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Abstract

Background Tumor heterogeneity plays essential roles in developing cancer therapies, including therapies for breast cancer
(BC). In addition, it is also very important to understand the relationships between tumor microenvironments and the sys-
tematic immune environment.

Methods Here, we performed single-cell, VDJ sequencing and spatial transcriptome analyses on tumor and adjacent normal
tissue as well as axillar lymph nodes (LNs) and peripheral blood mononuclear cells (PBMCs) from 8 BC patients.

Results We found that myeloid cells exhibited environment-dependent plasticity, where a group of macrophages with both
M1 and M2 signatures possessed high tumor specificity spatially and was associated with worse patient survival. Cytotoxic
T cells in tumor sites evolved in a separate path from those in the circulatory system. T cell receptor (TCR) repertoires in
metastatic LNs showed significant higher consistency with TCRs in tumor than those in nonmetastatic LNs and PBMCs,
suggesting the existence of common neo-antigens across metastatic LNs and primary tumor cites. In addition, the immune
environment in metastatic LNs had transformed into a tumor-like status, where pro-inflammatory macrophages and exhausted
T cells were upregulated, accompanied by a decrease in B cells and neutrophils. Finally, cell interactions showed that cancer-
associated fibroblasts (CAFs) contributed most to shaping the immune-suppressive microenvironment, while CD8* cells
were the most signal-responsive cells.

Conclusions This study revealed the cell structures of both micro- and macroenvironments, revealed how different cells
diverged in related contexts as well as their prognostic capacities, and displayed a landscape of cell interactions with spatial
information.

Keywords Breast cancer - Single-cell and spatial sequencing - Immune and stromal cell heterogeneity - Metastatic lymph

nodes - Circulating immune system

when single-cell sequencing technology was developed for
cell classifications at high resolution. Generally, BC, as a

Background

Tumor heterogeneity exists in all cancers. How tumor
heterogeneity affects or is affected by the immune system
has been a hot research topic in recent years, especially
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molecularly diverse disease, is categorized into four sub-
types (luminal A, luminal B, triple-negative (TNBC) and
HER2%) based on hormone receptivity and the expression
of epidermal growth factor receptor 2 (HER2), which are
associated with specific histology, corresponding therapies
and prognoses [1]. Nevertheless, these subtypes can be
more deeply subdivided. For example, in 2011, Lehmann
et al. subdivided TNBCs and corresponding cell lines into
6 groups [2], and Teschendorff et al. identified at least four
distinct subtypes of estrogen receptor (ER)-negative BC [3].
Evidence has also shown that multiple subtypes can be pre-
sent within a tumor [4] and even transform to each other [5].
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Consistently, BC stem cells were reported to be heterogene-
ous [6-8] as sources for the dynamic evolution of cancer
cells. All these findings confirmed the plasticity of BC cells
and reflected ultrahigh heterogeneity.

Despite its high heterogeneity, BC is not traditionally
considered a highly immunogenic tumor type, especially
compared with melanoma and lung cancer. The causes of
such immune silence are believed to derive from mecha-
nisms downregulating immune recognition and promoting
immunosuppression [9]. However, in recent decades, it has
been reported that the BC tumor microenvironment, which
includes a wide range of cells of both the innate and adaptive
immune systems, has varying degrees of clinical relevance.
TNBC and HER2 + are characterized by high tumor muta-
tion burden (TMB) and are the most frequently infiltrated
by tumor-infiltrating lymphocytes (TILs) compared to other
subtypes. The abundance of TILs was a robust prognostic
factor in TNBC and HER?2 + patients treated with neoad-
juvant therapy [10]. TILs in luminal-like subtypes were
reported to be positively associated with unfavorable clini-
cal features, such as high Ki67 levels, low ER expression
and even shorter overall survival rates [10, 11]. For TIL sub-
types, CD8* T cell abundance is positively correlated with
longer survival in patients undergoing surgery [12]. Further-
more, tissue-resident CD8* T cells contribute to immuno-
surveillance and prolong BC patient survival [13]. Higher
ratios of cytotoxic and regulatory T cells were reported to
be associated with increased pathologic complete response
(pCR) and better prognosis in patients receiving neoadjuvant
treatment. All these observations emphasize the importance
of the immune system in BC evolution and responses to
related therapies.

Studying tumor heterogeneity and microenvironments
inquires high-resolution technologies. Single-cell sequenc-
ing (SCS), as an advanced technology, sheds light on such
studies in multiple cancers, including BC. In 2017, Woosung
et al. first revealed the comprehensive tumor and immune
profiles in primary BC at the single-cell RNA level, although
their cell number was very limited [14]. Elham et al. reported
a model of continuous T cell activation and macrophage
polarization [15], revealing a dynamic pattern of the immune
landscape. Peter et al. found that CD8™ tissue-resident T
cells played key roles in the antitumor community and
contributed to prolonging patient survival [13]. Recently,
another single-cell study revealed T cell and macrophage
trajectories during anti-PD1 treatment, highlighting immune
responsiveness during immune checkpoint blockade [16].
These technologies also applied on the studies investigat-
ing metastasis in BC [17-19] which mostly focused on how
cancer stem cells initiate and propagate metastatic tumors.
Little is known about how the microenvironment altered in
LNs when metastasis occurs.
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Currently, our knowledge about BC is increasing dra-
matically. However, the tumor microenvironment has not
been fully investigated, especially in the related macroen-
vironment and axillary LNs with or without metastasis.
Our knowledge of the interactions among tumors, multiple
cell types and the spatial connections of these cells is still
rudimentary. The important role of the spatial distribu-
tion of cells and tumor microenvironments in the progres-
sion of BC remains elusive. In this study, we performed
single-cell, VDJ and spatial transcriptome analyses on BC
patients with the aim of unveiling tumor microenviron-
ments as well as the systematic immune environment and
the relationships among all cell types within.

