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Spatial and genomic profiling of residual breast
cancer after neoadjuvant chemotherapy unveil
divergent fates for each breast cancer subtype
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In brief

Seo et al. demonstrate that CXCL9+
macrophages interacting with CD8*

T cells improve survival outcome in
patients with residual TNBC after
neoadjuvant chemotherapy, while SPP1+
macrophages and basal-like features
combined with HRD predict worse
survival in HR+HER2—- BCs, and ERBB2
structural variants predict worse survival
outcomes in HER2+ BCs.
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SUMMARY

Residual cancer burden (RCB) is a strong prognostic marker after neoadjuvant chemotherapy (NAC) in breast
cancer (BC), yet some BCs defy their predicted outcomes. Using single-cell spatial transcriptomics and
genomic profiling, we investigate mechanisms underlying divergent fates of BCs with high RCB across sub-
types. In triple-negative BC (TNBC), CXCL9+ macrophage-CD8* T cell interactions via chemokines and inter-
feron-gamma signaling promote favorable outcomes, while SPP1+ macrophage-cancer cell interactions
driven by hypoxia signaling correlate with poor prognosis. In non-TNBC, the extent of basal-like cancer cells
and their proximity to scarce immune cells are linked to prognosis. Additionally, tumor-intrinsic features—
such as homologous recombination deficiency in hormone receptor (HR)-positive cancers and structural
variations, including extrachromosomal ERBB2 DNA in human epidermal growth factor receptor 2 (HER2)-
positive cancers—predict worse outcomes. This study highlights distinct genomic and microenvironmental
strategies governing BC subtype-specific fates after NAC.

INTRODUCTION tases after NAC, is the most powerful prognostic factor in
EBC.>" Higher RCB class correlates with increased recurrence
risk and poorer survival across all subtypes,” guiding adjuvant
treatment decisions.™®

Neoadjuvant chemotherapy (NAC) followed by curative surgery
is the standard treatment strategy in early breast cancer (EBC)

according to the treatment guideline.’ NAC response strongly
predicts outcomes, with pathologic complete response (pCR)
indicating better disease-free survival (DFS) and overall survival
(OS) than non-pCR.? In addition, residual cancer burden (RCB),
calculated based on residual tumor bed and lymph node metas-

™
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However, breast cancer (BC) with a high RCB class does
not always result in recurrence.®® According to previous
studies, up to 40% of RCB class Ill BC has not experienced
recurrence within a 10-year follow-up period. Furthermore,
even in RCB class lll triple-negative BC (TNBC) after NAC,
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30% of TNBCs achieve long-term survival without disease
recurrence.

The reason for the survival disparity in BC with the same RCB
class remains unclear. Researchers hypothesize that tumor
genomic characteristics play a role. For example, BC transcrip-
tomic assays including MammaPrint and Oncotype DX precisely
predict the benefit of adjuvant chemotherapy for hormone re-
ceptor (HR)-positive human epidermal growth factor receptor 2
(HER2)-negative BC."®"" The recent HER2DX predicts HER2+
BC prognosis.'> However, no genomic test currently exists
that can precisely predict recurrence or death in BC with RCB
class lll after NAC.

Here, we explore the spatial and genomic characteristics of re-
sidual BC receiving NAC followed by curative surgery. Using
spatial transcriptomics combined with bulk RNA sequencing
(RNA-seq), we illustrate intricate interactions between tumor and
tumor microenvironment (TME). In addition, we demonstrate
how genomic features, such as mutational profiles and structural
variants, shape the fate of residual BC. Overall, we reveal the
spatial and genomic characteristics that significantly influence sur-
vival outcomes of BC patients who did not achieve pCR after NAC.

RESULTS

Clinical characteristics
We analyzed 91 BC cases, with 60 classified as dismal prognosis
(D group) and 31 as non-dismal (ND group). All 91 BC specimens
were residual cancers at curative surgery following NAC. D
group patients all experienced distant metastasis within 2 years
of surgery, with 50 (83.3%) suffering BC-specific death within 5
years of metastasis. No ND group patients experienced disease
progression or BC-specific death during 7 years of follow-up.
Detailed BC characteristics appear in Table S1. The D group
comprised 12 (20.0%) HR+HER2—, 4 (6.7%) HR+HER2+, 34
(56.7%) TNBC, and 10 (16.7%) HR—HER2+ BCs. Fourteen cases
(23.3%) had RCB class Il, while 46 (76.7%) had RCB class lIl. The
ND group included 11 (35.5%) HR+HER2—, 2 (6.5%) HR+HER2+,
14 (45.2%) TNBC, and 4 (12.9%) HR-HER2+ BCs. Sixteen
cases (51.6%) had RCB class Il, and 15 (48.4%) had RCB class
Ill. Of all patients, 70 completed standard NAC, while 21 did not
complete treatment due to non-response or intolerability.
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Single-cell spatial analysis indicates spatial separation
of CXCL9+ and SPP1+ Macs in residual TNBC after
neoadjuvant treatment

We employed the NanoString CosMx Spatial Molecular Imaging
(SMI) system to spatially examine gene expression at single-cell
resolution across 88 fields of view (FOVs) in fifteen TNBC patients
using the 1,000-plex RNA panel (Table S2). To understand the
spatial organization of various cell types within TNBC, we first con-
ducted cell type annotation using the InSituType'® supervised
clustering method, with single-cell RNA sequencing (scRNA-seq)
data from Wu et al.' serving as a reference (Figures 1A and 1B).
This analysis identified 15 distinct cell types across 116,193 cells.

In addition, intrinsic subtyping was possible using the super-
vised clustering method, revealing a strong correlation among
the single-cell intrinsic subtypes, those identified in bulk RNA-
seq data and reference data (Figures STA-S1C).

Focusing on myeloid cells, further sub-clustering using Lou-
vain clustering identified monocytes, four distinct macrophages
(Macs), two distinct dendritic cell (DC) subtypes, and neutro-
phils. Specifically, four Mac clusters were distinguished by their
unique gene signatures: APOE+ Mac, CXCL9+ Mac, MMP9+
Mac, and SPP1+ Mac (Figures 1C and 1D).

Milo'® analysis revealed that these myeloid cells were distrib-
uted differently according to TNBC prognosis (Figure 1E). APOE
+ Macs and CXCL9+ Macs were enriched in the ND group, while
SPP1+ Macs were more prevalent in the D group. Notably, the
ratio of CXCL9+ Mac to SPP1+ Mac was significantly higher in
the ND group compared to the D group (Figure 1F).

Next, we investigated spatial distribution of these cells by
dividing the FOVs into two areas, intratumoral and stromal re-
gions, using the SPIAT package'® (Figure 1G). Between these
two areas, SPP1+ Mac was more abundant in the intratumoral
region compared to the stroma, unlike other myeloid cells
(Figure 1H). Further analysis of cell-cell co-localization through
normalized mixing scores (NMSs) within a 50 pm radius revealed
distinct co-localization patterns for each Mac subtype (Figure 1l).
SPP1+ Macs showed a significantly higher co-localization score
with cancer cells compared to other Macs (p < 2.2 x 107'6),
whereas CXCL9+ Macs had a significantly higher co-localization
score with CD8" T cells (p = 3.1 x 10719 (Figures 1J and 1K).
Further broader analysis of cell co-localization, considering the

Figure 1. Spatial profiling identifies distinct myeloid cell subtypes and spatial features associated with dismal prognosis in post-NAC re-

sidual TNBC

(A) Flightpath plot showing InSituType cell identification with posterior probability.

(B) Dotplot of signature marker expression by cell type.
(

D) Dotplot of signature markers for myeloid cells.

C) Uniform manifold approximation and projection (UMAP) of reclustered myeloid cells.

(
(E) Milo cellular neighborhood differential abundance plots (false discovery rate [FDR] < 0.1) showing myeloid composition changes (left); beeswarm plot of log-
f

old changes in neighborhoods by subcluster (right).

(F) Boxplots of CXCL9+/SPP1+ Mac ratios.

(G) FOV example showing spatial cell classification relative to margin.
(H) Comparison of spatial distributions of myeloid cells.

