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Purpose: Analyses of patients with early-stage, treatment-naive triple-negative breast cancer (TNBC) have demonstrated that high
glucocorticoid receptor (GR) expression in primary tumors is associated with poor prognosis. We previously observed that GR-high
primary TNBCs exhibited significantly increased numbers of tumor-infiltrating regulatory T cells (Tregs) compared with GR-low
tumors. To further investigate GR-associated immunologic features, we leveraged imaging mass cytometry (IMC) to profile additional
immune cell phenotypes and spatial architecture in GR-high versus GR-low primary TNBC.

Patients and Methods: Tumor-infiltrating immune cells were profiled in formalin-fixed paraffin-embedded (FFPE) core biopsies
from five untreated GR-high and four GR-low TNBC tumors using IMC with a 21-antibody panel. Regions of interest (ROI) were
selected within pan-cytokeratin-positive tumor nests. Data underwent unsupervised clustering, and cell types were identified based on
protein expression profiles. Analyses compared cell-type abundance and spatial interactions in GR-high versus GR-low tumors.
Results: GR-high tumors exhibited significantly greater Treg infiltration within tumor nests than GR-low tumors. GR-high TNBC also
showed a comparatively greater abundance of activated memory CD8+ T cells, cytotoxic CD4+ T cells, and effector memory CD4+
T cells. In contrast, GR-low tumors exhibited relatively greater representation of HLA-ABC-positive (HLA-ABC+) cancer cells as
well as early-activated dendritic cells (DCs) and natural killer (NK) cells. Spatial analysis revealed that Tregs in GR-high tumors
colocalized more frequently with proliferating tumor cells relative to Tregs in GR-low tumors. NK cells in GR-high tumors displayed
relatively less colocalization with proliferating tumor cells.

Conclusion: Compared with GR-low disease, treatment-naive GR-high primary TNBC exhibits a more immunosuppressive tumor
microenvironment characterized by greater Treg density, closer Treg-cancer cell proximity, reduced NK cell infiltration, impaired
immune surveillance, and decreased abundance of HLA-ABC+ cancer cells. These findings implicate TNBC cell GR signaling as
immunosuppressive, likely through mechanisms resulting in both differential immune cell enrichment and altered spatial organization.
Keywords: imaging mass cytometry, tissue architecture, tumor infiltrating immune lymphocytes, antigen presentation, antitumor

immunity

Introduction
Triple-negative breast cancer (TNBC) is a clinically aggressive disease marked by limited and often non-durable

responses to existing therapies in part due to biological heterogeneity.!* Emerging evidence suggests that tumor cell-
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intrinsic signaling programs dictate the cellular composition and spatial organization of the immune-tumor cell neighbor-
hood in vivo.*> > Defining these programs has critical implications for understanding and targeting immune evasion and
drug resistance.> Tumor cell glucocorticoid receptor (GR) expression and activation have been associated with
enhanced cancer cell survival, metastatic potential, and poor patient outcomes.*’ High tumor cell GR expression
correlates with decreased overall survival in patients with estrogen receptor (ER)-negative breast cancers, including
TNBC, when compared with patients who have ER-positive disease.®

Our group and others have demonstrated that early-stage TNBC with high tumor cell GR expression is associated
with an immunoregulatory tumor microenvironment (TME) characterized by greater infiltration of regulatory T cells
(Tregs).”'® Although these findings suggest a role for tumor cell GR activity in shaping tumor-immune cell dynamics,
those data were derived from bulk gene transcriptomic profiling or limited-marker immunohistochemistry (IHC), both of
which lack the spatial and phenotypic resolution required to fully characterize the TME. As a result, the broader immune
landscape and spatial organization of GR-high TNBC TMEs remain poorly defined.>*

Imaging mass cytometry (IMC) enables simultaneous quantification of over 40 protein markers using metal-tagged
antibodies and laser ablation mass spectrometry, while preserving spatial resolution at the single-cell level.'" Leveraging
this platform, we expanded upon prior IHC-based data® to more comprehensively characterize the immune landscape of
treatment-naive TNBC with high versus low GR-expression. IMC enabled detailed phenotyping, quantification of
immune cell subsets, and interrogation of cell-cell spatial relationships within the TME. We hypothesized that, beyond
greater Treg infiltration, GR-high TNBC might be associated with additional TME immunosuppressive features.>'%-'?