Methods
Sample collection and clinical information

All procedures performed in this study were in accord-
ance with the Declaration of Helsinki (as revised in 2013).
Eight BC patients (B1-8) were recruited for this study. All
patients were treatment-naive. For patient B1-4, we collected
samples from tumor, adjacent normal tissue, peripheral
blood and axillar lymph node, where cell suspensions were
obtained without sorting. For patient B5-7, we collected
samples from tumor and adjacent normal tissue, where cell
suspensions were obtained by CD45~ sorting. Patients were
placed in four groups according to their immunohistochemi-
cal results on ER, progesterone receptor (PR) and HER2. For
patient B8, tumor and adjacent normal tissues were collected
for spatial transcriptome analysis. Patient information details
are listed in the supplementary file.

Single-cell suspension preparation, RNA library
construction and lllumina sequencing

Tumor tissues, adjacent normal tissue and axillary lymph
nodes obtained from resection surgeries were immedi-
ately sent to undergo the process of single-cell suspen-
sion preparation. We followed the protocol in a published
article [20]. To sort CD45™ cells in B5-7 patients, we used
a CD45 MicroBeads kit from Milteny (130-045-801).
Single-cell 5> RNA and T cell V(D)J libraries were gener-
ated by strictly following the user guide of Chromium Sin-
gle-Cell V(D)J Reagent Kits (CG000086 Rev J) from 10X
Genomics. For all libraries, the target cell number was 10,000.
The sequencing platform we used was Illumina Nova
6000 with pair end 150. Sequencing depth was set as rec-
ommended by 10X protocol, which was approximately
100G for one RNA library and 15G for one VD] library.
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Data processing

Expression matrixes were generated by Cellranger (v6.1.0)
with default parameters. Cells were removed if they satis-
fied the following conditions: (1) RNA counts were less
than 600; (2) RNA counts were greater than 98% of cells;
(3) mitochondrial gene expression percentages were more
than 15%. We applied the SCTransform normalization
method [21] using 5000 genes as a highly variable gene
set and integrated data from different batches by Seurat
[22] (v4.0.4). Thirty principal components were selected
for cell clustering and UMAP visualization. The resolu-
tion was set to 1.5. Cells were aligned to BLUEPRINT and
ENCODE using SingleR [23] (v1.6.1). Based on the align-
ments and well-known cell markers, clusters were assigned
to the corresponding cell groups. Then, we retrieved cell
members from each cell group to perform subgroup anal-
ysis. Normalization, data integration and cell clustering
were rerun for each cell group. The SCTransform and CCA
methods [22] were applied to integrate nonepithelial cells
in different batches. For epithelial cells and tumor cells,
we employed Harmony [24] (v0.1.0) for data integration.
If a subgroup highly expressed marker genes that should
be uniquely expressed on other cell groups, we considered
it to be a mixed cell type generated by doublets. Such sub-
groups were removed.

Pseudotime analysis and gene module calculation

We employed three methods to analyze cell differentiation.
(1) Monocle3 [25] (v1.0.0) was used to build the pseudo-
time trajectory on UMAP. (2) A diffusion map algorithm
[26] (package destiny v3.2.0) was also used to compute cell
differentiation as supplementary evidence. (3) Directions of
cell development were estimated by Velocity [27] (package
velocyto.R v0.6).

Weighted gene coexpression network analysis (WGCNA)
[28] was performed to retrieve coexpression gene modules
(module eigengenes, MEs). Gene module scores were also
obtained by the WGCNA package (v1.69) in R.

Gene set enrichment analysis and gene expression
score calculation

Gene sets were obtained from MSigDB [29]. Gene set
enrichment analysis between two cell groups was performed
by GSEA [29]. For customized gene set comparisons among
multiple cell groups, we calculated the scores of gene sets
using the AUCell package [30] (v1.10.0) in R. This method
was also applied to bulk RNA-seq data to calculate corre-
sponding scores. Single gene expression score calculation

was also based on the gene set constructed from the top 30
correlated genes, including the target gene itself.

Single-cell alignments to published transcriptome
data

Raw count matrices of reference data were obtained from
Gene Expression Omnibus (GEO), Molecular Taxonomy of
BC International Consortium (METABRIC) [31] and The
Cancer Genome Atlas (TCGA). RNA counts of the single-
cell transcriptome were aligned to reference data by Sin-
gleR [23] (v1.6.1). The automatic annotation labels were
obtained, as well as probability scores for each label. Higher
probability scores represented better alignment and higher
consistency.

Calculation of clonotype Morisita—Horn (MH)
similarities between two T cell subgroups

MH similarities [32] were used to estimate the clonotypic
similarities between the two off T cell subgroups. The cal-
culation was based on the formula:

N
Zzizlxiyi

MHsimilarity = - -
2 X 2
<—‘ + Y—;)XY

X2

where x; is the number of cells within i clonotype among the
total X cells from one group, y; is the number of cells within
i clonotype among the total Y cells from the other group, and
S is the number of unique clonotypes in both cell groups.

