers.

Conclusions  We identified immune cells that may play a role in the progression from DCIS to IDC and uncovered five 
key genes that can serve as prognostic markers for breast cancer. These findings provide insights into the mechanisms 
underlying the transition from DCIS to IDC, offering valuable perspectives for future research. Additionally, our results 
contribute to a better understanding of the biological processes involved in breast cancer progression.
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Introduction
Breast cancer is one of the most common malignant 
tumors affecting women’s health [1, 2]. Ductal carcinoma 
in situ of the breast (DCIS) is a type of breast cancer that 
occurs due to the proliferation of malignant cells within 
the breast ducts. In DCIS, the cancer cells are confined 
to the ducts, whereas in invasive ductal carcinoma (IDC), 
the cancer cells have penetrated the ductal basement 
membrane and invaded the surrounding breast tissue 
[3–6]. DCIS is considered a precursor lesion to IDC [7, 
8], some researchers have proposed that the progression 
from DCIS to IDC may serve as a model and cascade for 
the development of invasive ductal carcinoma in humans 
[9–12]. Therefore, it is crucial to study the differences in 
gene expression and changes in the immune microenvi-
ronment between DCIS and IDC. Studies have shown 
that the loss of FAT1 and β-catenin is associated with 
the progression from DCIS to IDC and poor prognosis. 
The expression of FAT1, either alone or in combination 
with β-catenin, may serve as a biomarker for predicting 
the prognosis of breast cancer patients [13]. Compared 
to DCIS, IDC exhibits higher levels of HER2 expression, 
making it more prone to develop into metastatic disease 
and impacting the disease free survival (DFS) of patients 
[14–16].

Research on single-cell transcriptomics in breast 
cancer has rapidly expanded, unveiling the complex 
cellular dynamics within tumors [17]. In 2017, Chung 
et  al. employed single-cell transcriptomics to dissect 
the intricate interplay between heterogeneous tumor 
cells, stromal cells, and immune cells. Their analysis at 
single-cell resolution allowed for precise clustering of 
cancerous and non-cancerous cells, highlighting how 
interactions between tumor and immune cells drive 
the significant intratumoral heterogeneity observed 
in breast cancer [18]. Building on this, Nguyen et  al. 
in 2018 analyzed single-cell transcriptomes of human 
breast cancer epithelial cells, identifying three dis-
tinct epithelial subtypes and laying the groundwork for 
understanding the systemic alterations that occur dur-
ing breast cancer progression [19]. Bartoschek et  al. 
further leveraged single-cell data to classify tumor-
associated fibroblasts (CAFs) into three unique sub-
populations, each with distinct gene expression profiles 
and functional roles, opening new possibilities for tar-
geted therapies against these fibroblast subtypes [20]. 
Savas et al. explored the role of tumor-infiltrating lym-
phocytes in triple-negative breast cancer by analyzing 
single-cell transcriptomes of T cells, linking immune 
cell presence to patient prognosis and providing fresh 
perspectives on effective treatment strategies [21]. In 
2021, Xu et  al. mapped the single-cell transcriptomic 
landscapes of both primary and lymph node metastatic 

breast cancer, offering novel insights into metastatic 
mechanisms and inspiring new approaches to inhibit 
the spread of breast cancer [22]. Davis et al. highlighted 
the critical role of oxidative phosphorylation in pre-
venting metastasis by creating predictive models based 
on single-cell transcriptomics [23–26]. Despite these 
significant advancements, there remains a notable gap 
in analyzing single-cell transcriptomic data specifi-
cally for DCIS and IDC. Understanding the differences 
between these stages, as well as the underlying mecha-
nisms and biological significance of their progression, 
has received limited attention, underscoring the need 
for deeper investigation in this area.

In this study, we focused on exploring the differences 
between DCIS and IDC using single-cell transcrip-
tome data from the Gene Expression Omnibus (GEO) 
database. We investigated changes in various immune 
pathways and identified several key genes. Our findings 
suggest that these genes may play crucial roles in the 
progression of breast cancer and could serve as poten-
tial prognostic factors.