To our knowledge, this is the first study to spatially resolve GR-associated immune architecture in TNBC using
cellular resolution IMC, providing novel insights into how tumor cell GR signaling may enhance immune evasion and
promote disease progression.

Materials and Methods
TNBC Data Collection

Pre-treatment tumor tissue from the diagnostic tumor biopsies of a previously reported cohort of 47 patients with TNBC
investigated with multiplex THC were available for this IMC study.” These diagnostic biospecimens, derived from
patients at The University of Chicago between 2002 and 2014, were de-identified prior to analysis.”

The patient’s age at diagnosis and self-identified race were collected from the de-identified records (Supplemental
Table S1); self-identified race was treated strictly as a sociocultural/administrative variable and was not analyzed as an
exposure, outcome, or proxy for genetic ancestry. Self-identified race did not inform case selection, image analysis,
clustering, or primary statistical analyses. Additional clinical data such as stage and grade were not used.

Because the biospecimens were acquired from an external institution and were fully de-identified prior to investigator
access, the UT Southwestern Human Research Protection Program determined that this work does not meet the definition
of human subject research under 45 CFR 46.102 and considered our analysis of anonymized retrospective samples to be
exempt from Institutional Review Board (IRB) review or oversight.

Accordingly, informed consent was not required and the requirement for consent was waived by The UT
Southwestern Human Research Protection Program. All procedures were conducted in accordance with the ethical
principles of the Declaration of Helsinki.

Tissue Specimen Selection for Analysis

We pre-specified inclusion criteria to prioritize specimens at the extremes of GR expression. Primary tumors were
evaluated for GR expression using the anti-GR rabbit monoclonal XP antibody (Cell Signaling, 1:200 dilution) and
secondary anti-rabbit antibody as previously described.’ For each tumor, a weighted H-score was calculated for each case
as the percentage of positively stained nuclei in tumor cells multiplied by a weighted intensity of the anti-GR staining
(H-score = SPi* 1 where Pi is the percentage of stained cells in each intensity category, and I is the intensity for i =
samples 0, 1, 2, 3) with a range of 0-300.°
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From the original cohort of 47 patients, the five biopsies with the highest tumor cell GR H-scores and the four with
the lowest H-scores were selected and classified as GR-high (H-score > 200) and GR-low (H-score < 100), respectively.9
Intermediate GR expression cases (H-score between 101 to 200) were excluded from this analysis to avoid potential
biological heterogeneity that could confound group comparisons.

Region of Interest Selection
Previously analyzed hematoxylin and eosin (H&E) and multiplexed immunofluorescence (mlIF) slides guided the
selection of ROI (Figure 1A, left and middle panels).” Tumor nests were identified and annotated on pan-Cytokeratin
mlF sections as equidimensional ROIs, as previously defined,’ and served as spatial references for Hyperion IMC
acquisition. Sequential digital images were superimposed to align tissue architecture, enabling one-to-one selection of
annotated tumor nest ROIs on their matching IMC slide. Finalized ROIs for acquisition using the Hyperion platform are
modeled in Figure 1A (right panel). This was done for each biopsy that was obtained from an individual patient and
represented a single biological replicate, whereas ROIs and individual cells represented repeated technical measurements
within the same tumor section.

The number of ROIs per sample was comparable between GR-high and GR-low tumors (mean ROIs per tumor: 4.6
versus 4.0, respectively) supporting balanced sampling between groups (Supplemental Tables S1 and S2). ROI dimen-

sions were similar between cases and can be found in Supplemental Table S2.

A

Figure | Pre- and post-IMC microscopy and computer rendering, illustrating spatial workflow and data for bioinformatics. Light microscopy imaging of serial sections from
a representative TNBC biopsy demonstrating ROl mapping for IMC prior to acquisition. (A) Left panel: H&E-stained section showing tumor architecture.” Middle panel: pan-
Cytokeratin mlF delineating five epithelial tumors nests outlined in blue boxes; asterisk indicates the example ROI shown in (B).9 Right panel: Unstained consecutive biopsy
section with one-to-one mapping of ROIs outlined in red, confirming accurate mapping of all ROIs prior to Hyperion acquisition. (B) Example confirmatory mask and plot
data for the asterisked ROl in (A) relative to its corresponding H&E following IMC acquisition. All scale bars =100 um.
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Custom Antibody Panel

To enable high-resolution spatial phenotyping of immune and tumor cell populations, we developed a focused custom 21-
antibody panel for single-cell analysis (Table 1). The panel was designed to capture key components of the TME,
including markers of dendritic cell (DC) and immune activation (CDI11c, CCR7, Granzyme B, CD45RO, HLA-DR,
CD25, Perforin, CD69), as well as T cells (CD4, CDS8) and natural killer (NK) cells (CD56).