Cell interaction network construction

We randomly selected 20 k cells from the total cells to
investigate cell group-to-group interactions. CellChat [33]
(v1.1.0) was employed with built-in curated databases of
cell surface molecule interactions. The normalized “SCT”
gene count matrix was used as input to construct interaction
networks.

Survival analysis

Survival analysis was based on two cohorts: METABRIC
(n=1904) and TCGA (n=1102). Marker gene set scores
were calculated using AUCell (v1.10.0). Overall survival
rates were calculated using the “survival” (v3.2-11) and
“survminer” (v0.4.8) packages in R.

Spatial transcriptome analysis

Spatial transcriptome technology from 10X Genomics
Visium was employed to reveal the spatial heterogeneity of
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BCs. Space Ranger (v1.3.1) was used to generate the expres-
sion matrix. Published data [34] were also downloaded in
this study. For each spot, cell group normalized counts were
estimated by relative marker gene expression normalized by
the average RNA counts of these marker genes in the cor-
responding cell type from SCS data. The normalized counts
reflected the cell group relative abundance. The location cor-
relations (colocations) of the two cell types were estimated
by Spearman correlations between the log e values of their
normalized counts. For high-throughput pairwise colocation

estimation, cell group scores were calculated by cell2loca-
tion [35] (v0.7).

Method of statistical analysis

The Wilcoxon signed-rank test was used to determine the
statistical significance of data with two levels. P values of
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0.05 or less were considered statistically significant. Statisti-
cal calculations were performed with R.

Results

Single-cell transcriptome analysis revealed
predominant cell types in BC patients

A thorough understanding of immune responses to cancer
must encompass all immune cell lineages across the periph-
eral immune system in addition to the tumor microenviron-
ment. In this study, we obtained 118,191 effective cells from
tumor, adjacent normal tissue, PBMC and axillar LNs in 4
BC patients and 31,704 effective CD45™ cells from tumor
and normal tissue in 3 BC patients (Table S1). As shown in
Fig. 1A, we observed multiple predominant cell clusters,
including immune cells, epithelial cells, smooth muscle
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Fig. 1 Single-cell and spatial transcriptome analyses revealed pre-
dominant cell types in BC patients. A Workflow of single-cell experi-
ments. The UMAP plot shows the predominant cell types. B Histo-
gram of predominant cell types in four patients from whom total cells
were collected. Spatial normalized counts based on predominant cell
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cells and endothelial cells, as well as fibroblasts. Top mark-
ers were shown in Table S2. Cell proportions are shown in
Fig. 1B.

Spatial analysis was also performed. All predominant cell
types could be aligned into the spatial transcriptome using
corresponding cell markers (Fig. 1C-E). Generally, spatial
colocations could be observed across all cell types, suggest-
ing a tidal interaction with each other. Immune infiltration
was higher in tumor tissue than in normal tissue (Fig. 1F).
Notably, tumor and epithelial cells were present in the high-
est abundance in the spatial transcriptome, while they were
not highly obtained in the single-cell transcriptome, prob-
ably due to the single-cell preparation. Thus, an additional
three BC patients were recruited, from whom CD45~ cells
were sorted using magnetic beads to enrich tumor and epi-
thelial cells.

Myeloid cells exhibited
microenvironment-dependent plasticity

and different distributions between metastatic
and nonmetastatic LNs

Hematopoietic dysregulation is common in cancers. Such
dysregulation prominently expands monocytes in the periph-
ery of patients, which traffic to the tumor microenviron-
ment and play immune-suppressive roles [36, 37]. Compar-
ing myeloid cells across different tissues (Fig. 2A and B,
Table S3), we observed highly distinct phenotypes, indicat-
ing environment-dependent plasticity.

Myeloid cells were completely separated by their loca-
tions, where the differentiation path was not observed from
cycling to tissue infiltration. In PBMCs, myeloid cells were
primarily monocytes, which diverged along inflammatory
(classical) and patrolling (nonclassical) switching paths
(Fig. 2C) according to CD14 and FCGR3A (CD16) expres-
sion levels (Fig. S1), supporting the “monocyte continuum”
theory [38]. Classical monocytes, also known as inflamma-
tory monocytes, highly expressed CCR2 (Fig. S1) and were
reported to be precursors of tissue-resident macrophages
[39]. Additionally, we noticed that a group of macrophages
highly expressed the growth factor gene PPBP, a potent
cytokine and activator of neutrophils, and mostly turned
into CCR2* monocytes at high velocity (Fig. 2C), which
might have recently differentiated from common myeloid
precursors.

Additionally, we noticed that nonmetastatic LNs enriched
a group of neutrophils (Fig. 2D), which possessed very lim-
ited marker genes and showed low total RNA abundance
(Fig. S2A and B). However in the metastatic LN from B3
patient, neutrophils reduced and inflammatory macrophages
infiltrated (Macrophages.CCL3.4, a group highly expressed
M1 signatures as shown in Fig. S2C), suggesting the antitu-
mor functions of macrophages in metastatic LNs.

