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Abstract
Introduction:

Spatially de�ned cellular interaction and crosstalk are eminently important in deciphering key molecular
messages driving oncogenesis and disease progression. To date, methods enabling high-plex true
single-cell resolution pro�ling under spatial settings are gradually becoming available and those majorly
include the expansion of spatial transcriptomics (ST) being utilized.

Results:

Through in-depth spatial single-cell pro�ling on four breast cancer (BC) tissue samples bearing distinct
biological characteristics, we evaluated the analytical performance benchmarked against conventional
pathology and by selecting pre-de�ned region-of-interests (ROIs), we consolidated the technical
robustness of this method in de�ning different molecular subtypes at the transcript level matching with
canonical immunohistochemistry. Moreover, we demonstrated that high-dimensional ST data is capable
of identifying a major cellular network inter-wired via macrophage and cytotoxic T cells interaction in
tumor adjacent cellular neighborhood via PD-L1/CD80 and CD86/CTLA4 axis, a phenomenon re�ecting
an improved PD-1 mediated drug response observed clinically. By incorporating open-source
computational methods (Tangram and SpaGE), we found compatible inference tools for in-situ
expression imputation, an approach generalizable to enable deeper spatial pro�ling using Xenium in-situ
or other parallel approaches.

Discussion:

Our spatial single-cell ST sets as a technical and analytical prototype for those using similar approaches
for high-dimensional in-situ pro�ling work.

Materials:

We applied a newly developed spatial single-cell technology (Xenium in-situ) to interrogate the spatial
single-cell architecture of the complex tumor microenvironment on a set of breast cancer patient tissues
(luminal-type, HER2 2+/HR- and triple negative breast cancer, TNBC) and benchmarked against multiple
clinicopathological features using bioinformatic tools.

Introduction
Understanding the spatial organization and composition of tissues or organs is indispensable to
unraveling elusive questions that remain unanswered by bulk or even single-cell pro�ling approaches (1).
In recent years, spatial multi-omics technologies have made signi�cant strides in addressing complex
biological questions, especially within disease contexts (2–11). At the mRNA level, spatial
transcriptomics (ST) has emerged as a powerful discovery tool that measures mRNA expression in a
spatial-resolved manner, mainly by in-situ mRNA capturing, in-situ sequencing, cyclic probe hybridization,
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or other approaches (9, 10, 12, 13). At the protein level, spatial proteomics (SP), with a limited number of
detectable protein targets, has been applied to validate biomarkers at the single cell or cellular
neighborhood levels, usually employing multiplex Immunohistochemistry or cyclic Immuno�uorescence
with labeled antibodies, or mass spectrometry-based methodologies (3, 11, 14, 15).

First-generation ST technologies face a trade-off between the target multiplexity and spatial resolution.
The technologies generally acquire expression pro�les from small cell-clusters using docking array spots
or pre-de�ned region of interest (ROIs) (16–18), which cover almost the entire transcriptome but are not
able to achieve single-cell resolution. Bioinformatics methods have been developed to bridge this gap by
deconvoluting cellular phenotypes from small-bulk expression data and by incorporating single-cell RNA-
seq (scRNA-seq) data, which led to the imputation of cellular composition at near single-cell resolution
(19, 20). Cell-cell communication (CCC), often inferred from protein-protein interactions and ligand-
receptor co-expression obtained via RNA-seq of small bulk samples, has also been used to map mRNA
expression within speci�cally localized cells (21, 22). However, even with sophisticated bioinformatics
techniques, accurately predicting complex cross-talk behaviors, such as autocrine, paracrine, and
juxtacrine interactions, remains a signi�cant challenge (21, 22). Therefore, spatial transcriptomics at true
single cell resolution is urgently needed for more accurate dissection of the tumor microenvironment
and many other diseases.

The recent advance of the second generation of ST can obtain spatial transcriptomic data at a single-cell
resolution, which opens a new avenue especially in the cancer microenvironment and immunotherapy
research �eld. Most of these technologies are imaging-based, using in-situ �uorescence cycling,
decoding, and quanti�cation in series, including MERSCOPE, Spatial Molecular Imager (SMI), and Xenium
(23–25). Others use high-density index oligo matrix to capture mRNA via poly A tails at single cell or sub-
cellular resolution such as Stereo-seq (26). Once emerged, these technologies have been quickly applied
to address key questions in development biology, organogenesis, neuroscience, oncology and other
diseases (25, 27–29).

Breast cancer (BC) has become a focal point for studies employing spatial transcriptomic and proteomic
technologies (14) (30) (31, 32) (33). Spatial transcriptomics, in particular, has been instrumental in
examining the breast cancer TME. This includes spatially-resolved pro�ling on mammalian breast
tissues and the study of multicellular organization in HER2-positive breast cancer (34, 35). Preliminary
studies have also been carried out on breast cancer to explore both intratumor and intertumor
heterogeneity (36). However, despite these advances, the current transcriptomic data are still not
comprehensive enough to elucidate the intricate interactions and crosstalk occurring at the single-cell
level across various breast cancer types.

In this study, we characterized the complex TME across a diverse set of breast cancer tissues: two
luminal types, one HER2 2+/HR-, and one triple-negative breast cancer (TNBC), each with unique clinical
and pathological features, using the Xenium spatial single-cell transcriptomics technology (25). Our
proprietary bioinformatics pipelines for the spatial single-cell transcriptomic data, have proven to be
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robust and enable the accurate mapping of cellular phenotypes at the single-cell level. The results
indicate that the samples with distinct clinicopathological features demonstrated varied immune pro�les
in the tumor-enriched regions, which were organized via different spatial cellular crosstalk or, to a higher
order, their representative cellular neighborhood composition. Notably, the true single-cell spatial
resolution enabled precise mapping of cell communication mediated through ligand-receptor
interactions in the BC TME, suggesting potential avenues for the development of predictive or prognostic
biomarkers.