Results
The landscape of single‑cell transcriptomics in breast 
cancer
In this study, we analyzed 13 datasets from the 
GSE195861 dataset, which includes 7 samples of DCIS 
and 6 samples of IDC. The overall workflow of this work 
is illustrated in Fig. 1. Each sample underwent rigorous 
quality control, including the removal of mitochondrial 
genes and outliers, cell cycle correction, batch effect 
removal, and data normalization. After these processes, 
a total of 19,474 cells were retained for further analy-
sis. Dimensionality reduction was performed using 
the PCA method, retaining the top 50 principal com-
ponents [27]. Using the KNN method to construct an 
adjacency matrix, followed by clustering with the Lou-
vain method, the 19,474 cells were divided into 29 clus-
ters. These clusters were visualized using t-SNE, and 
Fig. 2A shows the single-cell transcriptomic landscape 
for the two different subgroups, while Fig.  2B depicts 
the single-cell transcriptomic atlas for all 13 samples. 
Subsequently, we annotated the clustering results for 
further analysis using the HumanPrimaryCellAtlasData 
dataset from singleR as the reference (Fig. 2C, D). We 
identified eight distinct cell types: 4231 macrophages, 
5239 T cells, 7003 epithelial cells, 1597 B cells, 745 
monocytes, 292 fibroblasts, 286 natural killer cells, and 
81 neutrophils (Fig. 2E). Finally, we observed a consid-
erable difference in the proportion of T cells between 
the two subgroups, as shown in the cell proportion 
plots (Fig. 2F, G).
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Cell–cell communication
To understand the relationships among different cell type 
subpopulations, we performed cell–cell communication 
analysis on the annotated data. Here, focusing on the IDC 
subgroup, we identified extensive communication among 
the eight cell types (Fig.  3A, B). Among all the interac-
tions, we found that the interactions between fibroblasts 
and neutrophils were the strongest (Fig.  3C). However, 
this interaction pathway was not enriched in the DCIS 

subgroup. Previous studies have shown that the interac-
tion between fibroblasts and neutrophils is often linked 
to inflammatory and immune responses in the human 
body [28–31], which aligns with the idea that changes 
in cellular interactions may occur as DCIS progresses 
to IDC. We also analyzed all possible ligand-receptor 
pairs mediating interactions between T cells and other 
cell types (Fig. 3D), identifying the key pairs involved in 
interactions between T cells and fibroblasts, natural killer 

Fig. 1  The workflow of the present study
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cells, and neutrophils. Among these, the top four ligand-
receptor pairs mediating interactions between T cells and 
fibroblasts or natural killer cells THBS1-SDC1, COL2A1-
SDC1, COL4A2-SDC1, and TNC-SDC1 primarily play 
roles in cell adhesion and migration. Additionally, the 
two ligand-receptor pairs that primarily mediate inter-
actions between T cells and neutrophils THBS4-CD36 

and THBS1-CD36 are mainly involved in inflammatory 
responses and cell adhesion. Figure 3E, F illustrate the top 
four signaling pathways involved in interactions between 
T cells and other cell types. It is evident that the eight dif-
ferent cell types play distinct roles within these pathways. 
As shown in the clustering tree in Fig. 3G, these cell types 
work collaboratively to exert their effects.