Macrophage heterogeneity correlated
with tumor-related spatial specificity and clinical
outcomes

By retrieving macrophages only in LN and solid tissue
(Fig. 2E, Table S4) and mapping them to the expression
profiles of inactivated monocytes and tumor-associated mac-
rophages (TAMs, GSE117970) (Fig. S3A and B), we found
that Mac.CCL3.4 might play antitumor functions by express-
ing high M1 but low M2 signatures (Fig. S3C). Remarkably,
Mac.FABPS expressed relatively high signatures of both M1
and M2. Mac.CCL3.4 and Mac.FABPS5 showed a recipro-
cal relationship, where Mac.CCL3.4 decreased and Mac.
FABPS increased from normal to tumor tissues (Fig. 2F and
S3D). More importantly, Mac. FABP5 showed higher spatial
colocalization with tumor cells than Mac.CCL3.4 (Fig. 2G).
Such evidence suggested that macrophage polarization was
heavily dependent on the environment, where Mac.CCL3.4
was tissue-resident and Mac.FABPS was tumor-associated.
CCL3 and CCLA4 proteins are known as pro-inflammatory
chemokines [40], while FABPS5 played roles in fatty acid
metabolism and was reported to facilitate tumor growth
in many cancers [41, 42]. Using WGCNA, we located the
gene module correlating with Mac.FABP5 (Fig. S4A and
B). High expression of this gene module predicted worse
survival (Fig. 2H).

By combining RNA velocity and pseudotime analysis, we
also uncovered the macrophage evolution path (Fig. 2 and
S4C). Mac.marker-low was the initial and neutrophil-like
type, which developed into Mac.FABP5 and Mac.FOLR2.
F13A, a group of macrophage reported to be associated with
T cell infiltration [43], in tumor tissue. Then, both clusters
transformed into Mac.GPR183 (GPRI83 was reported to
promote macrophage migration [44]), which could also
originate from Mac.CCL3.4, a cluster of normal tissue-
resident macrophages. Finally, Mac.GPR183 evolved into
Mac.S100A8.9, the terminal of macrophage polarization. In
previous studies, SI00A8/A9 expressions on macrophages
were report to promote tumor growth through several mech-
anisms [45, 46].

Cytotoxic T cells in tumor sites evolved in a separate
path from those in the circulatory system

In total, we obtained 18 subtypes in cytotoxic cells, includ-
ing CD8* T cells and natural killer (NK) cells (Fig. 3A and
S5A, Table S5). Cells could be grouped by tissue types in
UMAP (Fig. 3B). Most innate lymphoid cells (ILCs), includ-
ing NK cells, natural killer T cells (NKT) and gamma delta
T cells (GDTs), were observed in PBMCs, while CD8"
effector memory (EM) cells were more widely distributed
in tumor and normal tissues than in LNs and PBMCs, except
for metastatic LNs in B3 patients (Fig. S5B).
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Fig.2 Myeloid cells exhibited microenvironment-dependent plastic-
ity and showed clinical outcome relevance. A UMAP visualization of
myeloid cell distributions based on histologic origin. B UMAP visu-
alization of myeloid cell subtypes. C Velocity plot of the UMAP of
monocytes from PBMCs. D Histogram of myeloid subtype composi-
tions in the four patients. E UMAP visualization of LN- and tissue-
infiltrated macrophage subtypes. F Paired dot plot showing cell clus-
ter proportions between normal and tumor tissue in the four patients.

For CD8* T cells, we observed two separated lineages
constructed by pseudotime analysis (Fig. 3C). One evolved
along the activation of peripheral T cells, while the other
evolved along tumor-infiltrating T cells. T cells along the
tumor infiltration path exhibited extremely high prolifera-
tion rates, where most effector cells were in the G2 or M
phase of the cell cycle (Fig. 3D and S6A), especially in
the CD8.EM.AP1 subtype. Three terminals were observed
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G Spatial heatmaps and dotplots showing the cell colocations of
tumor cells and the two groups of macrophages in tumor tissue. Cell
colocation scores were estimated by Spearman correlation of normal-
ized scores of corresponding cell groups. H Survival plot of patients
from METABRIC based on Mac.FABPS signature gene scores. I
Velocity plot on the diffusion map of LN- and tissue-infiltrated mac-
rophages

in this path (Fig. 3C). Terminal 1 highly expressed heat
shock protein (HSP) genes, suggesting that they were
undergoing stress stimulation, which was possibly caused
by the preparation of the cell suspension. Terminal 2 was
observed on cells highly expressing the AP1 family, mito-
sis and effector genes such as IFNG (Fig. 3E), suggesting
that they were activated T cells, which perform killing
functions and undergo cell proliferation. Based on their
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Fig.3 Cytotoxic cell heterogeneity. A UMAP visualization of cyto-
toxic cell subgroups. B UMAP visualization of cytotoxic cells
labeled by histologic origin. C Pseudotime trajectories on UMAP. D
UMAP visualization of cytotoxic cells labeled by cell cycle phases.
E Dot plot of features from CD8+T cell subgroups. Pathway signa-
ture genes were collected from REACTOME. Gene scores were cal-
culated based on the expression of the top 30 positively correlated

RNA velocity, these cells were turned into CD8.EMs (Fig.
S6B), whose checkpoint inhibitor genes were upregulated
accompanied by downregulated /FNG. Terminal 3, mostly
occupied by CD8.EM.terminate cells, represented terminal
effectors at the end of T cell activation. Compared to CDS.
EM cells, they upregulated cytotoxic genes such as GZMB
and GNLY (Figs. 3E and S6C) and enriched the inflamma-
tory response pathway (Fig. S6D). The hypoxia pathway
was also enriched in these cells, which further demon-
strated their deeper tumor infiltration [47, 48] compared

genes. F UMAP visualization of CD8+T cells in nonmetastatic and
metastatic LNs. G Heatmaps of CD8+cell MH similarities among
tissues. H Boxplot of TCR Shannon entropy in each CD8 + subgroup.
I Hallmark pathway enrichment plot comparing two CD8 + terminal
effector cell groups. J Survival plot of METABRIC patients with
chemotherapy based on ME1 gene model expression

to the nonterminal effector cells. Notably, these cells had
higher expression of ITGAE (Fig. 3E), indicating that a
considerable portion of CD8.EM.terminate cells were tis-
sue-resident memory T cells (Trms), which were described
as highly exhausted in many tumors. However, these cells
were not the most exhausted subtype. Instead, a group of
EMs (CD8.EM.HLAII) with high expression of HLA II
genes and possibly to be antigen-presenting T cells [49]
were among the most exhausted (Fig. 3E).
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CD8* TCR tracking confirmed common neo-antigens
existence across tumor and metastatic LNs