Materials and Methods
Tissue Selection Criteria and Ethical Approval

To capture a range of tissue microenvironment-associated characteristics, four patients with diverse
clinical and pathological pro�les were chosen. The selection included two cases of luminal type breast
cancer (LBC), one HER2 2+/HR- breast cancer, and one case of triple-negative breast cancer (TNBC),
classi�cations based on immunohistochemistry (IHC). The samples were collected post-treatment,
subsequent to neoadjuvant chemotherapy or PD-1 immunotherapy. Among these patients, two presented
with lymph node metastatic carcinoma characterized by extensive tumor in�ltration and lymphatic
invasion - one TNBC and one HER2 2+/HR-. The remaining two samples were collected from a recurrent
LBC that had metastasized to the chest wall and from an LBC with lung metastasis, respectively. All
specimens were formalin-�xed and para�n-embedded (FFPE) and archived before the experiments. The
utilization of all clinical materials received approval from the Ethical Review Board of the Cancer Hospital
Chinese Academy of Medical Sciences (National Cancer Center), under clinical registration number
22/074-3275.

Clinical Charting and Histopathological Characterization of Breast Cancer Tissues

The clinical details for the samples included in this study are presented in Supp. Table 1. We assessed
the universal histological markers typically evaluated in breast cancer tissues using
immunohistochemistry (IHC), including the Estrogen receptor (ER), HER2, progesterone receptor (PR),
and Ki-67. In addition, individual samples underwent further IHC analysis to evaluate androgen receptor
(AR), GATA3, cytokeratin 5/6 (CK5/6), E-cadherin (E-cad), EGFR, P53, NapsinA, TTF-1, and PD-L1. The
results of these histological assessments are shown in Supp. Table 1.

Pathological Evaluation Using Immunohistochemistry (IHC) Staining

Immunohistochemistry (IHC) was conducted on a Ventana Benchmark Autostainer (Roche Diagnostics)
or a Bond automation system (Leica, Bond Max) using protocols established under clinical pathological
standards. Tissue sections, 5µm thick, were initially heated to 75°C, depara�nized in EZ Prep (Roche),
and then dehydrated in a ethanol series (80%, 90%, 95%, 95%, 100%) (Beijing Yili Fine Chemicals).
Antigen retrieval was performed using Cell Conditioning 1 (CC1, Roche) before the application of primary
antibodies. The speci�c primary antibodies, detailed with clone numbers, were incubated for 16–28
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minutes at optimized concentrations (ER: SP1, PR: 1E2, HER2: NEU from Roche, and Ki-67: MIB-1 from
Gene Technologies). Additional primary antibodies are listed in Supp. Table 2. A horseradish peroxidase
(HRP)-conjugated secondary antibody (Roche) was applied subsequently, followed by colorimetric
ampli�cation with DAB chromogen and hematoxylin counterstaining. Experienced pathologists
conducted all histological assessments, and representative images were captured at 100x and 200x
magni�cation using a KFBio imaging station.

Spatial Pro�ling Using Xenium In-Situ Technology and Subsequent Hematoxylin and Eosin (H&E) Staining

FFPE tissues of 5µm thickness were sectioned and arranged on Xenium slides (10X Genomics, PN-
1000460) within speci�ed sample areas (10.45mm x 22.45mm). The sections were depara�nized in
xylene, rehydrated through a graded ethanol series, and then treated with permeabilization enzyme to
allow e�cient RNA exposure (Perm Enzyme B, 10X Genomics 3000553). This was followed by overnight
hybridization with Xenium DNA probes (Xenium Human Breast Gene Expression Probes 2000826,
detailed in Supp. Table 3) at 50°C using a thermocycler (Bio-Rad C1000). After hybridization, the padlock
DNA probes bund to target mRNA were ligated at 37°C (Xenium Ligation Enzymes A/B:
2000397/2000398) for 2 hours. Circularized DNA probes for each gene were PCR-ampli�ed in situ by
rolling circle ampli�cation (RCA), generating multiple copies of target-speci�c DNA barcodes. Gene
decoding was performed on the Xenium instrument (10X Genomics). Essentially, the work�ow takes a
cyclic approach and, in each cycle, �uorescence-labeled probes with complementary nucleotide
sequences for individual targets react with RCA products, and signals are x, y, z registered. DAPI nucleus
staining is used to allocate individual cells and for cell segmentation purposes using a built-in machine
learning algorithm. As the �uorescence-guided decoding process takes place, recorded four-colored
signal combinations are generated, counted and used to construct a gene-to-count matrix used for
downstream processing.

Samples were immediately proceeded with H&E staining after the Xenium decoding process. In general,
samples were washed in Mill-Q water for 2 mins and stained in hematoxylin (MHS16, Sigma Aldrich) for
20 mins, blued in bluing reagent (CS702, Dako) for 1 min, and then eosin (3801615, Leica) for 30 secs.
Samples were �nalized, dehydrated and covered with coverslips for digital imaging (Pannoramic MIDI,
3D Histech) at 40x magni�cation.

Raw Data Handling, Quality Control, Preprocessing, and Dimension Reduction

Raw data from the Xenium instrument's output, including feature-cell matrices and cell boundary �les,
were integrated into the Seurat V5 pipeline. During quality control (QC), we aimed to retain a broad
dataset, setting the inclusion criteria at a minimum of 5 gene features per cell and genes expressed in at
least 5 cells across the tissue. The gene count upper limit per cell was determined based on the
distribution of the number of features per cell. We assessed gene expression complexity by calculating
the log10 transformed gene feature count divided by the log10 UMI count (log10GenesPerUMI), setting
the acceptable range from 0.6 to 0.985. The expression matrix underwent log normalization following
the Seurat procedure. FindVariableFeatures from Seurat was utilized for the automated selection of
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highly variable genes, identifying 252 such genes in our dataset. Data were then z-scored using the
ScaleData function. For inter-sample integration, we applied the robust principal component analysis
(RPCA) method via the IntegrateData function. Post-merging, the data underwent another z-score
transformation to prepare for downstream processing. Dimension reduction was performed through t-
Distributed Stochastic Neighbor Embedding (t-SNE) or Uniform Manifold Approximation and Projection
(U-MAP), using the default Louvain clustering algorithm. To delineate clusters, the top 20 principal
components were extracted, and 34 clusters were de�ned at a resolution of one, employing the
FindNeighbors and FindClusters functions.