Fig. 2  Overview of the 19,474 single cells from DCIS and IDC samples. A The t-SNE visualization results display the distribution of single-cell 
transcriptomic data grouped into DCIS and IDC. B The t-SNE visualization results display the distribution of single-cell transcriptomic data grouped 
by different samples (specifically, 7 DCIS samples starting with NCCBC and 6 IDC samples starting with P). C The t-SNE visualization results display 
the distribution of single-cell transcriptomic data grouped by cell type. D The t-SNE visualization results display the distribution of the number 
of transcripts (UMIs) detected in the single-cell transcriptomic data. E Expression of marker genes for the cell types. F Proportional representation 
of different cell types by 13 samples. G Proportional representation of different cell types by two breast cancer types (DCIS or IDC)
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Pseudo temporal analysis of T cell
Temporal analysis can simulate the developmental tra-
jectory of cells. In this study, we isolated single-cell tran-
scriptomic data from T cells and standardized the data 
using the monocle3 package for dimensionality reduc-
tion. Subsequently, we visualized the reduced-dimen-
sional data using the t-SNE method. Figure 4A illustrates 
the expression of six key genes in T cells, indicating their 
presence across T cell populations. To further delineate 
trajectories, we examined the distribution of different 
subgroups within T cell populations and the distribu-
tion of cells across various cell cycles while correcting 
for batch effects (Fig. 4C, D). Subsequently, T cells were 
clustered into nine clusters, and different clusters were 
labeled accordingly (Fig.  4E). Figure  4B depicts the 
expression of six key genes in the quality-controlled data, 
demonstrating their uniform expression across T cell 
populations. Figure 4F presents a bubble plot of marker 
genes in the nine different clusters, while Fig. 4G displays 
the marker genes for each cluster. In detail, SCGB2A2, a 
marker gene for cluster 1, is used as a biomarker for the 
diagnosis and prognosis of breast cancer, with elevated 
expression levels in metastatic breast cancer [32, 33]; 
CD8A, a marker gene for cluster 2, CD8A is primar-
ily expressed on cytotoxic T cells and plays a role in the 
immune process by participating in the regulation of T 
cell antigen recognition [34–36]; GZMK, marking clus-
ter 3, participates in the activation of immune cells and 
cytotoxic effects [37–39]; GZMB, marking cluster 4, reg-
ulates the cytotoxicity of immune cells against target cells 
[40, 41]; EEF1B2, marking cluster 5, plays a role in pro-
tein synthesis [42]; FOXP3, marking cluster 6, regulates 
the quantity and function of regulatory T cells, thereby 
impacting tumor immunity [43–46]; CXCL13, a marker 
gene for cluster 7, is a chemokine that can induce the 
migration of immune cells [47, 48]; TXNIP, a marker gene 
for cluster 8, acts as an endogenous inhibitor of thiore-
doxin, often involved in regulating cellular redox balance 
and influencing the status of tumor cells [49–51]; Finally, 
TOX2, marking cluster 9, is involved in cell proliferation, 
differentiation, and migration processes [52, 53].

We further subdivided the overall dataset into 
four partitions and identified the trajectory of T cell 

development (Fig. 4H, I). By defining the earliest time-
point interval, we identified the root cells and obtained 
the developmental trajectory of T cells (Fig. 4J). Visual-
izing the differential genes along the trajectory at dif-
ferent time points, we generated violin plots for the 
top three significant genes (Fig.  4K). Among them, 
TNFRSF18 primarily plays a role in immune regulation, 
mainly involved in modulating T cell activity. TNFRSF4 
encodes a cell membrane receptor known to modulate 
cell proliferation and immune responses. TXNIP is pri-
marily involved in inflammation response and meta-
bolic regulation in the body.

Differential expression analysis of T cell subgroups
Previous analysis has already shown a significant differ-
ence in T-cell expression between the DCIS and IDC 
subgroups. To explore the underlying mechanisms, we 
conducted differential expression analysis on single-cell 
transcriptomic data from the T-cell populations in the 
DCIS and IDC groups, resulting in a total of 234 dif-
ferentially expressed genes (Supplementary Table  1). 
GO enrichment analysis and GSVA on these differen-
tially expressed genes revealed that they were primarily 
enriched in four pathways: “Leukocyte mediated immu-
nity,” “lymphocyte mediated immunity,” “positive regu-
lation of leukocyte activation,” and “positive regulation 
of cell activation.” This suggests that during the pro-
gression of breast cancer, these differentially expressed 
genes may play a role in activating and regulating 
immune-related pathways, particularly those involved 
in leukocyte and lymphocyte activation (Fig. 5B).

The GSVA results indicate that, compared to the 
IDC subgroup, the DCIS subgroup shows significant 
upregulation in the “HALLMARK_INFLAMMA-
TORY_RESPONSE” gene set, which includes genes 
associated with inflammatory responses and can be 
used to analyze inflammation-related biological pro-
cesses and signaling pathways. Conversely, the DCIS 
subgroup shows significant downregulation in the 
“HALLMARK_ESTROGEN_RESPONSE_EARLY” gene 
set, which primarily contains genes related to the early 
cellular response to estrogen stimulation (Fig. 5A).

