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Abstract 

Background  The metastasis of cancer cells is influenced by both their intrinsic characteristics and the tumor micro-
environment (TME). However, the molecular mechanisms underlying pre-nodal metastases of breast cancer remain 
unclear.

Methods  We integrated a total of 216,963 cells from 54 samples across 6 single-cell datasets to profile the cellular 
landscape differences between primary tumors and pre-nodal metastases.

Results  We revealed three distinct metastatic epithelial cell subtypes (Epi1, Epi2 and Epi3), which exhibited dif-
ferent metastatic mechanisms. Specifically, the marker gene KCNK15 of the Epi1 subtype exhibited increased gene 
expression along the cell differentiation trajectory and was specifically regulated by the transcription factor ASCL1. 
In the Epi3 subtype, we highlighted NR2F1 as a regulator targeting the marker gene MUCL1. Additionally, we found 
that the Epi2 and Epi3 subtypes shared some regulons, such as ZEB1 and NR2C1. Similarly, we identified specific 
subtypes of stromal and immune cells in the TME, and discovered that vascular cancer-associated fibroblasts might 
promote capillary formation through CXCL9+ macrophages in pre-nodal metastases. All three subtypes of metastatic 
epithelial cells were associated with poor prognosis.

Conclusions  In summary, this study dissects the intratumoral heterogeneity and remodeling of the TME in pre-nodal 
metastases of breast cancer, providing novel insights into the mechanisms underlying breast cancer metastasis.
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Background
Globally, breast cancer remains one of the most com-
mon malignancies among women [1]. The incidence of 
breast cancer has been steadily increasing, partly due to 
increased awareness and improved screening programs 
[2]. It is estimated that approximately 20–30% of breast 
cancer cases have evidence of metastasis at the time of 
diagnosis, and a significant proportion of the remain-
ing cases may eventually develop metastatic disease 
[3]. Breast cancer metastasis plays an important role in 
disease progression and is a leading cause of mortality 
among breast cancer patients [4]. The metastatic pro-
cess is complex, involving genetic alterations, biologi-
cal processes, and interactions with cells in the tumor 
microenvironment. Thus, it is essential to understand the 
heterogeneity of breast cancer metastasis and gain novel 
insights into preventing its occurrence and progression.

In recent years, single-cell RNA sequencing (scRNA-
seq) technology has revolutionized cancer metasta-
sis research by providing unparalleled insights into the 
complex cellular heterogeneity [5, 6]. Several scRNA-seq 
studies related to breast cancer metastasis have been 
largely focused on cells in the tumor microenviron-
ment (TME), revealing that the immune and stromal 
landscapes are highly heterogeneous [7, 8]. It is crucial 
to recognize that cancer cells themselves, as well as the 
interactions between cancer cells and the TME, play 
critical roles in breast cancer metastasis. Xu et al. identi-
fied nine subclusters of cancer cell using scRNA-seq and 
highlighted a specific subcluster of breast cancer stem 
cells that exhibited metastatic potential from primary 
tumor to lymph node [9]. Nevertheless, the underlying 
metastatic mechanisms in different cancer cell subclus-
ters, and their interplay with the TME, remain incom-
pletely understood.

According to recent studies, patients with metastatic 
breast cancer displayed heterogeneity in distant metas-
tases, with bone metastasis being the most prevalent, 
followed by lung and liver metastases, while brain metas-
tasis accounted for the least frequency [3, 10]. In view 
of the high heterogeneity of cancer cells in origin, phe-
notype and function, it remains challenging to elucidate 
the tissue tropism, or the preferential metastasis to spe-
cific organs, of different cancer cell subtypes in breast 
cancer metastasis. Zou et  al. employed scRNA-seq to 
depict intratumoral heterogeneity and immunosup-
pressive microenvironment in breast cancer liver and 
brain metastases. Unfortunately, a comparative analysis 
of the differences between liver and brain metastases in 
breast cancer has not been conducted [11], hindering the 
understanding of the distinct metastatic preferences and 
mechanisms. In addition, few studies have looked into 
the tissue tropism of different cancer cell subtypes in the 

metastatic process. Therefore, systematic and in-depth 
research o investigating the tissue tropism and metastatic 
mechanisms of different cancer cell subtypes, as well as 
their interactions with the TME, is crucial for gaining 
profound insights into the mechanisms underlying breast 
cancer metastasis.

In this study, we integrated public scRNA-seq data to 
profile the cellular landscape of breast cancer metastasis, 
comprehensively characterizing the metastatic epithelial 
cell subtypes and the TME remodeling between primary 
tumors and pre-nodal metastases. Our analyses revealed 
that metastatic epithelial cell subtypes exhibit diverse 
metastatic approaches, with a particular focus on the 
Epi1 and Epi3 subtypes. In summary, our comprehensive 
investigation on breast cancer metastasis highlights the 
possible heterogeneity and plasticity of cancer cells and 
the TME, providing novel insights into the mechanisms 
underlying breast cancer metastasis.