Spatial Single-Cell Referencing, Phenotyping, and In-Situ Projection

Cell type annotation was performed according to a pre-de�ned marker gene list (detailed in Supp.
Table 4). We initially annotated the main cell types: breast cancer epithelium using markers such as
EPCAM, KRT5, KRT6B, ERBB2, GATA3, and EGFR; breast glandular cells using SERPINA3 and DSC2;
immune cells using markers PTPRC, TRAC, and CD3E; �broblasts using SPARC, PDGFRA, and CCDC80;
smooth muscle cells using PDGFRB, MYH11, and ACTA2; and endothelial cells using PECAM1, VWF, and
AQP1.

Subsequent immune cell re-clustering, based on the top 15 principal components at a resolution of 0.8,
resulted in 23 identi�able clusters. These clusters were annotated as T cells (CD3E, CD3G), B cells
(CD19, CD79A, MS4A1), macrophages (CD68, CD163), myeloid cells (ITGAM), plasma cells (TNFRSF17),
monocytes (CD14, FCGR3A), natural killer cells (GNLY, NKG7, NCAM1), dendritic cells (CD83, FCER1A),
neutrophils (CEACAM8), and mast cells (CPA3, CTSG, TPSAB1). To delineate T cell subsets further, we
annotated them as CD4 + T cells (CD4), CD8 + T cells (CD8A, GZMB), regulatory T cells (FOXP3, IL2RA),
naïve T cells (SELL, CCR7), effector T cells (PRF1, CCL5), effector-memory T cells (IL7R, EOMES),
exhausted T cells (LAG3, TIGIT), and proliferative T cells (MKI67). For in-situ gene annotation, the feature-
cell matrix and cell boundary �les were utilized, and following the above described cross-sample data
merging, genes of interest were plotted using ggplot2. The same approach was applied for cell-type
annotation.

Gene Regulatory Network Analysis Using Cytoscape

We analyzed genes co-regulated with ESR1, PGR, and ERBB2 using data imported from the STRING
database, excluding any unconnected entities. The Cytoscape plugin CytoHubba was employed to
identify key regulatory networks, with the degree of connectivity score serving as a metric to determine
key nodes within these networks. The color intensity of the nodes corresponds to their connectivity
scores, while the intensities of edges re�ect the con�dence scores between linked nodes.

Cellular Neighborhood Analysis of Breast Cancer Samples

For the cellular neighborhood (CN) analysis, we de�ned a cell neighbor window as the 10 cells nearest to
each anchor cell, which is a cell designated as central within its respective neighborhood (15, 37). Each
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CN was quanti�ed as a collection of cell types, with frequencies summed to 100% based on our in-situ
cell annotations. We performed hierarchical clustering of CNs across all cells in a tissue using K-means
clustering within R (version 4.2.0), setting the number of clusters (K) to 10. The prevalence of each CN
type within individual samples was normalized so that the sum across the tissue equaled 100%, thereby
providing an estimation of the proportional representation of each CN type across the entire tissue
sample.

Region-of-Interest Selection Criteria Based on H&E and Xenium Data

Regions exhibiting neoplastic characteristics and adjacent stromal areas, serving as controls, were
delineated in all samples using hematoxylin and eosin (H&E) staining by a quali�ed pathologist. For
spatial analysis, 20 ROIs were chosen from tumor-enriched areas and 10 from immune-stromal areas in
each sample, resulting in a total of 120 ROIs with sizes ranging from 14,751 to 313,038 µm^2. We also
referred to paired IHC data for Ki-67 and HER2, in addition to H&E staining, to accurately identify the
tumor-immune interface for subsequent ROI selection. Spatial x-y indices of individual ROIs were
exported from the cell boundaries �les, generating an expression matrix for each ROI. Those data were
compiled and processed in the same way as described above.

Spatial Cell-Cell Interaction, Distance-Based Cellular Distribution, and Spatial Enrichment Analysis

To assess cell-cell associations at the pan-tissue level, we calculated the average expression levels of
individual genes across different cell types as annotated by Xenium, comparing gene-wise correlations
among all pairs. For interactions within speci�c ROIs, we employed the CellTrek R package, utilizing its
SColoc module to estimate spatial compositional differences between samples using Kullback-Leibler
divergence (KL). SColoc creates a minimum spanning tree (MST) to approximate spatial cellular
adjacencies, with graphical representations generated through its Graphical User Interface (GUI). In
these graphs, edges represent the strength of inter-cell type associations (with a threshold set at 0.3),
while colors and sizes denote cell type and frequency within each ROI, respectively.

For pro�ling based on spatial distance, we de�ned each anchor cell type according to Xenium
annotations and mapped the distribution of other cell subsets within a 100µm radius (38, 39). To assess
spatial enrichment of single-cell subsets, we �rst determined the proportions of individual cell types
within speci�c ROIs (denoted as Props-in-ROI). We then calculated the mean proportion of these cell
types across all ROIs (MeanProps-in-ROI) for de�ned phenotype groups, such as responders and non-
responders.

We further calculated the proportion of the same cell subsets across the entire tissue sample, referred to
as Prop-in-slide. We then calculated the enrichment score (ESscore) as the ratio of MeanProps-in-ROI to
Prop-in-slide (40). Additionally, we computed the standard deviation (SD) of cell proportions across the
ROIs (SDProp-in-ROI). To assess the consistency of cell type distribution across different ROIs, we
calculated the ratio of MeanProps-in-ROI to SDProp-in-ROI, yielding an estimate of inter-ROI variation
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(ESV). For visualization plotting, we also calculated the log-transformed proportional ratio
(Log(ESscore)) as Log10(MeanProps-in-ROI/Prop-in-slide).

Spatial Ligand-Receptor Analysis Using CellPhoneDB

The CellPhoneDB R package was employed to interrogate Xenium expression pro�les within prede�ned
tumor-enriched ROIs (41). Available ligand-receptor pairs with normalized expression data were
extracted, including PTPRC-MRC1, CXCL12-CXCR4, CD86-CTLA4, CD80-CTLA4, and CD274-CD80. A
permutation test was conducted to assess the co-expression levels of selected ligand-receptor pairs and
their co-occurrence probabilities relative to a null distribution generated from random pairs. The results
were then plotted for individual cell types. Signi�cance was established at a p-value threshold of 0.05,
with results displayed as the negative logarithm to the base 10 of the p-value (-log10(p-value)).