(I) Heatmap of myeloid-other cell type co-localization within 50 pm.

(

J and K) Boxplots showing the co-localization of macrophages with CD8" T cells (J) and cancer cells (K).

(
(
(
(

regression lines with 95% confidence intervals.

L and M) Pearson correlation analyses between the proportions of CXCL9+ Macs (L) or SPP1+ Macs (M) and the counts of other cell types in FOV.

N) Correlation between cancer cell hypoxia signatures and minimal distance to specified cell types.

0) Visualization of the cancer hypoxia signature and the spatial distribution of CD8" T cells and SPP1+ Macs.

P) Correlation between the proportions of CXCL9+ and SPP1+ in each FOV. Boxplots show medians and interquartile ranges; scatterplots show Pearson’s R and
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entire FOV, revealed that the proportion of CXCL9+ Macs within
the total Mac population was strongly associated with the abun-
dance of CD8"* T cells, followed by conventional DCs (cDCs),
regulatory T cells (Tregs), monocytes, and natural killer (NK) cells
(all adjusted p < 0.001) (Figure 1L). In contrast, the proportion of
SPP1+ Macs was primarily associated with the abundance of
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cancer cells (adjusted p = 0.017) (Figure 1M).

Hypoxia signal from cancer cells recruits SPP1+ Macs,
excludes other immune cells, and predicts dismal

prognosis

We evaluated catalytic factors that promote the co-existence of
SPP1+ Macs and cancer cells. We focused on the result of en-
riched gene set signatures'” in dismal cancer cells (Figures S1D
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Figure 2. Enriched interaction between
hypoxia-driven SPP1+ Macs and tumor
niches associated with dismal prognosis
in residual TNBC post-NAC

(A) CellCharter cluster stability across varying
cluster numbers (left) and a representative spatial
distribution of niches derived from clusters (right).
(B) Heatmap of cell type enrichment across iden-
tified niches.

(C and D) Boxplots comparing niche proportions
(C) and cancer cell hypoxia signatures across tu-
mor-enriched niches (D) between ND and D
groups.

(E) Differential neighborhood enrichment analysis
between tumor-enriched (source) and TME-en-
riched (target) niches in ND vs. D. Asterisks:
p < 0.05; two-sided tests.

(F) Bar plot showing information flow differences in
inferred networks between ND and D, with sig-
nificant signaling pathways ranked by variation.
(G) Chord diagram of SPP1 signaling interactions
between cell types.

(H) Bubble plot of significant interactions from
SPP1+ Macs to other cells. For all the boxplots,
data are presented as median with interquartile
range.

and S1E) and found that the hypoxia
signature score, a known contributing
factor for SPP1+ Macs, was higher in
the D group compared to the ND group
in TNBC. Among the key pathways
analyzed, the hypoxia signature showed
the strongest correlation with the pres-
ence of SPP1+ Macs (Figure S1F). We
then calculated the distance between
cancer cells and four types of immune
cells and evaluated the correlation be-
tween this distance and the hypoxia
signature of the cancer cells. This anal-
ysis revealed a negative correlation be-
tween hypoxia signature strength and
the distance to SPP1+ Macs (R = —0.12,
adjusted p = 8.8 x 107'%; Figure 1N)
whereas CXCL9+ Macs, CD8" T cells,

and CD4* T cells were found to be further from hypoxic cancer
cells (figures 1n and 10). Additionally, a reciprocal change in
polarity between CXCL9+ and SPP1+ Macs was observed,
indicating a negative correlation between their spatial distribu-
tions (R = —0.26, p = 0.014) (Figure 1P).

We used CellCharter'® to investigate how cellular niches

composed of SPP1+ Macs and cancer cells influence BC prog-
nosis. Through cluster stability analysis, we identified seven stable

clusters, which guided us in partitioning our spatial transcriptomic
data accordingly (Figure 2A). Among the seven clusters, TO, T2,

and T3 primarily consisted of cancer cells, with T3 showing addi-

4 Cell Reports Medicine 6, 102164, June 17, 2025

tional enrichment of SPP1+ Macs as well as cancer cells. In addi-
tion, T6 exhibited a high enrichment of a diverse immune cell pop-
ulation (Figure 2B). T2, characterized by cancer cells and normal
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epithelial cells, was predominantly enriched in ND TNBC, whereas
T3, containing cancer cells, myoepithelial cells, and SPP1+ Macs
was associated with D TNBC (p = 0.0021 and p = 0.0036, respec-
tively) (Figure 2C). We also found that the hypoxia score was
significantly higher in the T3 niche compared to other cancer-en-
riched niches (p < 2.2 x 107'%), which may explain why cancer
cells and SPP1+ Macs are co-clustered in the T3 niche
(Figure 2D). Notably, interaction analyses between cancer niches
and other TME niches suggested that T3 preferentially interacted
with T1, which is an SPP1+ Mac-enriched TME niche, in D TNBCs
(p = 0.030), while T2 and TO more prominently interacted with T5
(B cell- and plasmabilast-enriched TME niche) and T6 niche (T cell-
enriched niche), respectively, in ND TNBCs (p = 0.022, p = 0.010,
respectively) (Figure 2E).

To address how SPP1+ Macs contribute to dismal prognosis
beyond their association with hypoxic tumors, intercellular
communication analysis using CellChat'® was performed. This
analysis highlighted that SPP1 signaling was highly activated in
D TNBC (Figure 2F), with SPP1+ Macs emerging as the primary
sender cells (Figure 2G). Notably, the SPP1-CD44 ligand-recep-
tor pair was the most prevalent interaction (Figure 2H). By
engaging in SPP1-CD44 signaling, SPP1+ Macs may enhance
intercellular signal boosting therapy resistance and suppress
T cell activation.’®?' These combined effects may create an
aggressive TME that drives dismal outcomes.
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Figure 3. Spatial and molecular interac-
tions between CXCL9+ Macs and CD8*
T cells

(A and B) Scatterplots of correlations between
average IFNG (A) or IFNAT (B) expression levels
and CXCL9+ Mac abundance per FOV.

(C) Dotplot showing IFNG, IFNA1, and receptor
expression across cell types.

(D) Correlation analysis of CD8" T cell abundance
with average CCL/CXCL chemokine gene
expression per FOV. Spearman’s rank correlation
estimates (circles) are shown with 95% confi-
dence intervals.

(E) Boxplot of spatial autocorrelation using bivar-
iate Moran’s | between CD8A and chemokine
genes. Data are presented as median with inter-
quartile range.

(F) Dotplot showing CCL/CXCL chemokine gene
expression across cell types.

(G) Chord plot of ligand-receptor pairs in CCL
pathways mediating interactions received by
CD8" T cells.

(H) CellChat communication probability analysis
of upregulated ligand-receptor interactions in
CCL pathways received by CD8* T cells in ND vs.
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Having identified CXCL9+ Macs as favor-
able prognostic factors, we sought to un-
cover the drivers behind their polarization. Given the well-estab-
lished role of interferons (IFNs) in regulating CXCL9 expression,
we first investigated their impact on these cells. As expected,
average IFN-y expression per FOV was positively correlated
with the number of CXCL9+ Macs (R = 0.22, p = 0.0355)
(Figure 3A), while IFN-o expression did not show any significant
correlation (R = —0.11, p = 0.29) (Figure 3B). Notably, IFN-y was
predominantly expressed in CD8" T cells, even though its recep-
tors were not specific to CXCL9+ Macs (Figure 3C).

As we attributed the favorable impact of CXCL9+ Macs to
their role in recruiting CD8" T cells via CXCL9 and CXCL10
and recognized that their expression is regulated by IFN-y
from CD8* T cells, we hypothesized that additional factors
might facilitate the early recruitment of CD8" T cells —potentially
setting the stage for subsequent CXCL9 induction. To explore
this further, we identified chemokines associated with
CD8" T cell recruitment, finding that, besides CXCL9 and
CXCL10, CCL5, CCL4, and CCL3 were also strongly correlated
with CD8" T cell infiltration (Figure 3D). Spatial interactions,
analyzed using the bivariate Moran’s index?* further revealed
that CXCL9, CCL5, and CCL3 were spatially correlated with
CD8A expression, highlighting the co-existence and mutual in-
teractions between CD8™" T cells and CXCL9+ Macs, as well as
the involvement of additional chemokines in supporting this pro-
cess. Conversely, chemokines such as CCL28, CXCL17, and
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Figure 4. Validation of the prognostic sig-
nificance of CXCL9+ Macs and CD8*
T cells using bulk RNA-seq

(A) Violin plots comparing CXCL9+ Macs, SPP1+
Macs, and CD8" T cell proportions by prognosis
(Wilcoxon rank-sum test). Data are presented as
median and interquartile range.