Methods
Data sources
Bulk data of breast cancer was downloaded from The 
Cancer Genome Atlas (TCGA, https://​portal.​gdc.​cancer.​
gov/) using the R package "GDCRNATools" (v 2.27.2). 
The molecular data, such as somatic mutations and gene 
expression, as well as clinical characteristics including 
tumor stage and survival time, were obtained accord-
ingly. Single-cell data of breast cancer was downloaded 
from the Gene Expression Omnibus (GEO, https://​www.​
ncbi.​nlm.​nih.​gov/​geo/) and the National Genomics Data 
Center (NGDC, https://​www.​cncb.​ac.​cn/). To ensure 
consistency and minimize technical variability, only 
treatment-naïve samples analyzed using the 10 × Genom-
ics platform were included for subsequent analysis. The 
detailed data information used in this study are listed in 
Supplementary Table 1.

Single‑cell data processing
Based on the available clinical stage or paired lymph 
node metastasis information, the single-cell samples 
were classified into two groups: the primary tumor 
group and the pre-nodal metastasis group. The R pack-
age "Seurat" (v 4.3.0) was employed to process the sin-
gle-cell data. All functions were executed using their 
default parameters, unless otherwise instructed. Cells 
with fewer than 200 detected genes or more than 20% 
mitochondrial content were excluded, as these could 
indicate low-quality cells. Potential doublets were 
removed by filtering out cells that had more than three 
median absolute deviations (MADs) of expressed genes. 
To mitigate batch effects, we utilized the Harmony 
algorithm (v 0.1.1) to integrate the gene-cell matrices 
derived from different samples [12]. After batch effect 

https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://www.cncb.ac.cn/


Page 3 of 16Liu et al. Journal of Translational Medicine          (2024) 22:804 	

correction, a shared nearest-neighbor graph was gener-
ated using the FindNeighbors function with the param-
eter: dims = 1:30, and clusters were identified using 
the FindClusters function. The resulting clusters were 
visualized using the t-Distributed Stochastic Neighbor 
Embedding (t-SNE), a non-linear dimensional reduc-
tion method. Subsequently, cluster-specific genes were 
calculated using the FindAllMarkers function with the 
parameter: only.pos = T. We annotated the clusters 
into specific cell types by comparing the cluster-spe-
cific genes with canonical cell markers. Sub-clustering 
of major cell populations, including epithelial cells, T 
cells, macrophages, B cells, fibroblasts, and endothelial 
cells, was performed using the same approach.

Identification of metastasis‑associated cell subtypes
We utilized the "Scissor" (v 2.0.0) algorithm to link the 
metastatic status of TCGA bulk data with the single-
cell data of breast cancer [13]. The metastatic status 
of TCGA bulk data was determined based on the clini-
cal stage of the patients, where patients without lymph 
node metastasis (N0) and distant metastasis (M0) were 
classified as non-metastatic status, while patients with 
either lymph node or distant metastasis were classified as 
metastatic status. The Scissor function was run on epi-
thelial cells with the following parameters: alpha = 0.01, 
family = "binomial". Scissor + cells were associated with 
metastatic status, while Scissor-cells were associated with 
non-metastatic status.

Copy number variation and clonality analysis
Initial copy number variations (CNVs) for each cell were 
estimated using the R package "inferCNV" (v 1.16.0, 
https://​github.​com/​broad​insti​tute/​infer​CNV). The CNVs 
of epithelial cells were calculated, with fibroblasts and 
endothelial cells serving as the reference. After creat-
ing the inferCNV object, we performed the inferCNV 
analysis with the following parameters: cutoff = 0.1, 
denoise = T. The CNV score was calculated as the quad-
ratic sum of the CNV regions. To infer the clonal CNV 
changes, we employed the Hidden Markov Model frame-
work and utilized the "subcluster" analysis mode to 
assign copy number states to genomic regions. By con-
sulting the genomic cytoband information, p- or q-arm 
level changes were converted to equivalent CNVs based 
on their locations. The "UPhyloplot2" (v 2.3) algorithm 
was used to generate intra-tumor phylogenetic trees [14], 
where the length of each branch is proportional to the 
percentage of cells. The characteristic CNV changes for 
each subclone were manually inferred based on the out-
put files of inferCNV.

Functional enrichment analysis
We identified differentially expressed genes (DEGs) for 
each cluster using the FindMarkers function in Seu-
rat. Only the differentially up-regulated genes were 
obtained for further analysis. Gene Ontology (GO) 
enrichment analysis was conducted on these differen-
tially up-regulated genes using the R package "cluster-
Profiler" (v 4.8.2).