TCR is helpful in tracking clonotype expansion. We noticed
that CD8™* cells in metastatic LNs were mostly effectors
and undergoing T cell exhaustion, while in nonmetastatic
LNs they were less activated (Fig. 3F). TCR clonotypes of
CD8™ cells from the metastatic LN were in higher similarity
(MH=0.86) with CD8" cells in the corresponding tumor,
when compared to those between nonmetastatic LNs and
tumors (MH = (0.65, 0.20, 0.28), Figs. 3G and S7A). These
results indicated that tumor cells in the primary site and
metastatic LNs provoked very similar clonotypes of cyto-
toxic T cells, suggesting that common neo-antigens existed
across primary and metastatic sites, and targeting the those
antigens could be helpful to tumor clearance in both primary
and metastatic sites in adaptive immune therapy.

Similar to clonotypes in nonmetastatic LNs, PBMC clo-
notypes also showed low overlap with tumor-infiltrating T
cells, except for B1 patients (Figs. 3G and S7A). Focusing
on the highest four shared clonotypes in PBMCs and tumors
of B1 (Fig. S7TB-D), we found that three out of four were
activated along the PBMC path and then ended up in ter-
minal effectors in tumors, providing evidence that T cells
could be activated in peripheral blood possibly by circulat-
ing tumor antigens, then infiltrate into the tumor site and
perform effector functions.

Great differences existed between T cells in PBMCs and
in tumor tissue. Tumor T cells, including CD8.EM and CD8.
EM.terminate, were expanding, resulting in a lower TCR
diversity than recently active and naive cells (Fig. 3H). How-
ever, their diversities were much lower than those of effec-
tors in PBMC:s. The effector cytokine genes and cell-killing
abilities in tumor CD8™ T cells were also significantly lower
than those in PBMCs and even lower than those in recently
activated T cells in LNs (Fig. 3E). Pathway enrichment anal-
ysis showed that although some antitumor pathways were
observed in tumor effectors compared to PBMC T cells, they
mostly enriched dysfunctional signaling pathways, such as
hypoxia (response to a low oxygen environment and enhanc-
ing T cell infiltration [47, 48]), TGFB and MTORCI1 signal-
ing (exert prometastatic effects [50] and T cell autophagy-
induced immunosenescence [51]) and apoptosis (Fig. 31).

Activated CD8" T cell showed high tumor specificity
and their stemness correlated with survival

By WGCNA, we found three gene modules (Fig. S8A) that
were significantly correlated with CD8" T cell differen-
tiation. ME1 correlated with tumor CD8% cell activation,
while ME2 and ME3 correlated with peripheral activa-
tion and CD8™" T cell stemness, respectively (Fig. S8B-D).
Consistently, the spatial transcriptome indicated that CD8*
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cells with ME1 signatures were more highly enriched and
showed higher colocalization with tumor cells than cells
with ME2 and ME3 (Fig. S8F—H). Overall, ME3 signatures
were significantly associated with clinical outcomes (Fig.
S8E), indicating that the accumulation of naive CD8" T cells
suppressed tumor growth. However, in patients with chemo-
therapy, ME1 predicted improved patient survival (Fig. 3J),
indicating that infiltrating CD8" T cell responses to antigens
released by chemotherapy could help to maintain long-term
tumor resistance after surgery.

CD4* T cells in metastatic LNs showed high
consistency to those in tumors

CD4* subtypes also showed tissue preference (Figs. 4A, B
and S9A, Table S6). CD4" Th1/17 cells could be observed
in both normal and tumor tissue performing antitumor
functions, while Treg cells were highly enriched in tumor-
induced immune suppression. Meanwhile, follicular helper
T cells (TFHs) and naive cells were mostly observed in LNs
and PBMCs.

Similar to CD8™ cells, CD4" cells in metastatic LNs dis-
played significant phenotypic differences to those in non-
metastatic LNs (Fig. 4C). In metastatic LNs, CD4" cells
majorly differentiated into effector regulatory T cells (Tregs)
and Th1/17, which showed high consistency to CD4% cells
in tumor. In line with this, TCR clonotypes in metastatic
LNs were in higher similarity to tumor compared to those
in nonmetastatic LNs (Fig. 4D), also providing evidence of
common antigen existence across tumor sites and metastasis
LNs.

In general, CD4" cells did not evolve at fast rates based
on RNA velocity. In line with this observation, CD4* cells
did not show fast clonotype expansions compared to CD8*
cells, thus displaying a relatively high TCR diversity (Fig.
S9B), which is also consistent with previous studies [20,
52]. Tregs in PBMCs have extremely low TCR diversity due
to their very limited cell number. The second lowest diver-
sity was observed in a group of exhausted cells (Fig. S9C).
Notably, in addition to exhaustion markers, they also highly
expressed ITGAE (Fig. 4E), a tissue-resident cell marker,
and CXCLI13, an exhaustion marker [27] correlating with
improved survival and immune cell tumor localization [53].