To assess functional states, we also included markers of cell proliferation and differentiation (Ki-67, EGFR), antigen
presentation (HLA-ABC), and immune regulation and cell death (PD-L1, PD-1, BCL-2). Tumor cell identification was
enabled by pan-cytokeratin (AE1/AE3), a marker of epithelial and carcinoma cells. For accurate cell segmentation,
plasma membrane (ICSK1, ICSK2, ICSK3) and nuclear (DNA1, DNA2) markers were incorporated.

Imaging Mass Cytometry
Paraffin sections prepared sequentially to the anti-GR IHC slide (from tumors with the five highest and four lowest
weighted H-scores) were handled gently and maintained in sealed containers to avoid contaminating metals. These slides
were subsequently analyzed by Hyperion IMC spatial proteomics.'* '

Throughout the IMC staining process, all reagents were prepared in Maxpar water or Maxpar PBS (Standard
Biotools, Boulder, CO) to minimize contaminating metals. Following deparaffinization and run to Maxpar water, target
antigenic epitopes were retrieved by heating slides in pH 9.0 10mM Tris/ImM EDTA (T6066, E5134, Molecular Biology

Grade salts, Sigma-Aldrich, St Louis, MO) for 30-minutes at 95°C. Slides were then cooled to room temperature in

Table | Metal-Tagged Antibody Panel for Immune Cell Phenotyping and
Functional Analysis

Marker Clone Metal | Dilution | Source

CDllc Polyclonal 154S 1/50 Standard Biotools
CCR7 GO043H7 166Er 1/100 Standard Biotools
Granzyme B EPR20129-217 | 167Er 1/100 Standard Biotools
CD45RO UCHLI 173Yb | 1/50 Standard Biotools
HLA-DR LN3 I171Yb | 1/50 Standard Biotools
CD25 EPR6452 175Lu | 1/50 Standard Biotools
Perforin dG9 176Yb | 1/50 Standard Biotools
CDé69 FN50 160Gd | 1/100 Biolegend

CD4 EPR6855 156Gd | 1/50 Standard Biotools
CD8 D8A8Y 162Dy | 1/50 Standard Biotools
CD56 NCAMI6.2 I159Tb | 1/50 BD Pharmingen
Ki-67 B56 168Er 1/40 Standard Biotools
EGFR D38BI 142Nd | 1/50 Standard Biotools
HLA-ABC Weé-32 144Nd | 1/100 Standard Biotools
BCL-2 EPR17509 146Nd | 1/100 Standard Biotools
PD-LI EIL3N I50Nd | 1/50 Standard Biotools
PD-1 EPR4877 165Ho | 1/50 Standard Biotools
Pan Cytokeratin | AEI/AE3 148Nd | 1/300 Standard Biotools
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Maxpar PBS and blocked with 3% bovine serum albumin (BSA, 100—030, Roche, Indianapolis, IN) prepared in Maxpar
PBS for 45 min. The slides were then hybridized with the 21-marker panel (Table 1) prepared in 0.5% BSA/Maxpar PBS
overnight at 4°C in a humid environment. The next day, the slides were washed with Maxpar PBS and stained with 250
nM iridium DNA intercalator (Cat# 201192A, Lot# 2301042—24, Standard Biotools) in 0.2% Triton X-100 (X100, Sigma
Aldrich, St Louis, MO) for 30 min. Slides were then washed in Maxpar water, air-dried and readied for ROI mapping.
During mapping, ROIs for IMC within each were chosen for cellularity with avoidance of stroma, and without regard for
GR-expression (Figure 1A). The Hyperion mass cytometer (Standard Biotools) was auto-tuned using the slide and
protocol provided by Standard Biotools prior to data acquisition. Samples were then acquired via laser ablation at
a resolution of 1 um per pixel on the Hyperion, utilizing CyTOF software version 7.0 (Standard Biotools). The data was
exported as an MCD file. For brevity and illustration of downstream analytical workflow, an example ROI (Figure 1A,
asterisk) is illustrated at higher magnification with realized masks and plots related to its histology by corresponding
H&E section (Figure 1B).