Trajectory analysis
We utilized the Monocle (v2.28.0) algorithm to con-
struct single-cell pseudotime trajectory of epithelial cell 
subtypes [15]. The DEGs identified by the FindAllMark-
ers function in Seurat were used to order the cells in the 
trajectory. Subsequently, we determined the root of the 
trajectory based on the degree of cell differentiation and 
de-differentiation. The CytoTRACE (v 0.3.3) algorithm 
was utilized to predict and visualize the cell differentia-
tion scores along the trajectory [16]. Cell de-differentia-
tion scores were computed using the AUCell algorithm in 
Seurat based on a set of epithelial–mesenchymal transi-
tion (EMT) gene sets obtained from the Molecular Signa-
tures Database (MSigDB, https://​www.​gsea-​msigdb.​org/​
gsea/​msigdb). The branch displaying high cell differen-
tiation scores and low cell de-differentiation scores was 
selected as the root. The branch expression analysis mod-
eling (BEAM) function in Monocle was then performed 
on the branch point to identify genes that exhibited 
branch-dependent expression patterns, where cell fate 1 
corresponded to the state 2, and cell fate 2 corresponded 
to the state 1.

SCENIC analysis
We utilized the pySCENIC (v0.12.1) algorithm to iden-
tify specific gene regulatory networks between epithe-
lial cell subtypes [17]. First, the grnboost2 function was 
used to predict potential regulatory interactions between 
transcription factors (TFs) and their target genes. Then, 
the inferred regulatory networks were pruned using cis-
regulatory motifs, resulting in the identification of regu-
lons. Finally, the AUCell function was used to score the 
activity of each regulon in each cell. The regulon speci-
ficity score (RSS) between epithelial cell subtypes was 
calculated using the calcRSS function in R. Furthermore, 
Pearson correlation analysis was performed to identify 
functional modules within the TF regulons and to calcu-
late the correlations between epithelial cell subtypes. The 
binding site information of the TFs in each module was 
obtained from the JASPAR database (https://​jaspar.​elixir.​
no/). CYTOSCAPE software (v3.8.2, https://​cytos​cape.​
org/) was used to visualize the gene regulatory networks.

https://github.com/broadinstitute/inferCNV
https://www.gsea-msigdb.org/gsea/msigdb
https://www.gsea-msigdb.org/gsea/msigdb
https://jaspar.elixir.no/
https://jaspar.elixir.no/
https://cytoscape.org/
https://cytoscape.org/
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Distant metastasis analysis
We collected two breast cancer bone metastasis sam-
ples from the GSE190772 dataset and one breast cancer 
brain metastasis sample from the GSE143423 dataset. 
The single-cell data processing for these samples followed 
the same procedure as described above. Based on the 
DEGs of metastatic epithelial cell subtypes, we calculated 
Epi scores for each distant metastatic sample using the 
AddModuleScore function in Seurat. The Wilcoxon rank-
sum test was applied to determine whether the Epi scores 
showed statistically significant differences between dif-
ferent metastatic epithelial cell subtypes.

Cell interaction analysis
We utilized the CellChat (v 1.6.1) algorithm to investigate 
the potential interactions between different cell types 
[18]. The combined Seurat object, comprising both epi-
thelial cells and other cell types in the TME, was used as 
input to the algorithm. After creating the CellChat object, 
we set up the reference database using the secretory sign-
aling pathways. The specific receptor-ligand interactions 
and communication probabilities between different cell 
types were inferred using the computeCommunProb and 
computeCommunProbPathway functions, respectively.

Survival analysis
In addition to the TCGA data, we collected three 
bulk datasets of breast cancer from the GEO, namely 
GSE3143, GSE7390, GSE20685. We downloaded the 
gene expression profiles and survival data of patients 
from these datasets for further analysis. Univariate Cox 
regression analysis was employed to assess the prognos-
tic impact of the DEGs in the metastatic epithelial cell 
subtypes. Based on the prognosis-related DEGs, we cal-
culated the enrichment score for each bulk sample using 
single sample gene set enrichment analysis (ssGSEA). 
Subsequently, the samples were divided into high-score 
or low-score groups along the median enrichment score. 
The survival differences between the high-score and low-
score groups were tested using the log-rank test. Survival 
curves were fitted using the Kaplan–Meier method in the 
R package "survival" and visualized using the ggsurvplot 
function in the R package "survminer".

Correlation to mutation and clinical characteristics
To investigate the correlation between metastatic cell 
subtypes and mutations, we utilized the mutation pro-
files from both the TCGA and METABRIC datasets. The 
mutation profiles were downloaded from the cBioPor-
tal database (https://​www.​cbiop​ortal.​org/). We applied 
a filtering step to retain only non-silent gene mutations, 
and further selected gene mutations that were detected 
in at least 5% of the samples for subsequent analysis. As 

mentioned in the survival analysis, we also classified the 
samples into high-score or low-score groups along the 
median enrichment score. In addition, we collected the 
clinical information of the patients in the METABRIC 
data. Fisher’s exact test was used to evaluate if there were 
significant differences in the frequency of gene muta-
tions, ER status, PR status, HER2 status and histologic 
grade between the high-score and low-score groups.