In CD4* cell activation, two separate paths were observed
(Fig. 4F), connecting the circulating system and solid tis-
sues. One represented Th1.Th17 differentiation, while the
other represented Treg activation, suggesting that in the
circulatory system, CD4*% T cells already diverged before
they infiltrated into tumors. In addition, by WGCNA, we
obtained two gene modules (Fig. 4G), among which ME2
was Treg-specific and showed a negative correlation with
overall survival, as expected [54] (Fig. S9D). ME2 also
showed higher expression than ME1 but less tumor cell
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Fig.4 CD4" T cell heterogeneity. A UMAP visualization of CD4*
T cell subgroups. B UMAP visualization of CD4* T cells labeled by
histologic origin. C UMAP visualization of CD4* T cells in meta-
static and nonmetastatic LNs. D Heatmaps of CD4 T cell clonotype
MH similarities among tissues in B1-4 patients. E Dot plot of fea-
tures from CD4 T cell subgroups. Pathway signature genes were
collected from REACTOME. Gene scores were calculated based on

colocalization (Fig. 4H and I), suggesting that Th1.17 cells
were more tumor-specific, while Tregs were more broadly
distributed and with higher abundance.

Only a small proportion of B cells infiltrated
the tumor to perform antitumor functions
but also showed exhausted status

We obtained 6 subtypes of B cells (Fig. 5A, Table S7), most
of which were found in LNs except the metastasis subtype in
B3 patients (Fig. 5B). The most predominant subtypes were
naive and class-switched B cells, which could be identified
by the expression of the IG family (Fig. S10). As shown in
Fig. 5C, three B cell differentiation paths were observed,
originating from naive B cells to plasma cells (diffusion

expressions from top 30 positively correlated genes. F Cell differenti-
ation path on UMAP combined by RNA velocity and pseudotime tra-
jectories. G UMAP visualization of two gene model scores generated
by WGCNA. Cell colocations between tumor cells and two groups of
CD#4 cells in tumor tissue in published data (H) and B8 patient (I).
Cell colocation scores were estimated by Spearmen correlation of
normalized scores of corresponding cell groups

component 1, DC1), tumor-infiltrated exhausted B cells
(DC2) and class-switched B cells (DC3). Of all subtypes,
only plasma cells showed relatively high clonotype expan-
sion (Fig. 5D).

B.cells.NR4A1/2/3 were mostly tumor-infiltrating B cells.
They highly expressed CD83 (Fig. S10), an activated B cell
marker, which was reported to promote toxoid-stimulated
B cell proliferation, dendritic cell-mediated T cell prolif-
eration and the expression of IFNG and ILI17A [55]. Gene
set enrichment analysis (Fig. SE) revealed that compared
to class-switched B cells, B.cells.NR4A1/2/3 enriched the
inflammatory response and performed antitumor activi-
ties through TNFA signaling, IL2 signaling and the IFN-y
response. However, high enrichment of hypoxia and apopto-
sis pathways in these subtypes demonstrated their exhaustion
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status. Although this subtype did not show prognostic rel-
evance, the expression of the IG family predicted patient
survival (Fig. S11), suggesting that the contribution of B
cells to the antitumor community [56, 57] might be related
to their expression levels of specific antigens rather than
cell abundance.

Fibroblast heterogeneities correlated with patient
survival

Fibroblasts were the most abundant nonimmune cells we
found in both tumor and normal tissues. Based on their dif-
ferentiation path (Fig. 6A and B), we clustered them into 4
subgroups: normal fibroblasts, cancer-associated fibroblasts
(CAFs), wound-healing fibroblasts and stress-responsive
fibroblasts that highly expressed heat shock proteins and
AP-1 family genes (Fig. 6C, Table S8).

CAFs were found to be highly enriched in tumor tissue
and showed extremely high similarity to those in published
data (GSE29270, Fig. S12A and B). They widely expressed
collagens and MMPI11 (Fig. S12C), a gene recently found
to hinder CD8™" T cell infiltration and significantly shorten
survival [58, 59], as well as a series of genes maintaining
CAF activities and modulating the tumor EMT process, such
as FNI [60], SPARC [61], and CTHRC1 [62].

Normal fibroblasts could be the origin of CAFs. They
were observed in both tumor and adjacent normal tissue
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(Fig. S12A) and highly expressed antitumor genes, such as
CCL2, TNFAIPG6 and IRF 1, as well as TAC1, an inducer of
vasodilators and secretagogs with antimicrobial properties.
However, the cell proliferation-suppressive gene BTG2
was upregulated in these cells, indicating their quiescent
status and the limited pro-inflammatory functions.

The other two branches of fibroblast development were
wound-healing and stress-responding fibroblasts (Fig. 6B
and C). The former highly expressed extracellular matrix
organization- and wound-healing-related genes, such as
CCN5, TNXB, IGFBPS5 and IGFBP6, representing regular
responses to tissue damage. The latter highly expressed
heat shock protein genes and AP1 family genes, exhib-
iting stress responses possibly caused by experimental
treatment.

