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SUMMARY
Only a subset of patients with breast cancer responds to immune checkpoint blockade (ICB). To better
understand the underlying mechanisms, we analyze pretreatment biopsies from patients in the I-SPY 2 trial
who receive neoadjuvant ICB using multiple platforms to profile the tumor microenvironment. A variety of
immune cell populations and markers of immune/cytokine signaling associate with pathologic complete
response (pCR). Interestingly, these differ by breast cancer receptor subtype. Measures of the spatial
distributions of immune cells within the tumor microenvironment, in particular colocalization or close spatial
proximity of PD-1+ T cells with PD-L1+ cells (immune and tumor cells), are significantly associated with
response in the overall cohort as well as the in the triple negative (TN) and HR+HER2� subtypes. Our findings
indicate that biomarkers associated with immune cell signaling, immune cell densities, and spatial metrics
are predictive of neoadjuvant ICB efficacy in breast cancer.
INTRODUCTION

Immunotherapy with immune checkpoint inhibitors (ICIs) has

changed the landscape of cancer treatment. In various tumor

types, immune checkpoint blockade leads to durable responses,

albeit in only a subset of patients.1–4 In breast cancer, there has

been tremendous progress over the past few years with several

trials reporting promising efficacy of ICIs in both the adjuvant and

neoadjuvant setting. Five randomized trials have reported results

from neoadjuvant therapy with ICIs in breast cancer (KEYNOTE-

522, NeoTRIPaPDL1, GeparNuevo, Impassion031, and I-SPY 2)
Cell Reports Medicine 5, 101799, Novem
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with pathologic complete response (pCR) rates in triple-negative

breast cancer (TN) ranging from 53% to 65%.5–9

As has been seen in other tumor types, only a subset of

patients with breast cancer responds to ICIs in either the

adjuvant or neoadjuvant setting. Biomarkers are being devel-

oped and evaluated to predict responsiveness to ICIs. Given

the potential for long-term side effects from ICIs, it is important

to identify which early-stage breast cancers will be the most

likely to respond, or not. Initial research across various

cancer types focused on characterizing the tumor immune

microenvironment and classifying tumors as immune ‘‘hot,’’
ber 19, 2024 ª 2024 The Author(s). Published by Elsevier Inc. 1
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‘‘cold,’’ or ‘‘excluded.’’10 Immune ‘‘hot’’ tumors are presumed to

be primed for an immune response and more likely to respond to

ICIs compared to immune ‘‘cold’’ or ‘‘excluded.’’ Gene expres-

sion signatures (GESs) have been used to characterize the tumor

immune microenvironment, and several have been shown to

correlate with immune infiltration and activity and to predict for

tumors more likely to respond to ICIs.11 In the GeparNuevo trial

(neoadjuvant durvalumab + chemotherapy), gene expression

profiling identified several genes associated with a treatment

interaction, suggesting they may be useful biomarkers for future

studies.12 Intrinsic properties of the tumor itself, such as tumor

mutational burden,may also point to patients who aremore likely

to respond to immune checkpoint blockade. However, this

association is only observed in some tumors.13

PD-L1 immunohistochemistry (IHC) has been used as a

biomarker for immune checkpoint blockade. Indeed, PD-L1 IHC

with the 22C3 antibody was the first US Food and Drug Adminis-

tration (FDA)-approved biomarker for use with pembrolizumab for

non-small cell lung cancer (NSCLC).14 However, PD-L1 IHC of tu-

mor and/or immune cells has produced inconsistent results and

does not always discriminate responders from non-responders

to ICIs.15,16 For neoadjuvant therapy with ICIs in breast cancer,

PD-L1 expression by IHC did not predict selective benefit from in-

clusion of ICIs with chemotherapy in either the KEYNOTE-522 or

the NeoTRIPaPDL1 trials.5,7 PD-1 and PD-L1 staining can be

technically difficult to interpret.17 In one study of 68 breast cancers

stained with the SP142 anti-PD-L1 antibody, only 38% of cases

had complete concordance among 19 pathologists.18 Another

study found low overall concordance among three different IHC

assays in identifying PD-L1-positive cases.19

Several technologies that facilitate the assessment of multiple

markers while preserving the spatial relationships of cells in situ

have been developed in recent years.20 These methodologies

are being used to characterize the tumor immune microenviron-

ment and for immune biomarker discovery. A recent report has

shown that multiplexed immunofluorescence (mIF) assays can

outperform GESs, tumor mutational burden, and PD-L1 expres-

sion (measured by standard IHC) for predicting response to

checkpoint inhibition across several tumor types21

The I-SPY 2 trial is amulticenter phase 2 adaptive standing plat-

form trial for women with early-stage, locally advanced, aggres-

sive breast cancer. I-SPY 2 is a biomarker-rich trial that collects

tumor tissue pretreatment formulti-platformmolecular and spatial

profiling. In this study, we explored the densities and spatial distri-

butions of immune cells within the tumor microenvironment of

breast cancers from patients treated with neoadjuvant chemo-

therapy (control arm) or neoadjuvant chemotherapy plus pembro-

lizumab (Pembro arm) in the I-SPY 2 trial using mIF. These mIF

measures were assessed as specific predictors of response to

pembrolizumab. Immune signaling andDNA repair deficiency bio-

markers and associated signaling pathways were also assessed

using gene expression and reverse phase protein arrays (RPPAs).