(B-D) Scatterplots correlating SPP1+ and CXCL9
+ Macs with CD8" T cell proportions (B), CXCL9
+ Mac proportion with survival duration (C), and
SPP1+ Mac proportion with survival duration (D).
(E) Kaplan-Meier survival curves grouped by SPP1
+ Mac and CXCL9+ Mac proportions (groups
determined by median values).

(F) Forest plots of Cox multivariable regression for
overall survival (left) and disease-free survival
(right). Hazard ratios shown as rectangles with
95% confidence intervals. *p < 0.05; **p < 0.01;
***p < 0.001.

For scatterplots, R represents Pearson’s correla-
tion coefficient; solid lines show fitted linear
regression values with 95% confidence intervals.
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CXCL1/2/3 had weaker or negative correlations (Figures 3E,
S1G, and S1H).

We further investigated the sources of these chemokines and
found that CCL5 was primarily produced by CD8" T cells and
NK cells, while CCL3 and CCL4 were mainly expressed by neutro-
phils (Figure 3F). A spatial cell-cell communication analysis
demonstrated that CCL3, predominantly secreted by neutrophils,
interacts with CCR5 expressed on CD8" T cells, in addition to
the CCL5-CCR5 interaction between CD8" T cells (Figure 3G).
Notably, these interactions (CCL5-CCR5 and CCL3/CCL4-
CCRb5) were particularly prominent in ND TNBC (Figure 3H), sug-
gesting that robust CD8" T cell recruitment in ND TNBC occurs via
these signals, rather than being solely dependent on CXCL9/
CXCL10. Ultimately, these findings propose that neutrophils, as
early responders, might initiate immune interactions through
CCL3 that prime the subsequent CXCL9-driven and CCL5-medi-

6 Cell Reports Medicine 6, 102164, June 17, 2025

and S1l). We also evaluated the associa-

tion between proportion of CD8" T cells
and both CXCL9+ and SPP1+ Macs. A strong positive correla-
tion was observed between the proportions of CD8* T cells
and CXCL9+ Macs (R = 0.46, p = 0.00092), while there was
no significant correlation between CD8* T cells and SPP1+
Macs (R = —0.075, p = 0.610) (Figure 4B).

Survival analyses based on the proportions of CXCL9+ and
SPP1+ Macs suggested that an increased proportion of
CXCL9+ Macs was positively correlated with longer DFS (R =
0.46, p = 0.00091) and OS (R = 0.43, p = 0.0025) (Figure 4C).
However, the proportion of SPP1+ Macs did not have a signifi-
cant effect on DFS or OS in TNBC (R = 0.14, p = 0.360 for
DFS, and R = 0.063, p = 0.670 for OS) (Figure 4D). Kaplan-
Meier analysis based on the median proportions of CXCL9+
and SPP1+ Macs showed that a higher proportion of CXCL9+
Macs was significantly associated with improved outcomes in
residual TNBC after NAC (p = 0.011 for DFS and p = 0.023 for
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OS) (Figure 4E). Multivariable analyses for DFS and OS further
confirmed that CXCL9+ Mac was one of the most important
prognostic factors, along with RCB class. CXCL9+ Mac showed
a hazard ratio of 0.41 (95% confidence interval [CI]: 0.20-0.82,
p = 0.012) for DFS and a hazard ratio of 0.46 (95% CI: 0.23-
0.90, p = 0.024) for OS (Figure 4F).

Our initial analysis, which identified the prognostic signifi-
cance of CXCL9+ Macs, was conducted primarily in post-treat-
ment samples. To verify if these Mac signatures also hold prog-
nostic relevance prior to treatment, we analyzed baseline data
from the Molecular Taxonomy of Breast Cancer International
Consortium (METABRIC) project.’* Among the total of 2,509
BCD patients, we specifically examined 309 patients with
TNBC. The baseline analysis confirmed that higher CXCL9+
Mac signatures were significantly associated with better OS
(p < 0.0001, Figure S2A) and relapse-free survival (RFS) (p =
0.00036, Figure S2B) consistent with our findings in post-treat-
ment samples. Using a Cox regression model with CXCL9+
Mac signatures as a continuous variable, the hazard ratio for
OS was 0.76 (95% CI: 0.59-0.98, p = 0.0364, Figure S2C),
and, for RFS, the hazard ratio was 0.74 (95% CI: 0.55-0.99,
p = 0.0409, Figure S2D). Conversely, higher SPP1+ Mac signa-
tures were not associated with poor outcomes.

No genomic variations distinguish dismal and non-
dismal TNBCs in somatic mutational profiles

In further somatic mutational analysis, there was no significant
difference between D and ND TNBCs (Figure S2E). All TNBCs
harbored TP53 somatic alterations, regardless of their survival
outcomes. Additionally, further analyses, including single base
substitution (SBS) signatures,®® tumor mutation burden, homol-
ogous recombination deficiency (HRD) score, and structural var-
iants, did not reveal any significant differences between D and
ND TNBCs (Figures S2F-S2l).

Interactions between basal-like cancer cells and limited
immune cells drive prognosis in non-TNBC

We further conducted spatial transcriptomic analysis on residual
non-TNBC samples using the 6,000-plex RNA panel (Table S3).
We evaluated 121 FOVs from 16 BC samples, including six in the
ND group and ten in the D group. The ND group included two
HER2+ and four HR+HER2— BCs, while the D group consisted
of eight HER2+ BCs and two HR+HER2— BCs.

Cell Reports Medicine

Insitutype'” with supervision categorized spatial single-cell
data into 18 cell types including four intrinsic subtypes across
109,629 cells. (Figures 5A, 5B, and S3A). Louvain clustering
further divided the myeloid cells into eight subtypes, including
four types of Macs (Figures 5C and 5D). Among the four Mac
subtypes, CXCL9+ Mac was not identified. Instead, the Macs
observed included CD68* Mac, CD163+ Mac, IFl+ Mac, and
SPP1+ Mac, each with distinct functional signatures. CD163+
Mac was associated with phagocytosis, and IFI+ Mac exhibited
an M1 phenotype without CXCL9/CXCL10 expression, while
SPP1+ Mac showed an M2 phenotype and pro-angiogenic fea-
tures (Figure 5E). To confirm the absence of CXCL9+ Mac clus-
ters in non-TNBC, we analyzed the number of cells expressing at
least one count of CXCL9 or CXC10. The results indicated that
these genes were rarely detected in this subset (Figure S3B).
Similarly, CD8" T cells—which are typically linked to CXCL9+
Mac cells in TNBC—were scarcely observed in residual non-
TNBC samples following NAC (Figure S3C).

After cell type annotation, we examined which cell types were
associated with the outcomes of residual BCs after NAC. Among
all identified cell types, basal-like cells were significantly more
prevalent in residual BCs with a dismal prognosis (adjusted
p < 0.00001) (Figures 5F and S3D) Additionally, within the TME
cell population, we observed an enrichment of SPP1+ Macs
and Tregs in the D group (Figure 5G). Similar to findings in
TNBC, hypoxia signature in cancer cells was crucial to recruit
SPP1+ Mac (Figure S3E), while the other three Mac subtypes
were related to IFN-a expression rather than IFN-y (Figure S3F).