In-Situ Gene Imputation Test Using Xenium Data

To assess the e�cacy of current in-situ expression inference methods, we analyzed various input data
formats. Single-cell RNA-seq data, serving as the reference, were obtained from the 10X Genomics
preview dataset for human breast, which can be accessed at 10X Genomics Xenium in-situ Preview
Dataset for Human Breast. Additionally, in-house generated Xenium in-situ breast cancer data, derived
from this study, were utilized. Both normalized and non-normalized (raw) data formats were tested; for
the latter, outputs were further processed with or without normalization transformation. Two principal
spatial gene expression prediction algorithms were employed: SpaGE, which relies on k-nearest-neighbor
regression, and Tangram, which is predicated on a deep-learning approach (42, 43). The predictive
capacity of these algorithms was tested by split the Xenium in-situ expression data into three random
subsets, using two-thirds for model training and the remaining third to validate the predictions against
actual Xenium expression data. The accuracy of these in-situ gene prediction methods was evaluated by
comparing predicted and true expression values across selected ROIs, with the Pearson correlation
coe�cient serving as the measure of expression correlation.

Statistical Analysis Methods

All statistical analyses were conducted in R, version 4.2.0, employing speci�c packages as needed. The
primary basis for comparing sample groups was treatment e�cacy, categorized as PD-1 responders
versus non-responders. Analyses incorporated cell proportional ratios, cell distance metrics, and
frequencies within cellular neighborhoods (CN). A non-parametric Wilcoxon rank-sum test was utilized to
determine statistical signi�cance, with the following thresholds: not signi�cant (n.s.) for p > 0.05, * for p 
< 0.05, ** for p < 0.01, *** for p < 0.001, and **** for p < 0.0001. Bar graphs illustrate the mean expression
with standard deviation (SD), while box-and-whisker plots depict the 25th to 75th percentiles, with
whiskers extending from the minimum to the maximum values, including all data points.

Results
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Spatial Single-Cell Transcriptomics Elucidates Distinct Cell
Composition of Different Breast Cancer Types
We employed the Xenium spatial single-cell transcriptomics technology to analyze four breast cancer
samples with diverse pathological backgrounds: luminal carcinoma with chest wall metastasis (LBC-
Chest-Met), luminal carcinoma with lung metastasis (LBC-Lung-Met), HER2(2+)/HR- carcinoma with
lymph node metastasis (Her2+/HR-LN-Met), and triple-negative carcinoma at a lymph node metastatic
site (TNBC-LN-Met) (Supp. Table 1 and Fig. 1A). Using a 280-gene probe panel (10X Genomics, CA),
spatial single-cell transcriptomic data were generated for 1,224,277 cells in total, with counts ranging
from 99,803 to 627,775 cells per sample (Supp. Figure 1B). The speci�city of gene detection was
validated by comparing probe signal-to-noise ratios against internal spike-in controls (Supp. Figure 1C).
After �ltering cells with fewer than �ve detected genes, we retained 95.3% of the dataset, with a median
of 41.5 genes per cell (Supp. Figure 1D).

We constructed a knowledge-based marker gene chart for potential cell type annotation at three tiers
(Supp. Table 4). At the �rst tier, �ve major cell categories including immune cells, endothelial, epithelial,
�broblasts, and smooth muscle cells were annotated (Fig. 1A top row). At the second tier, immune cells
were further subdivided into T cells, B cells, dendritic cells (DCs), macrophages, monocytes, natural killer
T cells (NKTs), plasma cells, neutrophils, and mast cells (Fig. 1A, middle row). The third tier focused on T
cells, annotating them into naive CD8, effector CD8, regulatory CD4, naive CD4, and proliferative T cells
(Fig. 1A, bottom row). In total, 15 cell subtypes were annotated from all samples (Fig. 1B). Due to rare
presence of histologically-de�ned normal breast epithelium in the tissues, these cells were excluded
from the cell clustering and annotation processes (Supp. Figure 1C).

Different types of the BC samples corresponded to diverse TME compositions (Fig. 1B, left and right
panels). LBC-Chest-Met was notable for its abundant tumor content (66.3%), in contrast to the other
samples, which contained a lower fraction of cancer cells (ranging from 21.2–27.6%), likely attributable
to differences in sampling locations (Fig. 1B, right panel). Notably, Her2+/HR-LN-Met and TNBC-LN-Met,
the two samples obtained from lymph node metastasis, exhibited similar cellular pro�les. In contrast,
LBC-Lung-Met differed signi�cantly, with a high prevalence of endothelial cells (ECs) and smooth muscle
cells (SMCs), re�ecting the unique cellular milieu of the lung TME (44).

We subsequently created in-situ maps based on the annotated cell types, which were then compared
with H&E-stained images of the corresponding samples. The spatial localization of individual cells
annotated from Xenium data corresponded well with anatomically de�ned features, effectively
highlighting the contours of tumor epithelium, �brotic/connective tissue, and immune stromal regions
(Fig. 1C). Furthermore, when comparing gene expression pro�les among cell types, a lineage-dependent
correlation was observed. Epithelial, endothelial/smooth muscle, and immune cells formed distinct
hierarchical clusters (Fig. 1D). Within the immune lineages, myeloid and lymphoid cells formed two
major clusters: the myeloid cluster comprises monocytes, mast cells, macrophages, and the lymphoid
cluster consists of effector T cells, regulatory T cells, naïve T cells, and NKT cells (Fig. 1D).
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Validation of Spatial Single-Cells Transcriptomic Data by
IHC
In evaluating the quality of Xenium spatial single-cell data, we compared the mRNA data with IHC
quantitative protein data from corresponding samples. The expression of four key histological markers,
including estrogen receptor (ESR1), progesterone receptor (PGR), Her2 (ERBB2), and Ki-67 (MKI67), were
examined by IHC at the protein level, identifying ESR1 positivity in LBC-lung-Met and LBC-Chest-Met at
80% and 1%, respectively, and PGR positivity at 70% and 5%, respectively (Fig. 2A). Her2 showed a 2 + 
positivity in both LBC-lung-Met and Her2+/HR-LN-Met, and Ki-67 levels varied between 50–70% across
the sample set (Fig. 2A). To compare Seurat-normalized single-cell mRNA levels with the IHC data, 20
tumor-enriched regions of interest (ROIs) were randomly selected as a representative set (Fig. 2B). In line
with IHC �ndings, the spatial transcriptomic data accurately mirrored the protein expression pro�les.
Speci�cally, LBC-Lung-Met displayed the highest ERα protein expression (80%) also showed signi�cantly
higher mRNA levels than other samples (p < 0.001) (Fig. 2B). Remarkably, LBC-Chest-Met, where ERα
protein was only indicated as 1% positive by IHC, was distinguished from two samples (Her2+/HR-LN-
Met and TNBC-LN-Met) that were negative for ERα protein by the Xenium mRNA data (p < 0.001) (Fig. 2B;
Supp. Figure 2).