Association of metastatic epithelial cell subtypes 
with immunotherapy
To explore the impact of immune-checkpoint block-
ade (ICB) on metastatic epithelial cell subtypes, we col-
lected single-cell data from patients receiving anti-PD1 
(n = 29) and patients receiving anti-PD1 following neo-
adjuvant chemotherapy (n = 11) [19]. This single-cell 
dataset includes paired pre-treatment and on-treatment 
information. Based on the DEGs of metastatic epithelial 
cell subtypes, we calculated Epi score for each epithelial 
cell of the ICB data using the AddModuleScore function 
in Seurat. Subsequently, we standardized Epi scores to a 
range of 0–100 and employed ternary plots to visualize 
the difference between different metastatic epithelial cell 
subtypes.

Statistical analysis
Apart from the statistical analyses described above, all 
other statistical analyses were performed using the R 
language (v 4.2.2, https://​www.r-​proje​ct.​org/). The sig-
nificance of the P value is indicated as follows: *P < 0.05; 
**P < 0.01; ***P < 0.001; ns: No significance.

Result
The heterogeneous cellular composition between primary 
tumors and pre‑nodal metastases
To investigate the cellular diversity of breast cancer 
metastasis and non-metastasis, we integrated data from 
17 primary tumor samples and 37 pre-nodal metasta-
sis samples across six single-cell datasets (Fig. 1a). After 
quality control and batch effect removal, we acquired a 
total of 68,619 cells from primary tumors and 148,344 
cells from pre-nodal metastases (Fig.  1b). Next, using 
canonical marker genes, we cataloged 216,963 cells into 
seven distinct cell types: epithelial cells, endothelial cells, 
fibroblasts, macrophages, T cells, B cells and plasma cells 
(Fig. 1c). The primary tumors and pre-nodal metastases 
exhibited comparable cellular proportions of epithelial 
cells and macrophages (Fig.  1d). However, we observed 
an accumulation of T cells and a depletion of fibroblasts 
in pre-nodal metastases compared to primary tumors 
(Fig.  1d). Furthermore, pre-nodal metastases showed 
higher inter-sample heterogeneity in cellular composition 
compared to primary tumors (Supplementary Fig. 1).

https://www.cbioportal.org/
https://www.r-project.org/
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Integration of phenotype‑associated bulk data reveals 
metastatic epithelial cell subtypes
We next focused on epithelial cells, given their crucial 
role as the origin of breast cancer cells. We performed 
re-clustering of the 67,784 epithelial cells, comprising 
21,641 cells from primary tumors and 46,143 cells from 
pre-nodal metastases (Fig.  2a). After integrating the 
metastatic phenotype of bulk data by Scissor, 4961 cells 
were identified as Scissor + cells, and 3484 cells were 

classified as Scissor- cells (Fig.  2b). Consistent with the 
clinical information of patients, we found that 4717 of the 
4961 Scissor + cells (95.1%) originated from patients with 
lymph node metastases. In contrast, Scissor- cells were 
evenly distributed in the primary tumors (1723, 49.5%) 
and pre-nodal metastases (1761, 50.5%) (Fig. 2b).

Based on the results from Scissor, we classified epi-
thelial cells into 8 subtypes (Fig.  2c). Epi1-3 subtypes 
accounted for the majority of the metastatic subtypes 
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Fig. 1  Single-cell transcriptomic analysis of primary tumor and pre-nodal metastasis in breast cancer. a Workflow depicting the data collection, 
processing, and analysis in this study. b t-SNE plot displaying the distribution of 216,963 cells, categorized by primary tumor and pre-nodal 
metastasis. c Bubble plot showing the average expression of canonical marker genes for seven cell types. The size of each bubble represents 
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Fig. 2  Reclustering analysis of epithelial cells. a t-SNE plot displaying the distribution of 67,784 epithelial cells, colored by clusters. b t-SNE plots 
displaying the distribution of Scissor-selected epithelial cells, categorized by primary tumor and pre-nodal metastasis. The red and blue dots 
represent cells associated with the metastatic and non-metastatic phenotypes, respectively. c t-SNE plot displaying the distribution of 67,784 
epithelial cells, colored by subtypes. d Heatmap showing the expression levels of representative DEGs across epithelial cell subtypes. e Barplots 
showing the GO enrichment of DEGs in Epi1-3 subtypes
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and were characterized by the expression of meta-
static signatures such as PSMA7, CRIP1, S100A8, and 
S100A9 (Fig. 2d). Previous studies on breast, gastric and 
cervical cancers have demonstrated that high expres-
sion of PSMA7, CRIP1, S100A8, and S100A9 enhances 
the migration and invasion capabilities of cancer cells, 
thereby promoting tumor metastasis [20–24]. Gene 
ontology (GO) analysis indicated that the up-regulated 
genes specific to Epi1-3 subtypes were significantly 
enriched in oxidative phosphorylation, proton motive 
force − driven ATP synthesis, and aerobic respiration 
(Fig.  2e). In contrast, the up-regulated genes in Epi4-8 
subtypes were enriched in gland development and wound 
healing (Supplementary Fig. 2).