Fig. 3  Cellular communication network between IDC microenvironment. A Cellular interaction network. The size of the dots represents 
the number of cells, the thickness of the line represents the number of cell interactions. B Another presentation of cellular interaction networks. 
The thickness of the line represents the intensity of intercellular interaction. C The interaction between each type of cell and other cells. D Bubble 
diagram of all potential ligand-receptor interactions between T cells and other cell types. The x-axis shows the interacting cell types, the y-axis 
shows ligand-receptor pairs. Dot color indicates interaction likelihood, and dot size represents corresponding P-values. E Heatmap of the role 
of each cell type in the cell interaction network. The role is: sender, receiver, mediator, and influencer. F Heatmap showing the contribution 
of incoming and outgoing signals for each cell type. The bar at the top indicates the proportion of each cell type’s ligands. G Heatmap of global 
communication mode. Color represents contribution

(See figure on next page.)
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Fig. 3  (See legend on previous page.)
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WGCNA
WGCNA (Weighted Gene Co-expression Network Anal-
ysis) is used to identify gene sets with the strongest corre-
lation to a phenotype of interest. We selected a clustering 
number of 6 as optimal (Fig.  5C, D), then analyzed the 
correlation between these 6 gene modules and the two 
subtypes. Figure  5E shows the correlation between dif-
ferent modules. The results indicated that the gene set in 
the “brown” module had the strongest correlation with 
the two subtypes (Fig.  5F, Supplementary Table  2). We 
extracted the genes from this module for further analysis. 
Moreover, we validated the correlation between the genes 
and the subtypes, and the scatter plot results showed a 
strong association (Fig.  5G). Finally, we intersected the 
key genes from the WGCNA modules with the differen-
tially expressed genes, resulting in 6 key genes: FGFBP2, 
GNLY, KLRD1, TYROBP, PRF1, and NKG7 for further 
analysis (Fig. 5H).

Survival analysis of key genes
As previously mentioned, the six key genes identified 
in our study might play a crucial role in the progression 
from DCIS to IDC. To evaluate the impact of these genes 
on breast cancer prognosis, we conducted Kaplan–Meier 
survival analysis. Figure  6 indicates that the expression 
levels of five out of the six genes are significantly asso-
ciated with overall survival in patients. Specifically, low 
expression of FGFBP2 and TYROBP is linked to better 
prognosis, while high expression of GNLY, KLRD1, and 
NKG7 is associated with improved outcomes. These 
results suggest that FGFBP2, TYROBP, GNLY, KLRD1, 
and NKG7 could potentially serve as prognostic bio-
markers in breast cancer.

Discussion
Currently, despite extensive research into the genes 
involved in the immune microenvironment of breast can-
cer [54–56], there have been no reports focusing on the 
differences and changes between the two subtypes, DCIS 
and IDC.

Here, we preprocessed and annotated single-cell tran-
scriptome data from DCIS and IDC, identifying eight cell 
types. We found that T cells and neutrophils showed the 

most significant proportional differences between the 
two subtypes. Related immunofluorescence experiments 
indicated that various cell types, including T cells and 
neutrophils, exhibit significant tissue- and breast can-
cer subtype-specific differences. For instance, activated 
GZMB + CD8 + T cells are less prevalent in IDC than in 
DCIS, and T cell receptor clonality is significantly higher 
in DCIS compared to IDC. T cells expressing the immune 
checkpoint protein TIGIT are more frequently observed 
in DCIS, while high PD-L1 expression and amplification 
of CD274 (encoding PD-L1) are detected only in triple-
negative IDC [15]. However, T cells are more numerous 
in IDC [57], which aligns with our findings of a higher 
proportion of T cells in IDC. We infer that this may be 
due to increased T cell presence in IDC, but their activity 
might be suppressed.

The migration of fibroblasts is related to the movement 
of cancer cells from the primary site to specific metastatic 
locations. Many inflammatory chemokines can regulate 
the migration of tumor-associated neutrophils (TANs) 
and various other immune cells [58, 59]. In this study, 
our cell communication analysis revealed a significant 
interaction between fibroblasts and neutrophils in IDC, 
which was not observed in DCIS. This finding further 
indicates that the progression of DCIS to IDC is closely 
associated with the interactions between fibroblasts and 
neutrophils.