PR mRNA was the highest in LBC-Lung-Met, consistent with high PR protein (70%). PR mRNA in LBC-
Chest-Met did not recapitulate the 5% positivity in protein, potentially due to region selection bias or the
discordance between mRNA and protein expression (Fig. 2B). Her2+/HR-LN-Met exhibited signi�cantly
higher Her2 mRNA compared to other samples (p < 0.001), while LBC-Lung-Met showed a modest
increase mRNA level, albeit not statistically signi�cant. Additionally, the correlation between Ki-67 mRNA
and protein levels across samples further con�rmed the accuracy of the Xenium mRNA data for
quantitative analysis (Fig. 2B).

After validating the quality data with IHC, we pro�led the spatial single-cell mRNA of all panel-included
genes, focusing on gene-wise correlations to identify regulatory networks associated with ESR1, PGR,
and HER2. Hierarchical clustering con�rmed a more robust co-regulation between ESR1 and PGR, which
was anticipated given their joint roles as hormone receptors. Conversely, HER2 exhibited a distinct co-
regulatory pattern (Fig. 2C, upper panel). CytoSCAPE for network computations revealed that ESR1 and
PGR are not only co-regulated but also closely associated with steroid hormone receptor co-activator
PPARG, and transcription regulators FOXA1 and RUNX1, indicative of their integrated functions with
hormonal pathways (Fig. 2C lower panel) (45, 46). These hormone receptors also participate in immune
regulation, interfacing with B cells and macrophages, which underscores their involvement in the TME
(47, 48). In contrast, the receptor tyrosine kinase HER2 anchors a separate network with pivotal tumor-
associated signaling molecules, including EGFR, keratins (KRT7/8/14), CD9, PECAM, and MKI67 (Fig. 2C,
lower panel). Taken together, the �ndings of the network diversity underscore the value of the spatial
single-cell transcriptomics data for extensive downstream investigation.
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Spatial Single-Cell Transcriptomics Reveals Distinct Cell
Composition in Speci�c Regions of Interest
We subsequently pro�led the regulatory networks in the speci�c regions in the TME. The 20 tumor ROIs
from each sample described above, showing spatial mRNA expression nicely mirrored histological
patterns, were used for in-depth analysis. We further chose 10 immune-stroma ROIs from each of three
samples for comparison. LBC-lung-Met was excluded from this selection due to the absence of
pathologically identi�able immune-stroma regions.

The tumor-enriched ROIs showed diverse TME architectures, characterized by variations in tumor,
immune, �brotic, and vascular components. LBC-Chest-Met, with a notable high tumor cell presence of
78.5%, contrasted with lymph node and lung metastatic samples, which contained a lower proportion of
tumor cells (ranging from 37.2–63%) (Fig. 3A). These latter samples were also distinguished by
signi�cant in�ltration of lymphocytes, including monocytes, dendritic cells (DCs), various T cell subsets,
natural killer T (NKT) cells, and B cells/plasma cells (p < 0.05, Fig. 3B, Supp. Figure 3).

In contrast to the tumor-enriched ROIs, the immune-stroma ROIs revealed a wide array of non-tumoral
cellular compositions. Notably, LBC-Chest-Met and TNBC-LN-Met presented similar cellular pro�les, with
smooth muscle cells, macrophages, and endothelial cells as the predominant types (Fig. 3A). However,
the distribution of plasma cells, effector CD8 T cells, and endothelial cells varied signi�cantly between
these two samples (Fig. 3A, p < 0.05). In contrast, Her2+/HR-LN-Met exhibited a unique cellular pro�le
with a prominent presence of B cells and effector-memory CD8 T cells (Fig. 3B left).

All the samples exhibited an in�amed TME, despite varying levels of immune cell in�ltration. We than
characterized cellular co-localization in the tumor ROIs using neighborhood proximity measures. As
anticipated, each biologically unique BC sample presented a distinct cellular co-localization pro�le.
Speci�cally, LBC-Chest-Met featured a pronounced cellular network where smooth muscle cells co-
localized with a variety of immune cells, while cancer cells engaged predominantly with B cells (Fig. 3C).
LBC-lung-Met displayed an SMC-centric regulatory module including a variety of immune cells with
abundant macrophages tightly connected with CD8 effector T cells (Fig. 3C). TNBC-LN-Met revealed a
network interconnected via CD4 regulatory T cells, with macrophages and effector CD8 T cells in direct
contact with cancer cells (Fig. 3C). Her2+/HR-LN-Met had the most distinct network pro�le with loosely
connected immune cell clusters containing a few T cell subsets, DCs, and NKT cells, whereas the SMC-
centric immune network had direct interaction with cancer cells. Macrophages in this sample were
noteworthy for their links to cytotoxic T cells and, to a lesser degree, cancer cells (Fig. 3C). Taken
together, our spatial transcriptomics analysis, centered on regions with high tumor content, elucidated
the intricate TME architectures unique to each breast cancer subtype.