Data Pre-Processing

Following acquisition, raw data was processed using the Steinbock pipeline.!” Briefly, MCD files were converted to
TIFF, and a hot pixel filter with a threshold of 50 was applied. Images were then segmented with the Steinbock
implementation of DeepCell with minmax normalization.'® The mean intensities of the ICSK1/2/3 and DNA1/2 channels
were used for membrane and nuclear segmentation, respectively. The segmentation masks were then used to extract mean
object intensities per channel, as well as region properties. These values were used for downstream analysis.

Object intensities were loaded into R (version 4.4.3) as SingleCellExperiment objects using the imcRtools package,'’
and further pre-processing was completed using the Bioconductor single cell analysis framework.'® Objects with all
mean intensities equal to 0 were removed. Mean intensities were asinh-transformed, then clipped, and normalized to the
99™ percentile per channel. Following dimensional reduction by PCA, batch correction was applied using Harmony,*”
and Leiden clustering was performed on the Harmony-corrected PCA embeddings (resolution 0.8). Default parameters
were used for Harmony batch correction. The impact of batch correction was evaluated both qualitatively, through
examination of dimensional reduction plots, and quantitatively, by computing Local Inverse Simpson Index for integra-
tion (iLISI) and cell type (cLISI). A batch effect was present in dimensional reduction plots, which was improved after
Harmony correction (Supplemental Figure S1, panels A and B). Cell types remained easily separable after correction,

indicating sufficient biological variation remained. Harmony correction increased iLISI without a meaningful change of
cLISI, indicating improved batch integration without negative effects on biological variation (Supplemental Figure S1,

panel C). Uniform Manifold Approximation and Projection (UMAP) were computed from Harmony-corrected PCA
embeddings for visualization, using the same principal components as clustering. UMAP was employed for visualization
and annotation support only; UMAP provided a two-dimensional embedding to overlay marker intensities and cluster
labels and to index single cells for spatial review.

Cluster Annotation and Cell Phenotyping

Automated phenotyping was ambiguous for several clusters due to overlapping signatures or limited lineage markers.
Positivity thresholds were set per channel using empirical negatives from opposite compartments. For example, immune
cell markers such as CD§, CD4, CD56, and CD11c served as negatives for epithelial markers including pan-cytokeratin
(AE1/AE3) and EGFR. These anchors established conservative, compartment-aware cutoffs for marker positivity.

Using spatial maps, single cells were localized back to tissue context, enabling direct correlation with H&E
morphology and immunofluorescence (IF) where available. This confirmed epithelial architecture for cancer anchors,
immune compartment localization for lymphoid/myeloid phenotypes, and aided in the adjudication of ambiguous clusters
near tumor-immune interfaces.

Label assignments were reviewed for biological plausibility and consistency across images. Clusters that could not be
resolved by proximity to anchors and multi-marker patterns were labeled as “Other.” One cluster showed overlapping
CDl1c positive, CD56 positive, HLA-DR positive status with CD69 positivity; because conventional dendritic cell, type
1 (cDC1)-defining markers were not in the panel, this cluster could not be unambiguously separated into NK or DC
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subsets and was conservatively labeled early-activated DC/NK cells. This conservative assignment did not materially

alter downstream analysis.

Differential Abundance Analysis
Differential abundance analysis was conducted using MiloR.?' A k-nearest neighbor graph (k = 120) was calculated from
the batch-corrected embeddings; overlapping neighborhoods were generated and pruned using graph refinement.

To account for multiple testing, the spatial false discovery rate (SpatialFDR) was controlled using a weighted version
of the Benjamini-Hochberg (BH) method. Neighborhoods with SpatialFDR <0.05 were considered significantly enriched
for one class (GR-high versus GR-low). The ability of the trimmed mean of M values (TMM) normalization to overcome
class imbalance was assessed by examination of an MA-plot and was determined to be sufficient (Supplemental
Figure S2).

Neighborhoods were assigned a cell-type identity when at least 75% of member cells originated from a single Leiden
cluster (>75%); otherwise, they were assigned labeled as “Mixed”.