RESULTS

Biomarker study population
A total of 69HER2� patients (40 HR+HER2� and 29 TN) were ran-

domized to receive 4 cycles of pembrolizumab in combination
2 Cell Reports Medicine 5, 101799, November 19, 2024
with weekly paclitaxel followed by anthracycline chemotherapy

(Pembro+T / AC). In addition, there were 181 HER2� patients

(96 HR+HER2� and 85 TN) randomized to the standard neoadju-

vant chemotherapy control group (T / AC). We utilized three

assay platforms to characterize the tumor immunemicroenviron-

ment in these patients (Figure 1). Of the 250 cases, 99% (n = 248)

had Agilent 44K expression array data available and 94%

(n = 236) had available RPPA data from laser-microdissected

tumor epithelium. Fifty-four of the 69 patients on the Pembro

arm were evaluated by mIF.

Thirty-eight expression signatures were evaluated from the

expression array data. These included 26 immune-related sig-

natures, 10 DNA damage response (DDR) signatures, 1 prolif-

eration signature, and 1 hormone receptor (estrogen receptor/

progesterone receptor; ER/PR) signature (see Table S2 for

genes and references). The RPPA data contained 17 im-

mune-related and 10 DDR-related protein/phosphoprotein

markers (Table S3). Finally, the mIF analyses yielded 61 bio-

markers: 18 cell populations, 2 PD-L1 scores (combined pos-

itive score [CPS] and tumor proportion score [TPS]), and 41

spatial metrics (21 based on the Morisita-Horn (MH)

index and 20 based on the nearest-neighbor distribution func-

tion) (Table S4). Overall, this resulted in 126 biomarkers

per case.

Identification of immune cell infiltrates in breast cancer
biopsies by mIF
Two mIF panels were developed to identify immune cell infil-

trates in pretreatment biopsies (see Table S1 for the markers

and antibodies used in each panel). The first panel was de-

signed to identify cytokeratin+ (CK+) tumor/epithelial cells,

CD3+ T cells, CD3+Foxp3+ regulatory T cells (Tregs), CD20+ B

cells, and CD117+CK� mast cells (Figure 2A). The combination

of T cell and B cell counts was used to define tumor-infiltrating

lymphocytes (TIL). In addition, proliferating tumor cells, T cells,

and B cells were identified based on their staining with Ki67 in

this panel. The second panel identified CK+ tumor/epithelial

cells, CD8+ cytotoxic T cells (Tc), CD8� T cells, and CD68+

macrophages, as well as the expression of PD-1 and PD-L1

on these cells (Figure 2B). Phenotyping of these cell popula-

tions was achieved using auto-gating algorithms for each

marker as shown in Figures 2C and 2D. Phenotype maps,

generated for the images shown in Figures 2A and 2B, are

shown in Figures 2E and 2F. These were used for subsequent

spatial analyses.

Immune cell densities varied widely across tumors (Fig-

ure 2G). The fraction of immune cells (T cells + B cells + mac-

rophages) ranged from 1% to 68% of total cells. This vari-

ability was also observed for each cell type (T cells: <1%–

42%; B cells: <1%–22%; macrophages: <1%–43%) (Fig-

ure 2G). There were significant correlations between T cell,

B cell, and Treg densities (Figure 2H); however, macrophage

and mast cell densities did not correlate with these lymphoid

cell populations. PD-1 and PD-L1 staining also varied widely

across tumors (Figure 2I). The fraction of PD-1+ T cells ranged

from <0.04% to 3.9% of total cells, and the fraction of PD-L1+

cells (immune and tumor cells) ranged from <0.06% to 2.6%

of total cells.



Figure 1. Overview of tissue collection and

analyses

Pretreatment tumor biopsies were processed for

biomarker evaluation on three different platforms:

gene expression microarrays, reverse phase pro-

tein arrays, andmultiplex immunofluorescence. The

number of samples analyzed under each platform is

shown in red. 38 expression signatures (26 immune,

10 DDR, 1 proliferation, and 1 ER/PR), 27 RPPA

biomarkers (17 immune and 10 DDR), and 61 mIF

biomarkers (18 cell populations, 2 immune scores,

and 41 spatial metrics) were evaluated. *The 44

control tissue samples acquired for mIF analyses

were not from the concurrent control arm (see STAR

Methods for details).
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Cross-platform correlation of several immune markers
Data were available from both mIF and expression array

analyses for ten cross-platform comparisons. Significant cor-

relations were observed for 7/10 of these comparisons (range

of correlations: �0.01 to 0.65) (Figures S1A–S1J). These

included a T cell GES and T cells measured by mIF

(Figure S1A) as well as a CD8+ T cell GES and CD8+ T cells

by mIF (Figure S1B). Ki67+ proliferating T cells (mIF) correlated

with an activated T cell gene signature (TcClassII_sig)

(Figure S1C), and, interestingly, PD-1+ T cells (mIF) were

significantly associated with an exhausted T cell gene signa-

ture (which did not contain the gene for PD-1; PDCD1)

(Figure S1D). B cells and TILs also correlated across the

mIF and expression array platforms (Figures S1E and S1F,

respectively). In addition, TIL counts by mIF were correlated

with a T&B cell gene signature (Module4 T&B) (Figure S1G).