Metastatic epithelial cell subtypes exhibit heterogeneous 
genomic variations
The presence of transcriptomic heterogeneity among 
epithelial cell subtypes prompted us to investigate their 
genomic variations. Copy number variation (CNV) 
analysis revealed that metastatic Epi1-3 subtypes exhib-
ited high levels of copy number amplifications (Fig.  3a). 
Among non-metastatic epithelial cell subtypes, the Epi7 
subtype showed high copy number amplifications, while 
the Epi8 subtype displayed high copy number deletions 
(Fig. 3a). Notably, we found that both Epi1-3 and Epi7-8 
subtypes demonstrated higher CNV scores compared 
to Epi4-6 subtypes (Fig.  3b). Furthermore, the clonality 
analysis results revealed distinct clonal evolution pat-
terns between primary tumors and pre-nodal metastases 
(Fig. 3c). Based on the evolutionary trees, we found that 
the majority of metastatic epithelial cells exhibited copy 
number amplifications in chromosome 13. Additionally, 
we detected canonical CNVs in several genomic regions 
of pre-nodal metastases, including chromosomes 8, 12, 
and 20 (Fig. 3c), which is consistent with a previous study 
investigating lymph node metastases in breast cancer [25].

Metastatic epithelial cell subtypes show orchestrated cell 
differentiation
To understand the dynamics of epithelial cells, we con-
structed a cell trajectory to infer the differentiation 
relationship between primary tumors and pre-nodal 
metastases. Among the eight epithelial cell subtypes, 
we observed three different states (Fig.  3d). Epi1-3 
subtypes were primarily distributed in state 1, while 
the Epi7 subtype was predominant in state 3 (Fig. 3e). 
Subsequently, the trajectory was labeled based on 
the epithelial–mesenchymal transition (EMT) score 
and CytoTRACE score, with state 3 being considered 
a potential root due to its low EMT score and high 
CytoTRACE score (Fig.  3f, g). Notably, metastatic 
Epi1-3 subtypes dominated the end of the trajectory 

with high CytoTRACE score, indicating an orches-
trated differentiation of epithelial cells during metas-
tasis (Fig.  3g). Using branched expression analysis 
modeling (BEAM) analysis, we identified 37 branch-
dependent genes that could regulate the cell differen-
tiation process from pre-branch (state 3) to cell fate 2 
(state 1) and cell fate 1 (state 2) (Fig. 3h). Importantly, 
we observed elevated expression of KCNK15 and 
MUCL1 along the inferred pseudotime from the pre-
branch to cell fate 2 (Fig. 3i, j).

Identification of customized transcriptional regulatory 
programs in metastatic epithelial cell subtypes
As mentioned above, metastatic epithelial cell subtypes 
displayed extensive transcriptomic heterogeneity, which 
prompted us to examine the regulon activity of these sub-
types. By calculating the regulon specificity score (RSS), 
we observed that ASCL1 exhibited the highest RSS in 
the Epi1 subtype, while RARB and NR2F1 were specifi-
cally enriched in the Epi2 and Epi3 subtypes, respectively 
(Fig.  4a). In addition, we found that the Epi2 and Epi3 
subtypes exhibited some shared regulons, such as ZEB1 
and NR2C1 (Fig.  4a). Based on the SCENIC results, we 
further constructed a transcriptional regulatory network 
to explore potential metastatic mechanisms of the Epi1-3 
subtypes (Fig. 4b). Our results indicated that ASCL1 was a 
key TF targeting the majority of DEGs specific to the Epi1 
subtype (Fig.  2d). Moreover, KCNK15, a target gene of 
ASCL1, exhibited elevated expression along the inferred 
pseudotime determined by trajectory analysis (Fig. 3i). In 
contrast, we did not observe any DEGs regulated by TFs 
in the transcriptional regulatory network specific to the 
Epi2 subtype. In the Epi3 subtype, NR2F1 was highlighted 
as a regulator of gene encoding mucin protein MUCL1. 
Notably, the target gene MUCL1 was not only a DEG spe-
cific to the Epi3 subtype but also played an important role 
on the pseudotime trajectory (Fig. 3j).