Spatial Single-Cell Transcriptomics Reveals Localization of
Immune Cells as Therapeutic Implications
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With the spatial single-cell transcriptomic pro�le of the BC TME established, we sought to examine the
cellular network associated with clinical responses to anti-PD-1 therapy. We �rst compared the tumor-
enriched ROIs of the responders (R: TNBC-LN-Met and LBC-Lung-Met) with the non-responders (NR: LBC-
Chest-Met and Her2+/HR-LN-Met). Despite the inherent biological differences among these samples, the
non-responders typically exhibited higher proportions of cancer cells (p < 0.05). In contrast, the
responders displayed a pronounced increase of T cell subsets, including cytotoxic, proliferative, and
regulatory T cells (p < 0.001, p < 0.05, and p < 0.05, respectively) (Fig. 4A). Plasma cells, monocytes, and
macrophages exhibited a higher proportion in the responders compared to the non-responders,
implicating their potential anti-tumor roles (p < 0.05, Fig. 4A).

Recognizing that cell functions are markedly in�uenced by its neighbor cells in the TME, we
characterized higher-order cellular units by grouping the 10 nearest cells of every anchoring cell across
the entire tissue (15). By constantly identifying 10 cellular neighborhoods (CNs) across 4 samples, we
generated higher-ordered spatial CN map of the samples (Fig. 4B). Those included a breast tumor
dominating cluster (CN1), a multiple T cell dominated �broblasts cluster (CN2), a tumor-SMCs
interacting cluster (CN3), an endothelial-immune interacting cluster (CN4), a tumor-interacting
macrophage/effector-CD8 T cells cluster (CN5), a smooth muscle-�broblast cluster (CN6), a CD8
cytotoxic T cell-dominating immune cluster (CN7), a macrophage/monocytes-T cells interacting cluster
(CN8), a B cells-enriched cluster (CN9) and an endothelium/SMCs/tumor interacting cluster (CN10)
(Fig. 4B/C left). We then assessed the CN frequencies between the two anti-PD1 response groups and
identi�ed 7 out of 10 CNs exhibited statistically signi�cant difference in proportion (p < 0.05, Fig. 4C
right). Besides the tumor-dominated cluster (CN1), the effector T cell-enriched cellular unit (CN7)
showed the most pronounced upshift in responders (p = 3.6e− 10), underscoring its canonical role in
mediating cytotoxic tumor cell killing (49). For the CN clusters in close proximity to tumors, CN5
involving a higher frequency of tumor-interacting macrophages and effector T cells was more prevalent
in responders, which likely signi�es their important anti-tumor function in the local TME (Fig. 4B/C, p = 
0.004).

To extend above observation, we calculated the distance of each cell from tumor beds within a 100 µm
radius. In consistent, cytotoxic T cells, which exhibited a tumor-recruiting pattern in CN5, were generally
located closer to tumor in the responders than in the non-responders (Fig. 4D). Similarly, tumor-
interacting macrophages, another cell type implicated in the response, exhibited closer localization with
tumor cells in the responders. Remarkably, within CN5, a subset of proliferative T cells marked by Ki-67
expression—though small in proportion (1.3% of the total)—was signi�cantly more prevalent in tumor-
adjacent niches in responders as opposed to non-responders, underscoring their role in T-cell mediated
tumor cell killing (Fig. 4D and 4E). We further examined the cellular levels of spatial enrichment score
(ESscore) of all cell types in tumor-enriched areas compared to the entire tissues. In the responders, a
pronounced spatial co-recruitment of effector T cells, proliferative T cells, and macrophages was
observed (Supp. Figure 5: higher Log(ESscore) indicates greater enrichment in tumor regions between
groups), consistent with previous studies (40). This observation was also corroborated by Ki-67 IHC
staining (Fig. 4F). Taken together, these spatial analyses validate a robust framework that integrates



Page 14/32

clinical phenotypes with spatial single-cell transcriptomic data, a methodology that promises further
insights with more samples.

Cellular Communication Reveals Spatially-De�ned
Ligand/Receptor Pairs as Potential Biomarkers
Upon identifying cellular niches of tumor-interacting T cells and macrophages in the ICI responders, we
applied CellphoneDB for a deeper exploration of the cell-cell communication in the TME. In the tumor-
enriched TME, comprehensive cell-cell communication networks demonstrated variable interaction
intensities. However, the overall crosstalk among macrophages, effector T cells, and tumor cells was not
signi�cantly different between the two response groups, which likely attributed to the distinct biological
background of the samples (Fig. 5A). To further explore potential difference in cell-cell communication
between the response groups, we interrogated ligand-receptor pairs detected by Xenium including
PTPRC/MRC1, CXCL12/CXCR4, CD86/CTLA4, CD80/CTLA4, and CD274/CD80. Macrophage cell
communication with T cells mediated by the CD86/CTLA4 interaction, which is inhibitory to T cells, was
identi�ed in all samples (Fig. 5B, upper panel). In contrast, Macrophage-expressed CD274 (PD-L1)
exhibited pronounced interaction with CD80 on DCs, T cells (proliferative T cells and CD4 Treg cells), and
macrophages themselves exclusively in the responders (Fig. 5B, upper panel). The CD274/CD80
interaction, either in cis or in trans, is known to be stimulatory to T cells (50) (51), suggesting a T cell-
activating cellular communication in the responder TME. In addition to macrophage, T cell subsets
exhibited the inhibitory CD86/CTLA4 interaction exclusively in the responders (Fig. 5B, lower panel),
potentially resulted from extensive activation of CD8 T cells. Notably, the stimulatory CD274/CD80
interaction was also observed between CD8 T cells and other immune cells in one responder, TNBC-LN-
Met (Fig. 5B, lower panel). The CD274/CD80 interaction was also observed between tumor cells and
immune cells in the responders but not in non-responders (Supp. Figure 6). Consistently, the spatial cell
annotation from Xenium data demonstrated that the in�ltrated CTLA4-positve effector T cells and PD-L1-
positive macrophages directly communicate with the cancer cells exclusively in the responders (Fig. 5C).

Given the established role of PD-L1 as a biomarker for the ICI therapy response, we examined mRNA
level of CD274 and other genes in tumor cells of the samples. As expected, CD274 (PD-L1) expression
was signi�cantly higher in the responders than in the non-responders (Fig. 5D). Notably, mRNA
expression of PDCD1LG2 (PD-L2, associated with T cell proliferation), NKG7 (indicative of CD8 + T cell
degranulation), and CD80 (implicated in M1-like macrophage-mediated T cell activation) was also
signi�cantly higher in the responder tumor cells. The differential expression of these genes was even
more signi�cant than that of CD274, suggesting them as superior potential biomarkers (Fig. 5D and
Supp. Figure 7). This underscores the validity of our �ndings and suggests the promise of biomarker
discovery within spatially resolved tissue contexts.