Cell-Cell Interaction Analyses
Pairwise interaction scoring between the IMC-derived phenotypes was computed with the imcRtools package.'” This
approach uses a permutation test on each individual image to test for attraction and repulsion between phenotype pairs.
The resulting p-values were corrected for multiple comparisons with the BH procedure, and interactions with adjusted
p-values <0.05 were considered significant. Because each image is tested individually, the class imbalance does not
influence these results. Results were visualized with interaction heatmaps by GR stratum displaying interaction scores
calculated as running tallies per interaction pair (+1 per image with significant attraction, —1 per image with significant
repulsion).

Score ranges reflected the number of images analyzed per stratum (GR-high: from —23 to +23; GR-low: —16 to +16).

Results

IMC Reveals 12 Conserved TME Phenotypes in GR-High and GR-Low TNBC

We profiled the TME using batch-corrected Hyperion IMC across 39 ROI from 9 biopsies (5 GR-high, 4 GR-low). Of
259,513 segmented cells, 245,474 passed antibody-detection quality control (GR-high: 164,193 GR-high cells; GR-low
81,281). A fifth GR-low biopsy originally included in the sample was excluded due to processing damage, contributing to
the imbalanced cell counts; downstream comparative analyses account for this imbalance. Normalized single-cell marker
profiles were visualized with UMAP and clustered using Leiden, revealing 12 reproducible phenotypes present in both
GR-high and GR-low tumors (Figure 2A), indicating a conserved cellular repertoire across extremes of GR expression.

The 12 phenotypes (Supplemental Table S3) included innate immune and lymphoid compartments, including an early-
activated DC/NK co-cluster (CD11c+, CD56+, HLA-DR+), typical NK cells (CD56bright, Granzyme B+, Perforin+), and
exhausted/immature NK cells (CD56dim, granzyme B-low and perforin-low).

T cell phenotypes included activated cytotoxic CD4+ T cells (CD4+, perforin+, HLA-DR+), activated effector-memory
CD4+ T cells (CD45RO+, CD4+, CD25-, granzyme B+, perforint), activated memory CD8+ T cells (CD45RO+, CD8+,
HLA-DR+), and Tregs (CD4+, CD25+).

Three epithelial cancer cell clusters were defined and anchored by high AE1/AE3 positivity: cancer cells (AE1/AE3+),
proliferating cancer cells (Ki-67+, AE1/AE3+, EGFR+), and HLA-ABC-positive cancer cells (HLA-ABC+, AE1/AE3+).
Two lineage-indeterminate groups were identified: proliferating cells (Ki-67+) and other cells (globally negative across

markers).

A heatmap and dendrogram of normalized cluster-level marker means (Figure 2B) recapitulated this structure,
separating epithelial and immune compartments and highlighting coherent marker modules. Full marker-to-phenotype
definitions and supporting citations are provided in Supplemental Table S3. A Fractional composition plot showing

fraction of each cell type per patient is available in Supplemental Figure S3.
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Figure 2 UMAP visualization and marker expression heatmap of single-cell populations. (A) UMAP plot of single-cell spatial proteomic data, colored by annotated cell
phenotype clusters. (B) Heatmap of standardized z-scored expression across the cell populations defined in panel A, clustered bidirectionally. Color scale: z = —3 (purple) to

+3 (yellow). Full marker panel, clustering parameters and annotation criteria are in Supplemental Table S3 and Methods.
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Immune Cell-Rich Neighborhoods Predominate in GR-High TNBC

Previous multi-plex IHC results indicated differential enrichment of immune cell subpopulations in GR-high and GR-low

TNBC.? To examine these findings using an orthogonal approach, we conducted differential abundance analysis with
Milo.?! Superimposing the UMAP projection (Figure 3A) with Milo cell neighborhoods revealed clear patterns of
differential abundance (Figure 3B) and an enrichment of neighborhoods with high numbers of cells from GR-high
regions (positive LogFC) in multiple immune cell clusters. Conversely, neighborhoods with high numbers of cells from
GR-low regions (negative LogFC) were more enriched in tumor cell clusters.

GR-high TME contained more immune-inflamed niches relative to GR-low TME. By contrast, GR-low TMEs were
predominated by early-activated DC/NK neighborhoods and TNBC cell-related neighborhoods.