Next, we sought to identify specific modules for each 
epithelial cell subtype, which were composed of a set of 
regulons. Through correlation analysis, a total 357 regu-
lons were clustered into 8 major modules (Fig. 4c). These 
modules were enriched not only with subtype-specific 
TFs but also with conserved binding motifs, which con-
tributed to co-ordinated activation of the modules. For 
example, we identified a co-regulatory  module (ASCL1, 
LHX1, NHLH1, KLF1, etc.) specific to the Epi1 subtype, 
where some TFs such as KLF1 [26] and LHX1 [27] were 
associated with EMT. We also observed the activation 
of module 5-associated NR2F1 in the Epi3 subtype. Fur-
thermore, some shared modules, such as module 3 and 
module 8, might represent cell states that were associ-
ated with the metastasis process rather than specific cell 
subtypes.
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Metastatic epithelial cell subtypes are correlated 
with different distant tissue metastases
To investigate the metastatic potential of different epithe-
lial cell subtypes, we analyzed 25 paired metastatic lymph 

node samples derived from the 37 pre-nodal metastases. 
By integrating with the above eight epithelial cell sub-
types, we observed that epithelial cells from metastatic 
lymph node samples were closely clustered with the 
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Epi1-3 subtypes (Fig. 4d). The correlation analysis of the 
SCENIC results also revealed that epithelial cells from 
metastatic lymph node samples harbored the strongest 
correlations with the Epi1 subtype (Fig.  4e). The above 
observations prompted us to investigate whether the 
Epi1-3 subtypes had different effects on distant metas-
tases. Based on the DEGs of the Epi1-3 subtypes, we 
found that the Epi1 subtype exhibited significantly higher 
scores than the Epi2-3 subtypes in two breast cancer 
bone metastasis samples (P < 0.001, Wilcoxon rank-sum 
test, Fig.  4f ). In contrast, the Epi3 subtype showed sig-
nificantly higher scores than the Epi1-2 subtypes in one 
breast cancer brain metastasis sample (P < 0.001, Wil-
coxon rank-sum test, Fig. 4g).

Remodeling of the tumor microenvironment in pre‑nodal 
metastases
Cancer metastasis is closely linked to the support of 
the TME. Single-cell analysis unveiled a depletion of 
fibroblasts and an accumulation of T cells in pre-nodal 
metastases (Fig.  1d). Unsupervised clustering of T cells 
revealed 17 clusters, including eight naïve T cell clusters, 
four natural killer (NK) cell clusters, two CD4+ T cell 
clusters, and three CD8+ T cell clusters (Fig. 5a, b). All T 
cell clusters were shared among primary tumors and pre-
nodal metastases, but they exhibited heterogeneous cell 
proportions (Fig.  5b). Specifically, NK cells and CD8+ T 
cells showed significant enrichment in pre-nodal metas-
tases (NK cells: P = 0.011, CD8+ T cells: P = 0.013, Wil-
coxon rank-sum test, Fig.  5c). In contrast, naïve T cells 
were enriched in primary tumors (P = 0.025, Wilcoxon 
rank-sum test, Fig.  5c). Although there was no signifi-
cant change in cell proportions, CD4+ T cells displayed 
remarkable down-regulation of effector markers and up-
regulation of exhaustion markers in pre-nodal metastases 
(Fig. 5d). In addition, NK cells and CD8+ T cells showed 
notable down-regulation of cytotoxic markers in pre-
nodal metastases (Fig. 5d).

Next, subclustering of fibroblasts revealed 17 clus-
ters (Fig. 5e). Following the fibroblast classification pro-
posed by Cords et al. [28], these clusters were classified 
into three cancer-associated fibroblast (CAF) subtypes: 
matrix CAFs (mCAFs), inflammatory CAFs (iCAFs), 
and vascular CAFs (vCAFs) (Fig. 5f ). Notably, pre-nodal 
metastases exhibited a relatively higher proportion of 
vCAFs compared to primary tumors (Fig.  5g), implying 
an important role of vCAFs in breast cancer metastasis.

Although we did not observe obvious differences in 
the cell proportions of macrophages, endothelial cells, 
and B cells between primary tumors and pre-nodal 
metastases (Fig.  1d), subclustering of these cell types 
unveiled heterogeneity in their subtypes (Fig.  5g). We 
identified six subtypes of macrophages, with FOLR2+ 
macrophages enriched in pre-nodal metastases and 
SPP1+ macrophages enriched in primary tumors (Sup-
plementary Fig. 3a, b). Endothelial cells consisted of four 
subtypes, with the most predominant subtype being 
venous endothelial cells, which exhibited an increase in 
pre-nodal metastases (Supplementary Fig.  3c, d). For B 
cells, we identified three major subtypes, with memory B 
cells and plasma cells exhibiting a decrease in pre-nodal 
metastases compared to primary tumors (Supplementary 
Fig. 3e, f ).

vCAF promotes capillary formation through CXCL9+ 
macrophages in pre‑nodal metastases
To decipher the crosstalk between cellular components 
in the TME, we constructed cellular interaction networks 
using potential receptor-ligand pairs in primary tumors 
and pre-nodal metastases, respectively (Fig.  6a, b). We 
observed that the crosstalk among different cellular com-
ponents was much lower in pre-nodal metastases than 
in primary tumors. In particular, the crosstalk between 
fibroblasts and endothelial cells, regardless of sub-
types, was predicted to be dominant in primary tumors, 
whereas it was notably reduced in pre-nodal metastases 