Gene Imputation to Integrate scRNA-seq and Xenium Data
To enhance the depth of spatial single-cell transcriptomic analysis, we applied gene imputation
methodologies to integrate single-cell RNA sequencing (scRNA-seq) data with the Xenium data. We
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applied two imputation algorithms compatible with Xenium data, SpaGE (42) and Tangram (43). Two-
third of genes from the Xenium dataset was randomly selected as the training set for the algorithms,
which then inferred the spatial expression pro�les for all genes in the scRNA dataset. The accuracy of
these predicted pro�les was assessed by comparison with the actual Xenium-derived expression data
for the rest one-third genes as a validation set. The resulting imputation by SpaGE and Tangram achieved
median correlation coe�cients of R2 = 0.73 and R2 = 0.69, respectively (Fig. 6A, Supp. Figure 8). While
genes with lower expression levels posed challenges for precision prediction, the imputation reliably
maped the genes with medium to high expression levels to spatially-resolved single cells (Fig. 6B).
Therefore, the imputation algorithms expanded the utility of the spatial single-cell transcriptomic data,
allowing us to map a broader range of gene expressions beyond the initial Xenium dataset.

Discussion
In this study, we applied the newly-emerged Xenium spatial single-cell transcriptomics technology to
characterize the TME of various types of breast cancer samples. In addition to con�rming the quality of
the spatial single-cell transcriptomics data and creating our bioinformatics pipelines for analysis, we
identi�ed distinct cellular interactions and crosstalk at the single-cell level in the TME between different
response groups, which not only advances our understanding of the complex TME but also facilitates
potential biomarker development.

Using a �xed BC probe panel targeting ~ 280 genes from 10x Genomics, together with our proprietary
bioinformatics pipelines developed for spatial single-cell transcriptomic data analysis, we successfully
annotated the spatially-resolved single cells from the samples to 15 distinct cell types. The analysis and
the annotation not only align with but also expand the results from previous studies (36, 52).
Furthermore, the consistency between single-cell annotations derived from our spatial data and the
pathological features identi�ed via IHC underscore the robustness and quality of our dataset, a�rming
the subsequent analysis of the BC TME.

Our data indicate that the samples, with distinct clinicopathological features, display distinct immune
pro�les in the tumor-enriched regions. The TME of these regions is organized via different cellular
crosstalk or, to a higher order, cellular neighborhood clusters. The strength of the true single-cell spatial
resolution enables precise mapping of cellular networks in speci�c regions of the tissues. We were able
to identify the distinct cellular composition and communication in either tumor or stroma regions, which
cannot be achieved by conventional scRNA-seq. Speci�cally, we identi�ed that multiple types of immune
cells, including effector T cells, proliferative T cells, and macrophages, are preferentially localized near
tumor cells in the responders to the ICI therapy, correlating with the recognized tumor-killing functions of
these cells. Therefore, our �ndings suggest that not only the quantity of in�ltrated immune cells but also
their spatial localization could serve as biomarkers for patient strati�cation and prognosis. Notably, we
observed a marked increase in CD86/CTLA4 and PD-L1/CD80 ligand-receptor interactions in the
responder tumor regions, compared to non-responders. The PD-L1/CD80 interaction, either in cis or in
trans, has been demonstrated to play a critical role in activating T cell-mediated cytotoxicity. The
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presence of this interaction in the responder likely contributes to the e�cacy of the ICI therapy. Given
these compelling �ndings, further investigation involving a larger cohort of samples is warranted to
con�rm these interactions and their therapeutic implications, which could signi�cantly enhance precision
cancer immunotherapy.

Spatial single-cell transcriptomic analysis has become increasingly important in dissecting the complex
tissue microenvironment and advancing biomarker development in BC as well as other cancers,
particularly in the realm of immunotherapy. Spatially-de�ned biomarkers, such as PD-L1 evaluated via
quantitative tumor proportion score (TPS) and combined proportion score (CPS), highlight the
importance of spatially-resolved data in predicting responses to the ICI therapies (53, 54). Additionally,
the evaluation of tumor-in�ltrating lymphocytes (TILs) and the “Immunescore”, which measures the
distribution of CD3/CD8 T cells in tumor regions, also underscores the importance of spatially-resolved
analysis in the TME (55). Therefore, our study on the BC TME using spatial single-cell transcriptomics
has not only expanded the current understanding of the heterogeneous nature of the TME but also aided
in the identi�cation and development of new biomarkers, which is signi�cant to the precision
immunotherapy for BC and other cancers.

This study is apparently limited by the small sample size, which constrains us to draw solid clinical
conclusions. Nonetheless, the detailed analysis of cell communication through speci�c ligand/receptor
interactions, at the spatial single-cell levels, provides insightful observations on the differences between
responders and non-responders to immunotherapy, even from limited number of samples. These
�ndings highlight the potential for clinically relevant discoveries, justifying further investigation in larger
patient cohorts.

Another limitation is the number of genes detected in the current study. Although only ~ 280 genes in the
�xed probe panel were analyzed, our methodology allowed for the annotation of 15 distinct cell types
and the imputation of approximately 20,000 genes from a public single-cell RNA-seq dataset, broadening
the Xenium dataset's scope for more comprehensive analysis. As the technologies evolve rapidly, the
number of genes assessable by spatial single-cell transcriptomics is expected to increase signi�cantly.
Future large-scale studies analyzing more genes in more clinically relevant samples, will validate our
preliminary �ndings in this study and advance the development of predictive and prognostic biomarkers.