Subsequent analysis of immune cell-cancer cell spatial inter-
actions revealed significantly higher co-localization between
immune cells, including CD8* T cells, and basal-like cells
compared to other subtypes (Figures 5H and S3G). To determine
the reason for this enhanced co-localization, we employed the
SCENIC?® analysis, which showed that basal-like cancer cells
were uniquely driven by inflammation-related transcription fac-
tors such as nuclear factor kB1 and STAT1 (Figure S3H). More-
over, we explored the molecular pathways in cancer cells that
are spatially associated with immune cell recruitment and
discovered that IFN signatures correlate with this recruitment
(Figure 5Il). These signatures were elevated in basal-like cancer
cells relative to other cancer cell types (Figure S3I).

To further dissect TME heterogeneity by cancer subtype, the
unsupervised CellCharter algorithm identified eight distinct

Figure 5. Spatial profiling reveals distinct cell type distributions and immune-tumor interactions in residual non-TNBC post-NAC based on

patient outcomes

(A) Flightpath plot of InSituType cell identification showing posterior probability.

(B) Dotplot of signature marker expression by cell type.
(C) UMAP of reclustered myeloid cells.
(D) Dotplot of signature markers for myeloid cells.

(E) Radar plot of normalized M1/M2 polarization, angiogenesis, and phagocytosis scores across macrophage subtypes.

(F and G) Bar plots of log, fold changes in cell abundance between ND and D groups: all cell types (F) and TME (G), adjusted for intrinsic subtype. *p < 0.05.
(H) Heatmap of average normalized co-localization scores between cancer subtypes (rows) and TME cells (columns) using 50 pm radius.

(l) Heatmap of Pearson correlations between cancer gene signatures (rows) and TME cells (columns) based on minimum distance to cancer cells. Only adjusted

p < 0.05 shown; |R| > 0.1 annotated.
(J) Dotplots of cell type enrichment by niche.

(K) Differential neighborhood enrichment analysis between tumor-enriched (source) and TME-enriched (target) clusters in ND vs. D non-TNBC.
(L and M) Representative FOVs showing a CO-dominant region in D non-TNBC (L) and a region with minimal CO in ND cases (M).
(N) Heatmaps comparing co-localization scores between cancer subtypes and TME cells in ND vs. D groups (t tests). *p < 0.05; **p < 0.01.

8 Cell Reports Medicine 6, 102164, June 17, 2025



Cell Reports Medicine

spatial niches (Figures 5J and S4A). Among these, five niches
were predominantly cancer cell enriched: a basal-like dominant
niche (C0), two HER2-dominant niches (C3 and C4), a Luminal
A/B niche (C2), and a niche enriched in Luminal A cells (C7). Inter-
estingly, the basal-like dominant niche (CO) was less often adja-
cent to immune-rich regions (C1 and C5) containing diverse
myeloid and adaptive immune cells (Figures 5K and 5L)
compared to other cancer niches with lower basal-like domi-
nance (Figure 5M). Instead, CO tended to neighbor areas that
lack adaptive immune cells, composed of myoepithelium,
Macs, myCAFs, and endothelial cells.

Supporting these spatial findings, pathway analysis revealed
that cancer cells in the CO niche exhibit significant activation of
EMT, hypoxia, proliferation, transforming growth factor §, and
Wnt/B-catenin signaling pathways, all of which could contribute
to an immunosuppressive TME (Figure S4B), even though IFN
signatures remained high in these clusters. In addition, intracel-
lular communication analysis demonstrated that cancer cells in
both the CO niche and its nearby C6 niche communicate with
Macs and myofibroblastic cancer-associated fibroblasts (my-
CAFs) through collagen, amyloid-beta precursor protein, macro-
phage migration inhibitory factor, and fibronectin 1 signaling,
which are known to promote profibrotic or anti-inflammatory en-
vironments that suppress adaptive immunity (Figure S4C).

Consistently, the CO niche was predominantly enriched in
the D group (Figure S4D), with most basal-like cancer cells
residing in this region (CO) rather than in niches with close im-
mune cell contact (Figure S4E). In contrast, cancer cells in the
ND group, although classified as basal like, did not form
spatial clusters resembling the CO niche. Thus, despite their
inherent immunogenicity, basal-like cancer cells in dismal
cases tend to form densely clustered regions that are less sur-
rounded by immune cells. This is further supported by prog-
nosis-based co-localization analysis within 50 pm, which
demonstrated that basal-like cancer cells in the ND group
were more closely associated with immune cells (e.g., CD8"
T cells and cDCs) (Figure 5N). A similar pattern was observed
when assessing immune contacts considering immunohisto-
chemical tumor subtypes, with ND cases showing closer
proximity to immune cells compared to dismal cases
(Figures S4F and S4G). Overall, these findings indicate that
the intrinsic subtype of BC is a key prognostic factor even
at the cellular level, and, within the same subtype, the TME
varies significantly depending on prognosis—particularly in
basal-like cancer cells, where such variations further influence
patient outcomes.

For validation, we performed another CIBERSORTXx analysis
on bulk RNA-seq data for non-TNBCs, using non-TNBC SMI
data as a reference. The results were consistent with the SMI
data, demonstrating basal-like cancer cells and SPP1+ Mac
enrichment in the D group with limited presence of CD8*
T cells (Figure S5A). However, subgroup analysis revealed that
these findings were more pronounced in HR+HER2— patients
(Figures S5B and S5C).

Furthermore, survival analysis in the METABRIC cohort (non-
TNBC, N = 1,671) confirmed these findings. Specifically, SPP1
+ Mac enrichment was significantly associated with worse OS
(hazard ratio: 1.20, 95% CI: 1.09-1.32, p < 0.0001, Figure S5D)
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and RFS (hazard ratio: 1.12, 95% CI: 1.12-1.26, p < 0.0001,
Figure S5E). In addition, basal-like cancer cell enrichment corre-
lated significantly with poorer RFS (hazard ratio: 1.12, 95% CI:
1.12-1.26, p < 0.0001, Figure S5E) but did not reach statistical
significance regarding OS (hazard ratio: 0.88, 95% CI: 0.77-
1.01, p = 0.0724, Figure S5D).

Basal-like subtype, associated with HRD, is the
foremost factor in determining dismal prognosis in
residual HR+HER2- BC post-NAC

Intrinsic subtyping with bulk RNA-seq of HR+HER2— BCs
showed that the basal-like subtype was observed in ten of twelve
BCs in the D group whereas the ND group consisted of luminal A
and B types, not basal-like subtype (Figure 6A). According to
genome and exome sequencing, the frequency of TP53 patho-
genic variants (PVs) differed based on prognosis. In the D group,
TP53 PVs were detected in all BCs except one, which harbored
AKT1 PV; furthermore, all samples were classified as basal-like
harbored TP53 mutations (eleven of twelve, p < 0.01)
(Figure 6B). However, there was no difference in the TP53 PV
loci between the ND and D groups.

Mutational signature analysis®® found that SBS3 was associ-
ated with the D group, whereas SBS1 was associated with the
ND group (Figure 6C). Additional analyses for HRD suggested
that the HRD score was significantly higher in the D group
compared to the ND group (p = 0.023) (Figure 6D). Among the
components of HRD scores, the loss of heterozygosity (LOH)
score was strongly associated with the D group rather than the
ND group (p = 0.0018). Both the SBS3 and HRD scores were
strongly associated with the basal-like intrinsic subtype (p =
0.00524 and p = 0.00172, respectively) (Figure 6E). In addition,
SBS3 and HRD scores were positively correlated in the basal-
like type (R = 0.74, p = 0.014) but not in the non-basal type
(R=0.29, p = 0.33) (Figure 6F).

In survival analysis, the SBS3 signature, high HRD score, and
basal-like subtype were associated with shorter DFS and OS
compared to other mutational signatures, low HRD scores,
and non-basal subtypes (p < 0.05) (Figures 6G, 6H, and 6l). In
multivariable analysis, only basal-like subtype was strongly
associated with poor prognosis (hazard ratio: 105.24, 95% Cl:
4.86-2277; p = 0.003) (Figure 6J).

Extreme structural variations and genetic alterations of
HER2 as key survival strategy in residual HER2+ BC after
NAC

All dismal HER2+ BCs harbored TP53 PVs, and 50% of them
also carried PIK3CA PVs. Interestingly, ERBB2 single-nucleotide
variants (SNVs) and insertions or deletions were only observed in
the D group (Figure 7A). Although only one SNV of ERBB2 was
located in tyrosine kinase domain, SIFT predicted it to be a dele-
terious alteration (Figures 7B and S6A). Other findings, such as
SBS and HRD scores, did not differ between the D and ND
groups in HER2+ BCs (Figure 7C).