By WGCNA, we identified a gene module that was sig-
nificantly correlated with developmental changes from nor-
mal fibroblasts to CAFs (Fig. 6D). Combined with the tumor
spatial transcriptome (Fig. 6E and F), we found that CAFs
showed less colocalization trends than normal fibroblasts,
suggesting a wider distribution and less tumor specificity
and inferring that CAFs might have wider communications
with nontumor cells and play extensive roles in forming a
suppressive microenvironment. Consistently, negatively cor-
related genes in this model predicted better overall survival
(Fig. 6G), confirming the contribution of CAFs to tumor
progression and normal fibroblasts to tumor suppression.
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Fig.6 Fibroblast heterogeneity. A UMAP visualization of fibroblast
subgroups. B Diffusion map 3D visualization showing fibroblast dif-
ferentiation paths. C Pseudotime trajectory of fibroblast differentia-
tion. D UMAP visualization of expression scores from positively and
negatively correlated genes along with CAF development. Spatial
heatmaps and dotplots showed cell colocations between tumor cells

Cell interactions shaped an immunodeficient
microenvironment and influenced the circulatory
system

Before cell interaction analysis, we identified tumor cells
with abnormal copy number alterations (CNAs) in chroma-
tin (Fig. S13A). By comparing these cells to METABRIC
transcriptome data, we found high consistency between our
cancer type annotations and claudin subtype classifications
from METABRIC (Fig. S13B), confirming that single-
cell transcriptome signatures were in line with bulk RNA
sequencing data and providing typical features from different
BC subtypes (Fig. S13C and D).

and two groups of CD4 +cells in tumor tissue in published data (E)
and B8 patient (F). Cell colocation scores were estimated by Spear-
man correlation of normalized scores of corresponding cell groups. G
Survival plot of METABRIC patients based on negative CAF-corre-
lated gene scores

With 59 groups of cells we identified (Fig. 7A), the land-
scape of tumor microenvironment was constructed by cell
colocations and interactions (Fig. 7B and C). Three major
clusters could be observed in the heatmap of cell colocations
(Fig. 7B). Cluster 1 could be represented by naive T cells,
neutrophils and TFHs, which helped the maturation of T
cells. Cluster 2 could be represented by naive B cells, class-
switched B cells, TFHs, and monocytes, which were related
to the maturation of B cells. Cluster 3 mostly occupied by
NK cells, T cells and tumor cells, representing the terminal
immune responses against the cancer.

From the cell interaction network, CAFs were found to
contribute the most to outgoing roles (Fig. S14A and B),
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sending a series of signaling molecules to trigger biological
responses in other cells. CAFs also did not show high colo-
cation with other cell types (Fig. 7B), suggesting they widely
distributed in tumor site. Most of the molecules CAF sent
were reported to promote tumor growth and shorten survival,
such as CXCL12-CXCR4 signaling targeting CD8* effec-
tor cells to attenuate their infiltration [63], LAMA4-CD44
targeting CD4 cells to inhibit Th1 and Th17 proliferation
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but favor Treg induction [64], PTN-NCL signaling target-
ing tumor cells to mediate their growth and angiogenesis
[65], and THY 1-ITGB2 signaling myeloid cells that secrete
exosomes to tumor cells facilitating metastasis [66] (Fig.
S14C). Conversely, CAFs could inhibit apoptosis of CAFs
themselves through FN1/COL1A1-SDC1 signaling and
maintain fibroblast stemness by PERIOSTIN signaling, con-
solidating normal fibroblast to CAF transaction. However,
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we also found some signaling pathways that may help tumor
clearance in CAFs, such as ANXA1-PFR1 signaling target-
ing myeloid cells to facilitate the phagocytic uptake of dead-
cell antigens, thus enhancing their immunogenicity [67].

Tumor cells were found to have impacts on all type of
cells especially the CD8* T cells and myeloid cells mechani-
cally and spatially (Fig. 7B and C). TNBC cells, as the BC
subtype with the highest immunogenicity, were found to be
the most involved in cell interactions and served primarily
outgoing roles compared to the others (Figs. 7C and S14B).
In TNBC, tumor cells highly interacted with CD8* T cells
and myeloid cells (Figs. 7C and S15A). TNBC tumor cells
could recruit CD8" T cells and myeloid cells through the
CX3CL1-CX3CR1 axis, facilitating immune infiltration
[68]; TNBC tumor cells expressed higher levels of HLA-I
molecules, resulting in higher antigen-presenting capability.
Conversely, TNBC tumor cells helped transfer myeloid cells
into suppressive cells via JAG1-NOTCH2 [69] and IL34-
CSFIR [70]. MIF, an immunosuppressive factor [71], was
observed to be expressed at higher levels in TNBC tumor
cells targeting both CD8* T cells and myeloid cells. Col-
lectively, these observations explained the double faces of
TNBC: higher immunogenicity and immune infiltration but
also a more suppressive microenvironment.

Unsurprisingly, there were many other cells that helped
construct an immune-suppressive microenvironment, facili-
tated tumor growth and even affected the circulating immune
system. For example, through VEGF signaling, a group of
cell types mediate angiogenesis and the immunosuppres-
sive tumor microenvironment [72], including macrophages,
DCs and smooth muscle cells (Fig. S15B). Wound-healing
fibroblasts expressed CSF/ to stimulate both tissue-resident
and cycling myeloid cells into suppressive cells (Fig. S15C).
M2-like macrophages Mac.FABPS5 expressed LGALS9 tar-
geting both micro- and macroenvironmental immune cells
by cell—cell interactions or exosomal delivery to modulate
systematic immunodeficiency [73, 74] (Fig. S15D).