Notably, in the T cell subpopulations, the differen-
tially expressed genes between DCIS and IDC are pri-
marily enriched in pathways related to the activation of 
immune cells, including leukocytes and lymphocytes. 
GSEA results indicate that these genes are associated 
with biological processes and signaling pathways related 
to inflammatory responses, as well as early estrogen 
responses. This further supports the aforementioned 
conclusions.

Through the intersection of WGCNA and differen-
tial expression analysis results, we identified six key 
genes that may play important roles in the progression 
from DCIS to IDC. Survival analysis revealed that the 
expression differences of five of these genes—FGFBP2, 
TYROBP, GNLY, KLRD1, and NKG7—are significantly 
associated with breast cancer prognosis. Previous studies 

(See figure on next page.)
Fig. 4  Pseudo temporal analysis of T cell clustering. A Expression distribution of 6 key genes in untreated T cell clusters using t-SNE clustering. 
B Expression distribution of 6 key genes in t-SNE clustering in T cell clusters after quality control. C t-SNE examination of the distribution of two 
different subgroups in T cell single-cell data, excluding batch effects. D Cluster based on different cell cycles after removing batch effects 
of subtypes. E The T cell data after quality control is clustered into 9 different subgroups. F Bubble plots of marker gene expression in 9 different 
subgroups. G Expression of marker genes for 9 different subgroups. H Grouping according to developmental sequence. I Development trajectory 
recognition. J Constructing temporal developmental trajectories after defining root cells. K Violin plots of the first three differentially expressed 
genes at different time points
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Fig. 4  (See legend on previous page.)
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Fig. 5  Differential expression analysis and presentation of WGCNA results. A Differences in pathway activities scored per cell by GSVA between DCIS 
and IDC of T cells (DCIS = 1237 and IDC = 4002 cells). Shown are t values from a linear model, corrected for patient of IDC. B Bubble plot depicting 
GO enrichment results of DEGs in T cells. C WGCNA searching for the best soft threshold. D Construct a co expression network based on the optimal 
soft threshold to draw a gene clustering tree, with each color representing a module. E Heatmap of correlation between different modules. F 
Heatmap of correlation and significance between different modules and features (DCIS and IDC). G Scatter plot of gene phenotype correlation 
in brown module. H Venn diagram shows the intersection of 234 differentially expressed genes and 27 brown modules genes
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have shown that FGFBP2 is expressed at higher levels in 
IDC compared to DCIS [60], the role of the TYROBP 
gene in the progression from DCIS to IDC is rarely 
reported. However, there are reports indicating that high 
expression of TYROBP is associated with bone metas-
tasis and poor prognosis in breast cancer [61, 62]. This 
aligns with our study’s findings that low expression of 
FGFBP2 and TYROBP is associated with a better prog-
nosis in breast cancer. In a 2023 report, the authors con-
structed a model using the genes IDO1, GNLY, IRF1, 
CTLA4, and CXCR6 to predict the prognosis of triple-
negative breast cancer [63]. Another study reported that 
GNLY expression is significantly associated with the 
prognosis of primary breast cancer [64], Cai et al. devel-
oped the cr-TILCD8TSig tool, which includes KLRD1 
among seven genes, to provide independent prognostic 
assessment for breast cancer [65]. Additionally, NKG7 
has been identified as an intrinsic therapeutic target in 
T cells for enhancing antitumor cytotoxicity and cancer 
immunotherapy [66]. In our findings, high expression 
levels of GNLY, KLRD1, and NKG7 are significantly asso-
ciated with a favorable prognosis in breast cancer. These 
five genes could serve as potential prognostic biomarkers 

for breast cancer. Notably, among the six key genes we 
identified, PRF1 did not exhibit significant prognostic 
value. However, related literature has demonstrated its 
crucial role in mediating cytotoxicity and its association 
with inflammatory responses [67].