When analyzing focal oncogene amplification, we found that
oncogenic interchromosomal amplicons were significantly
more frequent in the D group (ten of twelve, 83.3%) compared
to the ND group (none of six) (p = 0.0015) (Figures 7D and
S6B). Moreover, interchromosomal amplicons co-carrying
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ERBB2, CDK12, and C170rf37 were observed in eight of twelve
D HER2+ BCs (75.0%) (p = 0.013; Fisher’s exact test). These am-
plicon characteristics were summarized in Table S4. These
events were closely associated with chromothripsis regardless
of their fate, amplicon classification, or other amplicon charac-

% %7
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teristics (Figure S6C).

Although we did not observe significant differences in extra-
chromosomal DNA (ecDNA) frequency (Figures 7E and S6D)
and median number of chromosomes in an amplicon, as well
as the number of ecDNA instances (Figure 7F), we found that
the size of all the amplicons or ecDNA only was significantly
larger in the D group compared to ND BCs (p = 0.024 and
p = 0.034, respectively) (Figure 7G). Additionally, the number of
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Figure 6. Basal-like subtype and homolo-
gous recombination deficiency as determi-
nants of dismal prognosis in residual HR
+HER2—- BC post-NAC

(A) Intrinsic subtype prediction in HR+HER2— bulk
RNA-seq dataset.

(B) Somatic mutation profiles of HR+HER2— BCs
by prognosis (Fisher’s test). COSMIC Cancer
Gene Census v.90 genes are highlighted in red.
(C and D) Violin plots of SBS1 and SBS3 pro-
portions (C) and HRD scores (D) by prognosis.
(E) HRD score and SBS3 proportion comparison
between basal and non-basal intrinsic subtypes.
(F) Correlation between SBS3 proportion and HRD
score in basal and non-basal subtypes. R: Pear-
son’s correlation coefficient; solid line: fitted linear
regression with 95% confidence intervals.

(G and H) Kaplan-Meier survival curves stratified
by SBS3 proportion (G) and HRD score (H) using
median cutoff.

(I) Kaplan-Meier survival curves for basal vs. non-
basal intrinsic subtypes.

(J) Forest plot of Cox multivariable regression for
disease-free survival. Hazard ratios are shown as
rectangles with 95% confidence intervals.
*p < 0.05; **p < 0.01; **p < 0.001.

For all the violin plots, central lines represent the
median; boxes indicate the interquartile range.

oncogenes contained within an amplicon
was significantly higher in the D BCs than
in ND BCs (p = 0.016) (Figure 7H). There
were no differences in the average copy
number of amplicons or the number of in-
tervals within an amplicon between the
two groups, however (Figures 71 and 7J).

DISCUSSION

Our study demonstrates that, in residual
TNBC after NAC, an inflamed TME driven
by CXCL9+ Macs working with CD8*
T cells near cancer cells critically influ-
ences outcomes. This interaction was
mediated by IFN-y and other chemo-
kines. In non-TNBC, while immune cells
were scarce and less significant than in

TNBC, they still contributed to improved survival. Additionally,
tumor-intrinsic factors like basal-like features, TP53 mutations,
and ERBB2 alterations proved critical in non-TNBC outcomes.
Tumor-infiltrating lymphocytes (TILs) as well as CD8" T cells
are known predictive biomarkers for BC prognosis.?’*° How-

ever, TILs’ prognostic impact varies by subtype, with stronger
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influence in TNBC and HER2+ BC than in HR+HER2— dis-
ease.”® Another research indicates that CD8* T cells specif-
ically affect basal-like BC prognosis rather than luminal or
HER2+ subtypes.*°

In our spatial analysis of residual BC after NAC in TNBC, we
evaluated CD8" T cells and other immune cells. Our study focused
on residual BC that did not achieve pCR after NAC, where the
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Figure 7. Comparative analysis of genomic
and amplicon characteristics in HER2+ BC
based on patient outcomes

(A) Somatic mutation profiles of HER2+ BCs by
prognosis. COSMIC Cancer Gene Census v.90
genes are highlighted in red.
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(C) Violin plots of HRD score and mutational
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(D) Distribution of oncogene-carrying focal am-
plifications with characteristics (interchromo-
somal, intrachromosomal, and copy counts) in
HER2+ patients (N = 18) grouped by prognosis
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(E) Distribution of ecDNA-bearing patient classifi-
cation in HER2+ subtype between D and ND
conditions.
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tumor niche contained only a few CD8* T cells. Despite this limited
presence, these CD8* T cells actively interacted with CXCL9+
Macs through chemokines and IFN-y signaling pathway. This pos-
itive feedback loop ultimately contributed to improved survival
outcomes particularly in TNBC (Figure S7).

CXCL9+ Macs, closely associated with IFN-y pathway, had a
major role in recruiting CD8" T cells in TNBC data. While previous
research suggested that cooperation between tumor-derived
CCL5 and CXCL9+ antigen-presenting cells enables T cell infil-
tration and immune checkpoint inhibitor (ICl) responsiveness,®’
our findings suggest a more complex picture. Instead of tu-
mor-derived CCL5, we identified a coordinated chemokine
network where neutrophil-derived CCL3 and T cell-derived
CCL5 facilitate initial recruitment, followed by CXCL9-driven

., N_Chromosomes + 1

(l) amplicon copy number, and (J) interval counts.
ecDNA + ChrAmp, all amplicons; ecDNA Only,

F ecDNA amplicons; ChrAmp Only, ChrAmp ampli-

cons.
Number of Chromosomes in an Amplicon

p value is from two-sided Wilcoxon rank-sum test.
B e bkl For all the violin plots, central lines represent the
wash gy ma median; boxes indicate the interquartile range.

amplification and activation of CD8*
T cells. This highlights the complex,
cooperative nature of chemokine
signaling pathways in shaping the im-
mune microenvironment in TNBC.

We also demonstrated that hypoxia
signals from tumor cells recruited SPP1
+Macs, which were more prevalent in
the D group compared to the ND group.
| Moreover, SPP1+ Macs were negatively

correlated with CXCL9+ Macs as previ-
Y l l ous study.®” Additionally, SPP1+ Macs
u an | PN have been associated with cancer pro-
B gression in colon cancer, hepatocellular
carcinoma, and glioma.***° Our findings
are in line with these studies but suggest
that SPP1+ Mac alone does not determine poor prognosis
across all BC subtypes. Instead, they contribute by reducing
the proportion of CXCL9+ Macs, which leads to worse
outcomes.

In non-TNBC, CXCL9+ Macs were absent with minimal
CD8" T cells, indicating underdeveloped immune responses.
Basal-like cancer cells recruited more immune cells but
were associated with poorer prognosis. However, greater im-
mune infiltration in basal-like cells correlated with favorable
outcomes. Previous studies have shown that luminal BC has
fewer CD8" T cells and lower PD-L1 expression.*®*’ In addi-
tion, TILs do not have a prognostic role in HR+HER2— BC.?°
However, clinical trials of ICls have suggested that ICls
improve pCR rates, particularly in HR+HER2— BC with a low
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estrogen receptor (ER) score and basal-like intrinsic sub-
type.®®%° Our study suggests that basal-like cancer cells
interact closely with immune cells, potentially facilitating ICI
efficacy with NAC.

In HR+HER2— BC, genomic profiling revealed that TP53 PVs,
SBS3, and high HRD scores were associated with the basal-like
subtype and a dismal prognosis. These findings were consistent
with those from previous studies, which have already demon-
strated an association between genomic features and the im-
mune landscape, as well as their impact on BC prognosis.*°
Our findings suggest that, in HR+HER2— tumors with basal-
like features after NAC, PARP inhibitors and/or immunotherapy
may warrant further investigation to reduce relapse risk.