Fig. 5  Remodeling of the pre-nodal metastasis microenvironment. a t-SNE plots displaying the distribution of T cell subtypes between primary 
tumor and pre-nodal metastasis. b Heatmap showing the average expression of canonical marker genes for T cell subtypes. Barplot 
above the heatmap indicates the relative proportions of T cell clusters in primary tumor and pre-nodal metastasis. c Scatterplots showing 
the relative proportions of four T cell subtypes between primary tumor and pre-nodal metastasis. The Wilcoxon rank-sum test was applied 
to determine statistical significance. Each point represents a sample. d Bubble plot showing the expression pattern of signature genes for four T cell 
subtypes between primary tumor and pre-nodal metastasis. The size of each bubble represents the fraction of T cell subtypes expressing the gene. 
The color intensity of bubbles represents the scaled expression level of genes. e t-SNE plots displaying the distribution of fibroblast subtypes 
between primary tumor and pre-nodal metastasis. f Heatmap showing the average expression of canonical marker genes for fibroblast subtypes. 
Barplot above the heatmap indicates the relative proportions of fibroblast clusters in primary tumor and pre-nodal metastasis. g Line plots showing 
the differences in cell proportions of specific cell subtypes between primary tumor and pre-nodal metastasis. Each point represents a specific cell 
subtypes. The top circular plots depict the relative cell proportions

(See figure on next page.)
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(Fig. 6a, b, Supplementary Fig. 4). In addition, the cross-
talk between immune cells and stromal cells, such as 
FOLR2+ macrophages with fibroblasts and endothelial 
cells, was also reduced in pre-nodal metastases compared 
with primary tumors (Fig. 6a, b).

Despite the overall crosstalk being decreased in pre-
nodal metastases, we found that CXCL9+ macrophages 

exhibited increased interactions with fibroblasts and 
endothelial cells (Fig.  6a, b). We found that CXCL9+ 
macrophages in pre-nodal metastases were more regu-
lated by fibroblasts, regardless of their subtypes, through 
RARRES2-CMKLR1 and ANXA1-FPR1 than in primary 
tumors (Fig. 6c). Furthermore, CXCL9+ macrophages in 
pre-nodal metastases were also regulated by iCAFs and 
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mCAFs through multiple receptor-ligand pairs includ-
ing PTN-SDC1, MDK-SDC1, and ANXA1-FPR1 (Fig. 6c). 
Notably, CXCL9+ macrophages in pre-nodal metasta-
ses exhibited specific interactions with vCAFs through 
PDGFA-PDGFRB and PDGFA-PDGFRA (Fig.  6c). Sub-
sequently, we found that CXCL9+ macrophages in pre-
nodal metastases further regulated endothelial cells, 
especially capillary endothelial cells, through multiple 
receptor-ligand pairs, such as VEGFA-VEGFR1, VEGFA-
VEGFR2, and CXCL8-ACKR1 (Fig. 6d).

Metastatic epithelial cell subtypes are associated 
with unfavorable clinical features
Next, we explored the clinical implications of the Epi1-3 
subtypes. In the TCGA dataset, the group with high 
enrichment scores was significantly associated with 
poor overall survival (OS) (P = 1.24e−05, log-rank test, 
Fig.  7a). Moreover, in three independent breast cancer 

datasets, the Kaplan–Meier survival curves also demon-
strated impaired OS in the high-score groups (GSE20685: 
P = 4.51e−05; GSE7390: P = 0.024; GSE3143: P = 0.179; 
log-rank test, Fig.  7b, c,  d). Among the frequently 
mutated genes (> 5%) in breast cancer, we observed a 
significantly higher frequency of TP53 mutations in 
the high-score groups in both the TCGA and META-
BRIC datasets (TCGA: P = 3.49e−03; METABRIC: 
P = 4.42e−14; Fisher’s exact test, Fig.  7e, f ). By contrast, 
the high-score group exhibited a significantly lower fre-
quency of CDH1 mutations compared with the low-score 
group (TCGA: P = 1.12e−08; METABRIC: P = 6.08e−06; 
Fisher’s exact test, Fig.  7e, f ). In the clinical informa-
tion of the METABRIC dataset, the high-score group 
also exhibited unfavorable clinical features, including 
a significantly higher frequency of PR negative status 
and a higher histologic grade (PR: P = 3.91e−03; Grade: 
P = 1.94e−15; Fisher’s exact test, Fig. 7g).
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Epi3 subtype shows a response to anti‑PD1 
immunotherapy
In the single-cell immunotherapy data, we extracted epi-
thelial cells for further analysis. For patients who only 
received anti-PD1 treatment, we found that the Epi2 sub-
type had the lowest Epi scores, while the Epi1 and Epi3 
subtypes displayed relatively higher Epi scores (Fig. 7h). In 
addition, the Epi1 and Epi2 subtypes were barely affected 
by immunotherapy, while the Epi3 subtype exhibited a 
decrease in Epi scores during immunotherapy (Fig.  7h). 
Among patients who received neoadjuvant chemotherapy 
followed by anti-PD1 treatment, we also observed that the 
Epi2 subtype displayed the lowest Epi scores, and the Epi3 
subtype showed a decrease in Epi scores (Fig. 7i).