GR-Low Tumors Enrich for Immune Cell Neighborhoods, GR-High for Regulatory and

Proliferative Niches

To test for enrichment of immune cell phenotypes abundance based on tumor cell GR status, we next assigned each
neighborhood to an immune cell phenotype. We assigned a neighborhood to a cell type only if 75% or more of its
member cells belonged to one cell type; otherwise, we labeled the neighborhood “Mixed.” This process provided labels
for 13,369 (71%) neighborhoods, leaving 5,491 neighborhoods labeled “Mixed.”

Having identified the cell neighborhoods, we next sought to determine which, if any, of the distinct phenotypes were
enriched in GR-high versus GR-low tumors. After correction for multiple comparisons (Spatial FDR < 0.05), 6,078
neighborhoods (32.2%) were significantly enriched in either GR-high or GR-low tumor nests (Figure 4).

GR-low tumor nests normalized for total cell count contained significantly higher frequencies of non-proliferating
cancer cells (mean logFC + SD: 1.40 + 1.11), early-activated DC/NK cells (1.72 + 0.44), exhausted/immature NK cells
(1.23 £ 0.49), and HLA-ABC-positive (HLA-ABC+) cancer cells (1.15 £ 0.3) (Figure 4).

Conversely, GR-high tumor nests were enriched for activated cytotoxic CD4+ T cells (1.32 + 0.54), activated effector
memory CD4+ T cells (1.28 + 0.36), activated memory CD8+ cells (1.77 + 0.37), proliferating cells (3.01 + 1.27), and
Treg lymphocytes (1.85 £ 0.59).

The “Mixed” cell phenotype, typical NK cells, “Other” cells, and proliferating cancer cell neighborhoods centered
around log FC = 0, were not relatively enriched in either GR-low or GR-high tumors (Figure 4).

GR-High Tumors Exhibit Spatial Coupling of Tregs and Proliferating Cancer Cells
Building on prior evidence, corroborated here with IMC, that GR-high TNBC is associated with increased Treg
infiltration,” we next asked whether Treg spatial localization differs between GR-high and GR-low tumors. We
hypothesized that Tregs would preferentially colocalize with GR-high tumor cells, supporting an immunosuppressive
function of tumor cell GR activation. To test this, we conducted cell-cell interaction analyses to identify distinct
interaction patterns between GR-strata.

In GR-high tumors (Figure 5A), Tregs more frequently colocalized with proliferating cancer cells, indicating higher
Treg-proliferating tumor interface interactions relative to GR-low tumors (Figure 5B). GR-high tumors also exhibited
less frequent, or more repulsive, interactions between NK cells and proliferating cancer cells, as well as fewer NK-cancer
cell interactions compared with GR-low tumors.

In contrast to GR-high tumors, GR-low tumors showed preferential colocalization of Tregs with activated memory
CD8+ T cells (Figure 5B). Tregs in GR-low tumors also exhibited more frequent colocalization with activated cytotoxic
CD4+ T cells relative to GR-high tumors (Figure 5B). Collectively, these findings demonstrate that GR-high and GR-low
TNBC tumor nests exhibit distinct spatial architectures, with GR-high tumors characterized by preferential Treg-
proliferating cancer cell association and relatively reduced engagement with cytotoxic lymphocytes.

Discussion
In this study, immune cell enrichment and spatial organization analyses revealed that GR-high expressing TNBC is
associated with an immunosuppressed TME. These findings are consistent with a model in which high GR expression in

8 https: Breast Cancer: Targets and Therapy 2026:18



Behar et al

UMAP2

-5 0 5
UMAP1
@ Activated cytotoxic CD4+ T cells Cancer cells . HLA-ABC+ cancer cells . Proliferating cancer cells
@ Activated effector memory CD4+ T cells . Early activated DC and NK cells . NK cells . Proliferating cells
@ Activated memory CD8+ cells @ Exhausted and immature NK cells @ Other cells () T-regulatory cells

Nhood size

o 200
300
400
500
600
700

O O O o o

overlap size

100
200
300
400

Figure 3 UMAP visualization and neighborhood graph of single-cell data colored by cell type and log fold change. (A) UMAP embedding of single cells colored by annotated
cell types, including various immune and cancer cell populations. (B) Neighborhood graph representation of cells with nodes sized by neighborhood size and edges weighted
by overlap size. Node color gradient represents log fold change (LogFC), with blue indicating positive (enriched in GR-high) and red indicating negative (enriched in GR-low)
values.
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Figure 4 Violin plot of log fold change (logFC) distribution across cell types. Each violin plot shows the distribution of logFC values for different annotated cell types. Black
dots represent individual data points, and the dashed horizontal line at zero indicated no fold change. This plot highlights the variability and central tendency of logFC within
each cell type. Blue corresponds to significant differential abundance in GR-high. Red corresponds to significant abundance in GR-low.