Previous studies showed TILs predict pCR after NAC with
HER2 blockade and DFS in adjuvant settings for HER2+
BC.>>*"*2 However, in the neoadjuvant setting, the impact of
TILs on DFS diminished after adjusting for pCR,*' suggesting
that treatment response matters more than TIL presence. In
fact, we rarely observed CD8* T cells in HER2+BC and instead
revealed that structural alterations of HER2 itself were pivotal
in shaping BC prognosis.

ERBB2 amplification is a hallmark of HER2+ BC. In this study,
ERBB2 mutations and ecDNA containing ERBB2 were frequently
observed in dismal HER2+ BC. ERBB2 mutations, found in 3%—
4% of HER2+ BCs, are considered a mechanism of resistance to
anti-HER2 antibodies.*>** ECDNA represents the ultimate struc-
tural variants of oncogenes, and, in our data, ecDNA containing
ERBB2 was found in up to 80% of dismal HER2+ BC in our
cohort. ECDNA has been known to be associated with oncogene
amplification and worse prognosis.*>**® Notably, large interchro-
mosomal ecDNA including CDK12, ERBB2, and C170rf37 was
frequently observed in dismal BC. A recent study on esophageal
cancer also suggested that tumors with ecDNA had inferior sur-
vival outcomes when treated with anti-HER2 therapy.*’

RCB classification has been the strongest surrogate marker
for predicting post-NAC survival. However, our study goes
beyond this traditional approach by elucidating critical cellular
and genomic determinants influencing survival outcomes, espe-
cially in residual tumors classified as high RCB. In TNBC, we un-
covered a pivotal role for CXCL9+ Macs collaborating with CD8*
T cells through a dynamic, chemokine-driven and IFN-y-medi-
ated interaction, highlighting previously unexplored therapeutic
avenues to enhance immune activation. Conversely, in non-
TNBC, intrinsic tumor factors—including basal-like phenotypes,
TP53 mutations, and ERBB2 genomic alterations—emerged as
primary prognostic determinants, surpassing the influence of im-
mune cell infiltration alone. Integrating comprehensive genomic
profiling and immune landscape analyses with traditional RCB
classification may offer a more precise, personalized prognostic
framework for guiding future BC treatment decisions.

Limitations of the study

Our study has several limitations. We only analyzed post-NAC
residual tumors, preventing distinction between pre-existing
and therapy-induced alterations. The small sample size, particu-
larly in the D non-TNBC subgroup, also reduced statistical po-
wer. The study employed SMI in focused regions of interest;
thus, intratumoral heterogeneity beyond those sampled regions
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may be underrepresented. Moreover, the single time point of
sampling does not capture temporal shifts in tumor-immune in-
teractions, making it challenging to assess evolving clonal dy-
namics or immune responses over the full course of treatment.
Finally, while we provide key insights into Mac subtypes and
spatial interactions, functional validation is needed to strengthen
the findings.
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Requests for further information, resources, and reagents should be directed
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Materials availability
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Data and code availability

® The CosMx data generated in this study have been deposited in the
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raw sequencing data generated in this study have been deposited in
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® All scripts used for spatial transcriptomic analysis are archived in a
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Human specimens

Using the breast cancer registry in the Cancer Clinical Data Warehouse (CDW) of Samsung Medical Center, we identified data from
EBCs that had received NAC followed by curative surgery between 2009 and 2020. Patient characteristics including age, sex, and
other clinically relevant factors are summarized in Table S1. From this EBC dataset, we collected BCs that did not achieve a pCR and
experienced distant recurrence within two years after curative surgery. This group was labeled the D group. In addition, we collected
data from BCs that did not achieve a pCR but did not experience any recurrence, forming the control group (ND group). For these
BCs, fresh frozen (FF) tumor specimens and blood samples at curative surgery were provided by the BioBank at Samsung Medical
Center. This study was approved by institutional review board (IRB) (IRB number: 2021-02-101) and was conducted in accordance
with the tenets of the Declaration of Helsinki and the Guidelines for Good Clinical Practice. All participants gave written informed con-
sent. All available hematoxylin and eosin-stained slides for FF tissues were collected. Pathology specimens were reviewed by inde-
pendent pathologists to determine tumor histology and immunohistochemical (IHC) findings (estrogen receptor [ER] and progester-
one receptor [PgR] expression and HER2 overexpression). ER and PgR positivity, where the presence of either was defined as HR
positivity, was determined by Allred scores ranging from 3 to 8, based on IHC with antibodies to ER (Immunotech, Marseille, France)
and PgR (Novocastra Laboratories Ltd., Newcastle upon Tyne, UK). HER2 status was evaluated using a specific antibody (Dako,
Glostrop, Denmark), fluorescent in situ hybridization (FISH), or silver in situ hybridization (SISH). A HER2 IHC score of 0 or 1 was
defined as a negative result, while a score of 3 was defined as positive. HER2 amplification was confirmed by FISH or SISH if the
HER2 score was 2. TNBC was defined as negative for ER, PgR and HER2. Baseline clinical characteristics, histologic characteristics,
and treatment response and survival outcomes were collected. Breast magnetic resonance imaging (MRI), chest computed tomog-
raphy (CT), abdomino-pelvic CT, and bone scans were performed for staging. Staging was conducted using the anatomical staging
system of the American Joint Committee of Cancer (AJCC) 8th edition.

METHOD DETAILS

Sequencing experiment

Extraction of DNA and RNA

Nucleic acid extraction was performed on samples with sufficient tumor tissue. FF samples were split for RNA and DNA extraction,
and cryo-sectioned tissues were stained with hematoxylin and eosin (H&E) to assess tumor content. For quality control, we excluded
samples with less than 30% tumor content. Genomic DNA was extracted from FF tissues using the QlAamp DNA Mini Kit (Qiagen)
from buffy coats using the QlAamp DNA Blood Mini Kit (Qiagen). Total RNA extraction from FF tissues was carried out using the
RNeasy Mini Kit (Qiagen), following the manufacturer’s protocol. Nucleic acid yield and purity were assessed using the NanoDrop
ND-1000 Spectrophotometer (NanoDrop Technologies, Thermo-Fisher Scientific, MA, USA)

WHOLE GENOME/EXOME SEQUENCING

The integrity of the genomic DNA was checked by running an agarose gel electrophoresis and gDNA was quantified using Quant-IT
PicoGreen (Invitrogen). The sequencing libraries were prepared according to the manufacturer’s instructions of the TruSeq DNA
Nano Library Prep Kit (lllumina, Inc., San Diego, CA, USA). Briefly, Fragmentation of 100 ng of genomic DNA was performed using adap-
tive focused acoustic technology (AFA; Covaris) and the fragmented DNA underwent end-repair to create 5'-phosphorylated, blunt-
ended dsDNA molecules. Following end-repair, DNA was size selected with a bead-based method. These DNA fragments went through
the addition of a single ‘A’ base, and ligation of the truseq indexing adapters. The purified libraries were quantified using gPCR accord-
ing to the gPCR Quantification Protocol Guide (KAPA Library Quantification kits for lllumina Sequencing platforms) and qualified using
the Agilent Technologies 2200 TapeStation (Agilent Technologies). We then sequenced using the Novaseq6000 (lllumina)

WHOLE TRANSCRIPTOME SEQUENCING

Total RNA concentration was calculated by Quant-IT RiboGreen (Invitrogen). To determine the DV200 (% of RNA fragments >200 bp)
value, samples were run on the TapeStation RNA Screentape (Agilent). A total of 100 ng of total RNA was subjected to sequencing
library construction using a TruSeq RNA Access library prep kit (Illumina, San Diego, CA, USA) according to the manufacturer’s pro-
tocols. Briefly, the total RNA was first fragmented into small pieces using divalent cations under elevated temperature. The cleaved
RNA fragments were copied into first strand cDNA using SuperScript Il reverse transcriptase (Invitrogen, #18064014) and random
primers. This was followed by second strand cDNA synthesis using DNA Polymerase I, RNase H, and dUTP. These cDNA fragments
then went through an end repair process, the addition of a single ‘A’ base, and then ligation of the adapters. The products were then
purified and enriched with PCR to create the cDNA library. All libraries were normalized and six libraries were pooled into a single
hybridization/capture reaction. Pooled libraries were incubated with a cocktail of biotinylated oligos corresponding to coding regions
of the genome. Targeted library molecules were captured via hybridized biotinylated oligo probes using streptavidin-conjugated
beads. After two rounds of hybridization/capture reactions, the enriched library molecules were subjected to a second round of
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PCR amplification. The captured libraries were quantified using KAPA Library Quantification kits for lllumina Sequencing platforms
according to the gPCR Quantification Protocol Guide (KAPA BIOSYSTEMS, #KK4854) and qualified using the TapeStation D1000
ScreenTape (Agilent Technologies, #5067-5582). Indexed libraries were then sequenced using the NovaSeq 6000 platform (lllumina,
San Diego, USA) by Macrogen Incorporated.