At the same time, our study has some limitations. 
First, we only used the DCIS and IDC data from the 
GSE195861 dataset for single cell transcriptome analysis. 
While we conducted a comparative analysis between the 
two breast cancer subtypes, further validation with addi-
tional single cell data from both DCIS and IDC will be 
necessary. Secondly, our study relied solely on transcrip-
tome data; future research could benefit from integrating 
multi-omics data for a more comprehensive exploration.

Conclusions
Through our research on the two breast cancer subtypes, 
DCIS and IDC, we identified six key genes—FGFBP2, 
GNLY, KLRD1, TYROBP, PRF1, and NKG7—that are sig-
nificantly differentially expressed between the two. We 
demonstrated that five of these genes are significantly 
associated with breast cancer survival, suggesting they 
may serve as potential prognostic markers. Our study 

Fig. 6  K-M survival analysis of 6 key genes. Divide high and low expression groups based on the median expression of each gene, red represents 
the high expression group, black represents the low expression group
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partially elucidates the mechanisms underlying the pro-
gression from DCIS to IDC, providing valuable insights 
for researchers in the field.

Materials and methods
Data source
The single-cell transcriptomic data originates from the 
GSE195861 dataset in the GEO database, corresponding 
to the published article “Single-Cell Transcriptome Pro-
filing Reveals Intratumoral Heterogeneity and Molecu-
lar Features of Ductal Carcinoma In  Situ” [68]. In this 
study, 13 breast cancer samples were selected from the 
GSE195861 dataset as the raw data, which including 7 
samples of DCIS and 6 samples of IDC. Batch reading 
of these 13 samples was conducted using the R package 
Seurat (version: 4.3.0) to construct Seurat objects and 
append grouping information for each sample.

Quality control of single‑cell transcriptomic data
The raw data was preprocessed using the Seurat package, 
excluding samples with fewer than 200 and more than 
2500 transcripts per single cell and samples with mito-
chondrial gene percentages exceeding ten percent. Using 
the “CellCycleScoring” function from the Seurat package 
to perform cell cycle scoring and mitigate the influence of 
the cell cycle on single-cell transcriptomic data; utilizing 
the “NormalizeData” function from the Seurat package 
to perform logarithmic transformation and normaliza-
tion of the data using the LogNormalize method; Using 
the “FindVariableFeatures” function to identify highly 
variable genes, applying variance stabilizing transforma-
tion (vst) method to stabilize variance and retain the top 
1000 genes with the highest variability, and finally using 
the “ScaleData” function to remove batch effects between 
samples.

Dimensionality reduction, clustering, and cell annotation 
of single‑cell data
After data preprocessing, it is necessary to reduce the 
dimensionality of high-dimensional single-cell transcrip-
tomic data for further analysis [69, 70]. Principal com-
ponent analysis (PCA) is currently the most commonly 
used method for dimensionality reduction. Using the 
“RunPCA” function from the Seurat package to perform 
dimensionality reduction on the data and retain the top 
50 principal components. Then, using the “FindNeigh-
bors” function to identify K-nearest neighbor (KNN) 
relationships between cells in the single-cell transcrip-
tomic data, and using the Louvain method with the 
“FindClusters” function to implement clustering of cells. 
The SingleR package provides an objective identification 
of cell types and integrates well with the Seurat package 
[71]. The celldex package allows for direct retrieval and 

access to seven built-in datasets from the SingleR pack-
age, download the HumanPrimaryCellAtlasData dataset 
for cell annotation and export the cell annotation results 
[72]. Following the aforementioned processing steps, a 
Seurat object containing 2000 genes and 19474 cells was 
obtained for subsequent analysis.

Cell communication
Cell–cell communication analysis was conducted using 
the CellChat package, with the patchwork package used 
for plot arrangement [73, 74]. The ligand-receptor inter-
action database was set to “CellChatDB.human.” The 
“computeCommunProb” function was used to calculate 
the probability of communication between cells, while 
the “filterCommunication” function was used to filter out 
communication data observed in fewer than 10 cells. The 
“subsetCommunication” function was applied to infer the 
CellChat network, and the “computeCommunProbPath-
way” function was used to infer the probability of cell–
cell communication at the signaling pathway level.