In summary, our spatial single-cell transcriptomics study on different types of breast cancer tissues
validated the newly-emerged Xenium technology and our bioinformatics pipelines to deeply characterize
cell-cell communications in the TME and identi�ed the CD86/CTLA4 and CD274/CD80 interactions
between cancer cells and immune cells or among different immune cells as potential biomarkers for
future development.
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Figures

Figure 1
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In-situ Characterization of Cellular Phenotypes in Breast Cancer Tissues Using Spatial Single-Cell
Transcriptomics

A. U-MAP Dimensional Reduction: Clustering based on gene annotations highlights large clusters and
immune subsets with T cell subsets depicted separately (left panel). Middle panels display
representative gene expressions projected onto U-MAPs. Right panels illustrate marker gene expression
within each cluster with all color bars indicated. B. U-MAP Overviews: Plots display all annotated cell
types, patient data, and drug response levels. The right chart quanti�es cell proportions per sample,
scaled to 100%, from the complete tissue dataset. C. In-Situ Cellular Distributions: Displays cell types for
individual samples alongside parallel H&E staining post-Xenium experiment, with scale bars provided for
reference. D. Cell Type Correlations: Correlations among all de�ned cells based on gene expression with
lineage differentiation indicated.
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Figure 2

Comparative Analysis of IHC and Xenium-Derived Spatial Transcriptomic Data for Breast Cancer Marker
Genes

A. Immunohistochemistry (IHC) Visualizations: ERα, Her2, and PR at 100X magni�cation for individual
samples with scale bars provided. B. Spatial Transcriptomic Pro�ling: Upper Panel: Spatial
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transcriptional pro�les of ERBB2, ESR1, PGR, and MKI67 from selected tumor ROIs (20 per sample).
Signi�cant p-values are shown with asterisks. Lower Panel: Representative spatial gene expression
maps for ERBB2, ESR1, PGR, and MKI67. Tumor ROIs are outlined, and color bars denote expression
levels normalized across samples, with IHC expression levels indicated below each panel. C. Gene-Gene
Correlation and Network Analysis: Left Panel: Unsupervised hierarchical clustering of gene-gene
correlations across ESR1, PGR, and ERBB2, computed from the most to least co-expressed genes in four
breast cancer samples. Correlation scales range from -1 (uncorrelated) to 1 (correlated). Right Panel:
Hub genes and regulatory networks associated with ESR1, PGR, or ERBB2. Node colors represent
connectivity degree, and edges indicate con�dence scores (darker indicates higher con�dence).
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Figure 3

Cell Composition and Communication in the Breast Cancer TME

A. Cellular Composition Mapping. ROI-level of the cellular composition of breast cancer samples in
tumor regions (upper panel) or stroma regions (lower panel). B. Quantitative Analysis of Cellular
Distribution. Boxplots depicting differential cell distribution between tumor and stromal ROIs of all
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samples (upper panel) or individual cell alterations across the four samples. Signi�cant p-values are
shown in asterisks. The y-axis quanti�es cell distribution as a percentage of the total. C. Cell-Cell
Communication in the Tumor ROIs. Dot sizes indicate cell frequencies within ROIs, while edges represent
the intensity of interaction between pairs of cell types. Pairs with strength above 0.3 are shown (range
from 0.3 to 1).

Figure 4
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Distinct Cellular Organization in Tumor ROIs at Cellular Neighborhood (CN) and Single-cell Levels

A. Differential cellular composition in tumor-enriched ROIs between ICI responders (R) and non-
responders (NR). Statistic signi�cances are marked by asterisks (* for p < 0.05, ** for p < 0.01, *** for p <
0.001, and **** for p < 0.0001). B. Recurrent CN detected (total of 10) in tumor-enriched ROIs across
samples. Representative ROIs are shown.  C. Semi-supervised hierarchical clustering using a KNN-based
method (k-10). The 10 CNs are ranked by their distribution frequencies. Cellular compositions of each
CN are shown at the bottom (left panel). The right panel shows the different CN composition in the
responders compared with the non-responders (N vs. NR). Statistic signi�cances are marked by
asterisks as in A. D. Spatial distribution of individual cell types measured within 100 μm of any anchoring
breast cancer cells in the responders compared with the non-responders (N vs. NR). E. Graphical
presentation of in-situ probe mapping for CD3E/CD3G (T cells), KRT5/KRT6B (tumor), and MKI67
(proliferation marker) comparing R and NR patients. Arrows denote proliferative T cells. Images are
derived from Xenium data. Cell boundaries were de�ned by Xenium. F. Representative IHC staining for ki-
67 in individual patients (R and NR), captured at 100X magni�cation. Scale bars provided.



Page 29/32

Figure 5

Cellular crosstalk analysis reveals ligand-receptor interactions among macrophages and T cells as
potential biomarkers

A. Global cell-cell communications centering macrophages, effector T cells, and breast cancer cells,
respectively. Crosstalk intensity is represented by the thickness of the connecting lines. The statistical
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cut-off is set at 0.05. B. Ligand-receptor interaction analysis performed via available molecule pairs for
individual patients. Different cell types are color-coded (Sienna for effector T cells, IndianRed for
macrophages), and color intensity represents -log10(p-value) measuring probabilistic co-presence of
pairs. C. Distinct localization of speci�c immune cells in the responders compared with the non-
responders. In�ltrated PD-L1+ macrophages (pink) and CTLA4+ effector T cells (red) are in direct contact
with tumor cells in the responders. Tumor cells are marked in blue. D. Differential expression of
CD274(PD-L1) in tumor cells from tumor-enriched ROIs between the responders and the non-responders
(R and NR, p-value<0.00001, Wilcoxon ranked sum test). The lower graph shows the top 20 differentially
expressed genes in tumor ROIs between R and NR.



Page 31/32

Figure 6

Spatial Gene Imputation Using SpaGE and Tangram

A. Spatial gene expression inference using SpaGE and Tangram. The true average expressions of
individual gene targets collected from Xenium are shown on the X-axis, and the predicted expression
correlation on the y-axis (R2 range between -1 and 1). Box plots on the right depict the distribution of
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overall prediction correlations, with lines indicating median value. A representative correlation matrix of
true Xenium detected (ground truth) and SpaGE-imputed (predicted) expression is shown (lower right, R2

between -1 and 1). Red diagonal lines indicate each pair of genes (Xenium detected versus imputed). B.
Two representative ROIs for selected example genes (expression levels from low, median to high from
left to right) predicted by SpaGE (upper) and measured by Xenium (lower).
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