WGS/WES ANALYSIS

Sequence alignment
Using the Burrows Wheeler aligner (BWA v0.7.17),*° paired-end reads were aligned to the GRCh38 Human reference genome.
Genome Analysis Toolkit (GATK) v4.2°° was used for the local realignment and quality score recalibration procedures.

Somatic point mutation

To facilitate more comprehensive comparative analysis between BC subtypes within the expanded sample set, we incorporated
WGS as well as WES samples into our analysis. For the WGS dataset, we focused on mutations within exome regions corresponding
to those targeted by WES. Somatic mutations were identified using MuTect2 with paired tumor and matched normal samples. Var-
iants were filtered for false positives using ‘FilterMutectCalls’ tool from GATK, and annotated using VEP v.92.1.

Mutational signature

The deconstructSigs R package®' was used to analyze single base substitution signatures. Consistent with our approach for somatic
point mutation analysis, both WGS and WES datasets were utilized. For the input variant call format (VCF) files, variants present in
exome regions were considered. The significance between D and ND groups was determined by Wilcoxon rank-sum test.

Homologous recombination deficiency (HRD)

To calculate HRD score, scarHRD R package®” was used. HRD score was determined by the sum of the number of loss of hetero-
zygosity (LOH), telomeric allelic imbalances (TAl), and large scale transitions (LST) events. The segmentation files derived from Se-
quenza results served as input for scarHRD, with 'grch38’ set as the reference genome. Both WGS and WES datasets were used for
the analysis, focusing on events within exome regions. Differences between groups were assessed by Wilcoxon rank-sum test.

Structural variation

The genomic rearrangements were detected in WGS dataset using GRIDSS v.2.13.2.%° For somatic filtering, ‘gridss_somatic_filter’
tool was additionally performed. Structural variants classified as high quality, defined as QUAL score >1000 and assemblies from
both breakpoint sides (AS>0 & RAS>0), were included in the analysis.

WTS ANALYSIS

Sequence alignment and quantification
Sequencing reads were mapped to the GRCh38 human reference genome of GENCODE v36 using STAR v2.7.9a.>* The expression
values for Fragments Per Kilobase of exon model per Million Mapping Fragments (FPKM) were determined by RSEM v1.3.3.5°

Intrinsic subtype prediction
The ‘molecular.subtyping’ function with ‘pam50’ subtyping classification model in the genefu®® bioconductor package (v2.26.0) was
used to identify the intrinsic subtypes of each sample.

Cell type Estimation

CIBERSORTxX>® was performed to estimate cell types of each sample. Reference cell types from TNBC and non-TNBC SMI datasets
were used for deconvolution in both TNBC and non-TNBC samples. Statistical significance between groups was assessed by Wil-
coxon rank-sum test.

Survival analysis

DFS and OS were evaluated using the Kaplan-Meier method to estimate survival curves. To assess the impact of covariates on sur-
vival, Cox proportional-hazards regression was applied, and hazard ratios along with 95% Cls were calculated. The ‘forest_model’
function of forestmodel R package was used to generate forest plots.

CosMx SPATIAL TRANSCRIPTOMICS
Tissue preparation

Tissue microarray (TMA) slides containing tumor tissue from our study cohort were used for CosMx. To address the distribution of
immune cells in the tumor microenvironment and their association with clinical outcomes, a large core (5 mm core size) TMA was
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generated. Five-micron tissue sections were cut from TMA blocks using a microtome, placed in a heated water bath, and mounted on
Superfrost Plus microscopy slides (VWR, Cat #: 48311-703) according to NanoString’s sample preparation guide specifications. De-
tails of spatial transcriptomic experiment were described in well-established documents.®”

Spatial gene expression profiling

CosMx SM profiling was conducted on 15 TNBC samples, 6 HR + HER2-samples, and 10 HER2-positive (HR+/HER2+) samples. In total,
31 formalin-fixed paraffin-embedded (FFPE) samples from 31 patients were distributed across four slides (two for TNBC and two for non-
TNBC) for tissue microarray (TMA) creation with a 5 mm core diameter. These slides were sent to NanoString for profiling as part of their
early Technical Access Program (TAP). We employed a protocol that allowed an average of 6.7 fields of view (FOVs) per sample, with
each FOV measuring 0.51 mm x 0.51 mm. The CosMx Human Universal Cell Characterization RNA panel (1000-plex) was applied to
TNBC samples across 88 FOVs, while the CosMx Human 6K Discovery Panel (6000-plex) was applied to non-TNBC samples across
121 FOVs. Sample processing, staining, imaging, and cell segmentation followed previously established methods.®” In brief, 5 pm sec-
tions of an FFPE TMA block were cut using a microtome and placed onto VWR Superfrost Plus Micro Slides (Cat# 48311-703), adhered to
slides after being placed in a heated water bath. These slides were then dried overnight at 37°C, vacuum-sealed, and stored at 4°C until
they were analyzed. Manual FFPE tissue preparation, in situ hybridization (ISH), coverslip application, and cyclic RNA readout on the SMI
followed established protocols. After all cycles were completed, additional markers for morphology and cell segmentation, including
DAPI, pancytokeratin (PanCK), CD45, CD298/B2M, and/or CD3, were added. A 3D multichannel image stack was obtained at each
FOV location. Registration, feature detection, localization, identification of individual transcripts, and cell segmentation were performed
using established methods. The final segmentation assigned each transcript location in the registered image to the corresponding cell,
including the specific cell compartment (nucleus, cytoplasm, membrane) where the transcript was found. Additional features generated
included shape metrics (area, aspect ratio) and fluorescence intensity statistics (minimum, maximum, average) per cell.

Cell type annotations

We annotated cell types independently for TNBC and non-TNBC samples due to differences in their panels. For each tissue sample,
we collected and processed probe counts, spatial coordinates, and cell segmentation data using Seurat v5.0.°® We excluded cells
with fewer than 20 transcript counts or unusually large areas (defined as exceeding five times the geometric mean, indicative of seg-
mentation errors) from further analysis. For cell type identification, we employed the InSituType'® supervised clustering method for
initial phenotyping with scRNA reference data from Wu et el.'* Cells were assigned a type if their cell type probability exceeded 80%.
For cancer cell clusters, we used InSituType again to identify subclusters as defined in the reference dataset. Cancer cells that met
the 80% threshold for the cancer cluster but did not meet the threshold for any subcluster were labeled as ‘Cancer Unassigned’. After
initial InSituType phenotyping, we focused on lymphocyte and myeloid cell clusters. We performed subcluster identification using
principal component analysis (PCA) and UMAP projections after batch correction. Batch correction was achieved using the “Run-
Harmony()” function from the Harmony package (v1.2.0),°° followed by UMAP using the Seurat package to generate cell embeddings
representing the integrated space. Differentially expressed genes (DEGs) among these subclusters were identified using the “FindAll-
Markers” function in Seurat. These DEGs were instrumental in further refining cell phenotypes, such as identifying regulatory T cells.

Milo and differential abundance test

We employed Milo'® (v2.0) to examine the differential abundance of myeloid cells within specific neighborhoods between dismal and
non-dismal prognosis groups in TNBC. Initially, we used the “buildGraph” function to create a KNN graph with k = 20, utilizing 20 principal
components. Subsequently, the “makeNhoods” function was employed with parameters set to prop = 0.2. For differential abundance
testing, we used the “testNhoods” function with TMM normalization and included disease outcome as a covariate in the model. To
manage multiple testing, we utilized the spatial FDR approach in Milo, employing the graph-overlap weighting, with the SpatialFDR cutoff
set at the 0.1 level. The spatial FDR and log, fold change in cell numbers between conditions for each neighborhood were visualized.