T cells showed high colocation with tumor cells and also
were the most signal responder cells, especially CD8% cells
(Figs. 7B, S14B and S16A). For example, B cells targeted
both CD87 cells by CD22 and enhanced the interactions
through a positive feedback loop, which was associated with
better prognosis [75]. Through SPP1 signaling, macrophages
control CD8" cell activation and tumor immune evasion
[76]. Through SELE signaling, endothelial cells mediate
the accumulation of CD8" T cells at sites of inflammation.
In CD4 +cells, except for LAMININ and CD22 signaling,
as mentioned above, FASL-FAS, a cell death signaling path-
way, was observed in NK cells in PBMCs targeting Tregs
in tumors (Fig. S16B), suggesting that PBMC NK cells
might help suppress the activities of Tregs in tumors. Thus,
facilitating NK-cell infiltration could help relieve immune
suppression.

In general, cell subtypes were highly interactive with each
other. Fibroblasts, macrophages and tumor cells were the
most active contributors to forming an immune-suppressive
microenvironment and affecting the macroenvironment,
while CD8™ T cells were the most interactive responders
affected by the microenvironment to reduce cytotoxicity.

Discussion

In this study, we performed single-cell and spatial transcrip-
tome analyses on tumor microenvironments and systematic
macroenvironments and found heterogeneities and tidal con-
nections in all types of cells from both solid tissue and the
circulating system in BC. BCs are considered to possess low
immunogenicity and mutation burdens. In such a context,
immune infiltration and activation are considerable key fac-
tors in defining disease etiology and treatment responses.
Here, we identified multiple cell types in high resolution
with spatial information and discovered how these cells
evolved in different environments in BC. It is important to
elucidate the evolutionary differences between immune cells
in the circulatory system and the tumor microenvironment.
The response for targeted and immune therapies would be
different for cells in different niches. Understanding such
heterogeneity could help to predict responses and side
effects of related therapies.

With spatial information, we investigated tumor spatial
specificity for each cell group. Activated CD8™ cells showed
higher tumor spatial specificity than naive CD8" cells, con-
sistent with their antitumor function. Interestingly, we found
some cell groups, which induced immune deficiency, had
less tumor spatial specificity, for example Tregs and CAFs.
These results suggested they could have board effects on
other cells especially immune cells to construct immune
suppressive environment. On the contrary, a TAM-like cell
group Mac.FABPS possessing both M1 and M2 signature,
showed higher tumor spatial specificity than pro-inflamma-
tory macrophages, indicating these cells might be induced
by tumor cells directly. Such analyses improved our under-
standing of how tumor cells interact with others and how
tumor microenvironment established.

LNs are essential in connecting solid tissue with the sys-
tematic immune environment. LN metastasis has shown high
clinical outcome relevance in BC. Recently, K. Xu et al.
identified cancer stem cells evolved into metastatic clusters
and infiltrated into lymph nodes [17]. However, how micro-
environment changes in metastatic LNs is less elucidated.
It was reported only in colorectal cancer that metastatic
LNs showed significantly lower TCR diversity and higher
frequencies of tumor-shared TCRs than nonmetastatic LNs
[77], which was highly consistent with our observation in
BC. In addition, we observed that the functions of T cells
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in metastatic LNs also showed high similarities to those of
tumor-infiltrating T cells. Concomitantly, pro-inflammatory
macrophages were significantly upregulated in metastatic
LNs, accompanied by a decrease in B cells and neutrophils.
The microenvironment of metastatic LNs was changed
toward a tumor-like status. Given that LNs are considered a
tissue to activate antitumor immunity, where antigen-specific
effector T cells are generated, this observation supported the
high possibility that TCR-sharing T cells in metastatic LNs
and tumor sites were tumor antigen-specific. Previous stud-
ies showed that infiltration of total CD8* T cells was con-
founded by the presence of bystander T cells [78, 79]. Con-
sidering TCR clonotypes with co-occurrence in both tumor
site and metastatic LNs could be a useful way to distinguish
the true effector cytotoxic T cells from the bystanders, which
is important for developing personalized TCR-T therapies.
There are two prevailing and mutually inclusive theories
describing tumor genesis [80]: somatic mutation theory and
tissue organization field theory. The former is emphasized
by tumor cells and their driver mutations that cause gain or
loss of tumor-related genes. The latter describes cancer as a
systematic disease that is caused by the dynamic and recip-
rocal relationship between cancer cells and their microenvi-
ronment, where stromal cells mostly contribute to restrain-
ing or promoting tumorigenesis. Here, we confirmed that
CAFs send most molecular signals to other cells, acting as a
primary key regulator in forming the tumor microenviron-
ment. To date, there are no specific markers that can clearly
distinguish CAFs from normal, resting fibroblasts [81].
Analogously, we observed a continuous path for fibroblasts
differentiating into CAFs, where no clear edge could clearly
separate CAFs from other fibroblasts. In addition, wound-
healing fibroblasts are also involved in tumor progression,
while normal fibroblasts might contribute to antitumor func-
tion. So far, CAF targeted therapy has not been clinically
successful, in part due to a lack of understanding of CAF
heterogeneity and function [82]. Our data gained insight into
the heterogeneities of tumor fibroblasts and revealed related
differentiation paths as well as their communication with
tumor cells and immune microenvironments, which could
help us to understand and develop CAF targeted therapy.

Conclusion

This study revealed the cell structures of both micro- and
macroenvironments, revealed how different cells diverged
in related contexts as well as their capacities for prognosis
and provided useful information for developing targeted and
immune therapies for BC.
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