TNBC cells is associated with altered antitumor immune activity. Prior studies have linked GR expression in TNBC with
poor prognosis,® and spatially organized immune niches have also been associated with clinical outcomes in TNBC.?
Within this context, we hypothesize that tumor cell GR expression and activity may modulate the TME by regulating
cancer cell surface proteins and secreted cytokine profiles. These findings extend prior work demonstrating that
oncogenic transcription factors traditionally viewed as cell-autonomous drivers of tumor growth, such as MYC, can
also remodel the tumor immune microenvironment to promote immune evasion.”” Our data suggest that GR may
represent a similar cancer cell-intrinsic transcriptional program linking stress signaling to immune suppression.

GR-high TNBC exhibited features consistent with reduced immune activation. These included increased numbers of
Tregs, which were preferentially localized to proliferating tumor cell regions (Figure 5), suggesting localized immuno-
suppression at sites of active tumor growth.** We also observed that GR-high tumor nests had fewer HLA-ABC+ cancer
cells, consistent with findings in pancreatic cancer where high GR expression was associated with repression of tumor
cell HLA expression.® Notably, GR-high TNBCs also showed enrichment of memory CD8+ T cells within tumor nests,
a population previously associated with immunosuppressive TMEs.>

Given these observations, future studies using immunocompetent syngeneic mice comparing GR-high and GR-low
TNBC models will be critical to elucidate the mechanistic basis of GR-mediated tumor cell immune suppression.

In contrast to GR-high TNBC, we found that GR-low TNBC (Figure 4) demonstrated relatively increased abundance
of early-activated DC and NK cell neighborhoods, as well as exhausted or immature NK cell neighborhoods. This pattern
may indicate active DC-NK cell crosstalk,”* a configuration previously shown to enhance DC recruitment and promote
CD8+ T cell activation.”> GR-low tumors had a greater proportion of HLA-ABC+ cancer cells and contained more non-
proliferating tumor cell neighborhoods, features suggestive of effective tumor cell antigen presentation.*®

This study is limited by a small sample size and the constraints of our IMC antibody panel, which did not allow for
full resolution of all lymphoid and myeloid subsets. Importantly, a recent integrative analysis of multiple breast cancer
datasets reported that higher GR expression in immune cells is associated with a better prognosis in TNBC>’ As our
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Figure 5 Cell-cell interaction heatmaps among annotated cell populations. (A) GR-high tumors: Heatmap of inferred interactions scores between annotated cell populations
(rows and columns as in Figure 2). Color indicates interaction score from —23 to +23 (purple to yellow). (B) GR-low tumors with interaction score from —16 to +16 using
the same color convention.
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analysis focused on tumor-cell GR and does not assess GR expression in immune or stromal compartments, these
findings highlight likely cell-type-specific and context-dependent functions for GR signaling. Despite these limitations,
our spatial analysis offers new insights into how TNBC-cell intrinsic GR signaling may shape an immunosuppressive
TME, providing biological context that may inform hypothesis-generating exploration of GR-targeted strategies in
TNBC. These findings support a conceptual framework linking GR-high TNBC cell stress hormone signaling to immune
evasion, which may contribute to the relatively poor prognosis observed in early-stage GR-high TNBC.

Conclusion

Spatially resolved profiling of GR-high versus GR-low TNBC TMEs revealed divergent immune ecologies: we observed
GR-high TNBC TMEs to have features consistent with localized immunosuppression, whereas GR-low TNBC displayed
immune cell patterns consistent with both increased innate immune activation and more effective tumor cell HLA-ABC-
mediated antigen presentation. Integration of cellular abundance with spatial organization analyses highlighted GR-
associated immune architecture and provides a framework for interrogating mechanisms affecting immune regulation and
function in GR-positive TNBC. Extension of these observations to expanded patient cohorts and complimentary experi-

mental systems will further refine the relevance and mechanistic implications of these GR-associated immune phenotypes.
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