Spatial distribution analysis of myeloid cells

To understand the spatial distribution of myeloid cell populations, we used SPIAT'® (v1.6.0) to identify the tumor margin. SPIAT uses
an alpha hull®® algorithm, which generalizes the convex hull®' by using curves instead of straight lines to better define tissue margins.
The radius () of these curves determines their curvature, with larger o values producing less curved hulls for complex borders and
smaller o values giving finer resolution for clearer borders.

In our analysis, we used the “identify_bordering_cells” function from SPIAT with the reference_cell parameter set to Cancer,
Normal Epithelial, and Myoepithelial cells using a default « value. This function designates the cells on the alpha hull as the margin
cells of the structure. We then calculated the distance of myeloid cells from the margin using the “calculate_distance_to_margin”
function and classified cells based on their location into intratumor and stromal areas, using a distance of 1 cell from the tumor margin
as the cutoff with the “define_structure” function.

Cell-cell Co-localization analysis

To evaluate the spatial relationships between two or more cell types, we utilized the NMS metric from SPIAT."® The mixing score
measures the interactions between two different cell types by calculating the ratio of interactions between reference cells and target
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cells to the interactions among reference cells themselves. An interaction is defined when two cells are within a specified radius of
each other. Since the mixing score can be influenced by the total number of reference and target cells, SPIAT provides the NMS to
account for all possible interactions within an image, regardless of radius limitations. For our analysis, we set the interaction radius to
50 pm and calculated NMS between the cells of interest, assigning a value of 0 when no target cells were within the specified radius of
the reference cells.

Cell-cell interaction analysis

We employed CellChat to infer cell-cell interactions and compared CCL pathways between non-dismal and dismal samples. The
analysis was conducted separately for each prognostic group. A CellChat object was created for each group using the normalized
gene expression matrix and cell type annotations. We then executed the recommended CellChat workflow, which included calcu-
lating communication probabilities while applying a distance constraint that limited ligand-receptor interactions to a maximum range
of 100 pm. The trim fraction was set to 0.1, and a minimum threshold of 5 cells per group was applied to qualify for communication
analysis. After completing these steps, we compared the CCL pathway networks between the two groups. To further analyze differ-
ences, the non-dismal and dismal CellChat objects were merged into a single object using the “mergeCellChat” function.

Transcription factor (TF) activity analysis

To identify TF activities characterizing specific cell types, we used SCENIC?® (v1.3.1), which reconstructs gene regulatory networks
and identifies cell states based on co-expression and DNA motifs. This analysis involved identifying the regulatory relationships be-
tween TFs and their target genes and predicting an activity score for each TF. Initially, we filtered out genes expressed in fewer than
1% of cells and selected those available in the RcisTarget database. Using the “runCorrelation” function, we created a correlation
matrix and identified potential TF targets with GENIE3. Potential direct-binding targets were then identified with RcisTarget based on
DNA motif analysis. The specificity of TF signatures in each cell type was determined by scoring intracellular network activity using
AUCell.

Scoring of gene signatures

To identify signatures in cancer cells, genes from previously defined metaprograms (MPs)'” were utilized. Out of a total of 41
consensus MPs, those enriched in breast cancer (N = 18) and interferon signatures (N = 2) were selected for further analysis. Signa-
ture scores were computed using the “AddModuleScore” function in Seurat. To analyze the spatial association between specific
signatures in individual cancer cells and immune cells, we calculated the Euclidean distance between cancer cells and other cells.
For macrophage-related signatures, gene sets were obtained from the study by Cheng et al.?” and signature scores were also calcu-
lated using the “AddModuleScore” function.

Comparing cellular niches

To identify and compare spatial cellular niches, we utilized the CellCharter'® algorithm, which facilitated the unsupervised identifica-
tion of spatial clusters. Through stability analysis, we determined the optimal number of clusters and selected 7 clusters for further
investigation. We then compared the proportion of each niche between the D and ND groups of TNBC using the Wilcox test. Addi-
tionally, we conducted a differential neighborhood enrichment analysis between the D and ND groups in TNBC, performing 1,000
permutations to ensure robustness.

Spatial autocorrelation

To evaluate the spatial proximity of CD8A and chemokines, we used bivariate Moran’s I=. We identified the five nearest neighbors for
each cell using the spdep R package (version 1.3-4).°® For each FOV, we converted gene expression data to spatial objects, calcu-
lated the k-nearest neighbors, and created a neighbor list. The bivariate Moran’s | for every gene pair was then calculated by inputting
gene expression data and weights into the “moran_bv” function in spdep. This metric ranges from —1 (indicating a strong inverse
spatial autocorrelation) to +1 (indicating a strong positive spatial autocorrelation), with values around 0 suggesting no spatial relation-
ship between the gene expressions.

|22

Differential Cell type abundances

In non-TNBC data, cell type abundances were calculated per FOV. Differential abundance analysis was performed using a general-
ized linear model with a quasi-likelihood approach. The design matrix for the model included factors for cancer subtype and disease
outcome group. Dispersion was estimated with the “estimateDisp” function, and statistical testing was conducted using
“gImQLFTest” in edgeR®* (v4.2.0). Significant changes in cell type abundances were identified and visualized.

METABRIC COHORT
To validate and further investigate the prognostic significance of specific cell types, we used breast cancer profiling data from the

METABRIC dataset available through cBioPortal. Gene expression and clinical data were downloaded. Expression data were ex-
tracted from the lllumina microarray platform, and clinical data, including OS and RFS, were matched with patient samples. Signature
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scores were calculated by Z score normalization of marker gene expression levels, followed by averaging across samples. Patients
were stratified into high and low signature expression groups based on the optimal cut-off point, which was determined by maxi-
mizing the log rank test statistic. Kaplan—Meier survival curves were generated to compare survival outcomes, and differences be-
tween groups were assessed using log rank tests. Cox proportional hazards models were used to estimate hazard ratio and 95% CI.

WGS COPY NUMBER ANALYSIS

We used hmftools®® to perform CNV analysis of the WGS data. (https://github.com/hartwigmedical/hmftools). PURPLE (v3.7.2) was
used to determine total copy number, tumor ploidy and purity. PURPLE combines B-allele frequency (AMBER v3.9), read depth ratios
(COBALT v1.13), somatic variants (SAGE v3.2.2, PAVE v1.4.1) and structural variants (GRIDSS v2.13.2,°° GRIPSS v2.3.2). Unsup-
ported copy number segment, which is copy number segment without structural variant support on either side, can be identified us-
ing PURPLE.

AMPLICON ANALYSIS

AmpliconArchitect (part of AmpliconSuite-pipeline, version 0.1344.2) was run using default settings. This includes BAM file down-
sampling to 10X coverage prior to detection of seed regions, to normalize sequencing depth between samples. Candidate seed re-
gions for inputs to AmpliconArchitect were identified with AmpliconSuite-pipeline.py which uses CNVkit®” for detecting DNA copy
number alterations, and were defined as at least 50 kb in length and at minimum 4.5 copy number. AmpliconClassifier (v0.4.16)
was invoked from AmpliconSuite-pipeline to predict the class of focal amplification and refine gene coordinate involved in the spe-
cific focal amplifications. Amplicons were classified into two categories: ecDNA (circular) and ChrAmp (linear or complex). Samples
with at least one circular amplicon (ecDNA) were classified as ecDNA. Samples with amplicons but without ecDNA were classified as
ChrAmp, and samples without any amplicons were classified as NoAmp. Amplicons overlapping with unsupported copy number
segments were excluded.

QUANTIFICATION AND STATISTICAL ANALYSIS

The quantification methods and statistical analyses for CosMx, DNA, and RNA sequencing are detailed in the corresponding sections
of the STAR Methods. Relevant statistical parameters are provided in the legend of each figure unless specified otherwise.
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