Discussion
In this study, we compared the cellular landscape between 
primary tumors and pre-nodal metastases in breast can-
cer. We identified three distinct metastatic epithelial cell 
subtypes that exhibited distinct metastatic mechanisms, 
including diverse genomic alterations, coordinated cellu-
lar differentiation processes, customized transcriptional 
regulatory networks, and specific propensities for distant 
metastasis. Additionally, we discovered particular sub-
types of stromal and immune cells within the TME, along 
with their intricate interactions, which were instrumental 
in facilitating the pre-nodal spread of breast cancer.

Considering that not all cancer cells possess the abil-
ity to metastasize, we employed the Scissor algorithm to 
integrate single-cell data with phenotype-associated bulk 
data. We observed a scarcity of Scissor + epithelial cells 
in primary tumors, indicating the accuracy of identify-
ing metastatic epithelial cells. Furthermore, metastatic 
epithelial cell subtypes exhibited specific gene expres-
sion patterns, such as KRT18 in the Epi1 subtype, CRIP1 
in the Epi2 subtype, and MUCL1, S100A8, and S100A9 
in the Epi3 subtype. The up-regulation of KRT18 and 
MUCL1 has been shown to promote the invasion of 
breast cancer cells [21, 29]. CRIP1 has been found to pos-
sess the ability to promote metastasis in both gastric and 
cervical cancer [22, 24]. S100A8 and S100A9 also con-
tribute to tumor development, growth and metastasis by 
disrupting tumor metabolism and the TME [20]. These 
findings suggest that there are distinct metastatic mecha-
nisms among metastatic epithelial cell subtypes.

Through cell trajectory and SCENIC analysis, we elu-
cidated the potential metastatic mechanisms for the Epi1 
and Epi3 subtypes. In the Epi1 subtype, the marker gene 
KCNK15 exhibited increased gene expression along the 
trajectory and was specifically regulated by ASCL1. For 
the Epi3 subtype, the marker gene MUCL1 also showed 
increased expression along the trajectory and was specifi-
cally regulated by NR2F1. Although we did not identify 

a specific metastatic mechanism in the Epi2 subtype, we 
found that the Epi2 and Epi3 subtypes exhibited shared 
regulons, such as ZEB1 and NR2C1. Notably, the EMT-
related regulon ZEB1 is known to contribute to the 
metastatic spread of breast cancer cells, and its interac-
tion with ERα may alter the tissue tropism of metastatic 
cancer cells towards bone [30]. Intriguingly, the marker 
genes of the Epi2 and Epi3 subtypes demonstrated sig-
nificant down-regulation compared to the Epi1 subtype.

We have also found that the TME remodeling in pre-
nodal metastases played a crucial role in the metastatic 
process. The increased abundance of T cells in pre-nodal 
metastases was primarily manifested in exhausted T 
cells. vCAFs exhibited an increase in pre-nodal metas-
tases, accompanied by a relative decrease in iCAFs and 
mCAFs. Moreover, we observed a decrease of overall cell 
interactions in pre-nodal metastases, particularly in the 
interactions between fibroblasts and endothelial cells. 
However, we revealed an increased indirect interaction 
between fibroblasts and endothelial cells, where vCAFs 
primarily regulated capillary endothelial cells by modu-
lating CXCL9+ Macrophages.

Our study has several limitations. First, we only deter-
mined the potential mechanisms of metastatic epithelial 
cell subtypes through single-cell analysis. Further experi-
mental validation may provide a comprehensive under-
standing of breast cancer metastasis. Second, the analysis 
of tissue tropism in distant metastasis was performed 
on only three samples, necessitating further research in 
larger cohorts that include matched primary and meta-
static samples. And third, the cellular interaction analysis 
primarily relied on transcriptomic predictions. Further 
confirmation of these predicted interactions is necessary 
through high-dimensional multiplex in  situ or spatial 
transcriptome analysis.

In summary, we characterized three metastatic epithelial 
cell subtypes, elucidated their distinct metastatic charac-
teristics, and observed the TME remodeling in pre-nodal 
metastases of breast cancer. Although metastatic epithelial 
cell subtypes were generally associated with poor prog-
nosis, we found that the proportion of the Epi3 subtype 
decreased after anti-PD1 immunotherapy. Collectively, our 
study provided novel insights for future studies of breast 
cancer metastasis and may facilitate the development of 
combination therapies to prevent metastasis.

Conclusions
Overall, our systematic comparison of the cellular land-
scapes of primary tumors and pre-nodal metastases has 
not only shed light on the intrinsic features of metastatic 
epithelial cell subtypes but also elucidated the transform-
ative effects on the TME during the early stages of breast 
cancer metastasis.
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