Pseudotime analysis
To track the developmental trajectory of T cell popula-
tions, we conducted pseudotime analysis on T cells using 
the Monocle3 package. We constructed a CellDataSet 
(CDS) object with the “new_cell_data_set” function, 
standardized the CDS object using a log transformation, 
and reduced dimensionality with the “PCA” method. 
We removed batch effects with the “align_cds” function, 
then used t-Distributed Stochastic Neighbor Embedding 
(t-SNE) for dimensionality reduction and the “leiden” 
method for clustering. Afterward, we used the “top_
markers” function to identify the most significant marker 
genes. Finally, we defined a function to choose the earli-
est time interval and visualized the results using the Uni-
form Manifold Approximation and Projection (UMAP) 
method of the “plot_cells” function.

Differential expression analysis of T cells across different 
groups
Use the “subset” function to extract the T-cell cluster and 
define the DCIS and IDC groups. Then, use the “Find-
Markers” function to set the two groups as two sepa-
rate idents. For differential expression analysis, choose 
MAST, a common method for single-cell data analy-
sis. Additionally, filter out genes detected in fewer than 
50% of the cells and those with a fold change less than 
2 between groups. The final result is 234 differentially 
expressed genes.

Enrichment analysis
Gene Set Variation Analysis (GSVA) enrichment analysis 
can reveal the enrichment levels of gene sets in different 
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biological pathways [75–78]. In this study, we used the 
GSVA method to analyze the biological significance of 
differentially expressed gene sets. We downloaded the 
“h.all.v7.0.symbols.gmt” dataset from the Molecular sig-
natures database (MSigDB) (https://​www.​gsea-​msigdb.​
org/​gsea/​msigdb/​human/​colle​ctions.​jsp) as a standard 
dataset for enrichment analysis. The “gsva” function was 
used to perform gene set variation analysis, and we visu-
alized the results using the “pheatmap” and “ggplot” func-
tions. Gene Ontology (GO) enrichment analysis helps in 
understanding the enrichment of gene sets in specific 
biological processes, molecular functions, and cellular 
components [79]. Enrichment analysis can be conducted 
using the “enrichGO” function from the clusterProfiler 
package.

WGCNA
Weighted gene co-expression network analysis 
(WGCNA) enables the construction of gene co-expres-
sion networks. In this study, standardized data were 
analyzed using the built-in R function “hclust” with the 
“average” method specified as the clustering method 
to identify and remove outlier samples. The “pickSoft-
Threshold” function was employed to compute the 
optimal power value and visualize it. Subsequently, the 
“blockwiseModules” function was used to construct the 
network and identify highly correlated gene expression 
modules. Relevant network parameters were extracted, 
and a correlation plot between modules was drawn based 
on gene expression levels. The “moduleEigengenes” func-
tion was utilized to calculate the eigengenes of gene 
modules, and a relationship matrix between modules 
and samples was extracted. Correlation analysis between 
modules and phenotypes was performed using the “cor” 
function from the WGCNA package, and p-values were 
calculated. The correlation between genes and modules 
was also computed. Finally, the “verboseScatterplot” 
function was used to generate scatterplots illustrating the 
correlation between genes and phenotypes.

Survival analysis
Kaplan–Meier Plotter (https://​kmplot.​com/​analy​sis/) is 
an online analysis tool frequently used in bioinformatics 
analyses. In this study, Kaplan–Meier Plotter was used 
to create survival curves, with samples grouped by the 
median expression level of each gene.

Statistical analysis
The data processing in this study was conducted using 
R software (version: 4.2.2) (https://​www.r-​proje​ct.​org/). 
Student’s t-test was employed for significance analysis. 
Pearson correlation was used for correlation analysis. 

Kaplan–Meier analysis was utilized to assess survival 
differences between high and low expression groups of 
genes, with statistical significance defined as *p < 0.05, 
**p < 0.01, ***p < 0.001, and p < 0.05 considered statisti-
cally significant. Visualize the t-Distributed Stochastic 
Neighbor Embedding (t-SNE) dimensionality reduction 
results using the "DimPlot" and “FeaturePlot” functions 
from the Seurat package, and create a cell proportion 
plot using the ggplot2 package.
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