In contrast, measurement of Tregs, macrophages, and mast

cells by mIF did not correlate with their respective gene signa-

tures (Figures S1H–S1J, respectively). Finally, we examined

two cross-platform correlations between the RPPA and mIF

platforms. The T cell-related RPPA markers, CD3ε and

CD3z, did not correlate with T cell infiltrates measured by

mIF (Figures S1K and S1L).

We compared 12 PD-1 and PD-L1 markers across all three

platforms and found 23 significant correlations among these

markers (Figure S1M). mIF identification of PD-1+ T cells

(PD1T) significantly correlated with expression of the PD-1
Cell Reports M
gene (PDCD1), but not with RPPA results

from two anti-PD-1 antibodies (Pembro

and nivolumab [Nivo]). Since RPPA

was performed on laser microdissected

epithelial cell regions, not stroma, and

PD-1+ T cells identified by mIF were pre-

dominantly located in the stroma, this

could account for the lack of correlation.

While the fraction of PD-L1+ tumor cells

(PDL1Tum) and PD-L1+ immune cells

(PDL1Imm) measured by mIF with the

E1L3N anti-PD-L1 antibody correlated

with each other, neither cell population

was significantly correlated with expres-

sion of the PD-L1 gene (CD274), nor
with RPPA results from several anti-PD-L1 antibodies (22C3,

SP142, E1L3N, 28.8, atezolizumab [Atezo]) (Figure S1M).

Interestingly, among the PD-L1 RPPA data, there was variable

correlation between the different anti-PD-L1 clones, and only

E1L3N correlated with CD274 gene expression.

Numerous immune biomarkers were associated with
response to neoadjuvant immunotherapy
We examined the association of immune cell populationmarkers

with response (pCR) in both the Pembro arm and the control arm,

in all cases and by receptor subtypes. Figure 3 shows those

markers that were significantly associated with pCR (after

Benjamini-Hochberg multiple testing correction) in at least one

of the cohorts. In general, levels of thesemarkers were positively

correlated with each other with the exception of Tregs, PD-L1+

immune cells, PD-L1+ macrophages, the PD-L1 CPS, and the

mast cell signature (Figure S2).

Of the 20 immune cell populations or scores identified by mIF

(Table S4), 8 were positively associated (p < 0.05, Benjamini-

Hochberg (BH) corrected) with pCR in the Pembro arm (Figures 3

and S3). These included TILs, total T cells, CD8� T cells, Tregs,

proliferating T cells, two PD-L1+ populations, and the PD-L1

CPS. TIL, T cells, and B cells were also associated with pCR in

the control arm, although less significantly (Figure 3A,p<0.05, un-

corrected). EighteenGESs/markerswere used to characterize im-

mune infiltrates (Table S2), and 11 of these were associated with

response to therapy in the Pembro arm but not the control arm
edicine 5, 101799, November 19, 2024 3
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Figure 2. mIF analysis of immune cells in the breast cancer microenvironment

(A) Example breast cancer tissue stained with mIF panel 1. Cells are pseudo-colored as indicated for the different markers.

(B) Example breast cancer tissue stained with mIF panel 2. Cells are pseudo-colored as indicated for the different markers.

(C) Example of auto-generated gates for each marker in mIF staining panel 1.

(D) Example of auto-generated gates for each marker in mIF staining panel 2.

(E) Phenotype map corresponding to the image in (A).

(F) Phenotype map corresponding to the image in (B).

(G) Immune cell densities across the entire cohort (n = 98 patients). Patients sorted by percentage of immune cells, colored by cell phenotype. Annotations along

the x axis indicate receptor subtype (cyan: TN; magenta: HR+HER2�).

(legend continued on next page)
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(Figures 3 and S3). These included gene signatures for various im-

mune cell types (cytotoxic cells, exhausted T cells, Th1 cells, B

cells, natural killer cells, dendritic cells [DCs], and mast cells), a

T and B cell signature (Mod4_TB), a Tc/major histocompatibility

complex (MHC) class II signature (TcClassII_sig), and the genes

for PD-1 and PD-L1 (PDCD1 and CD274, respectively). Finally,

we evaluated 11 immune cell surface markers by RPPA, two

T cell markers (CD3ε and CD3z), two PD-1 markers, five PD-L1

markers, and two MHC classII markers (Table S3). Of these,

only one of theMHC class II markers (HLADRPQX), which detects

HLA-DR, HLA-DP, HLA-DQ, and HLA-DX, was associated with

response in the Pembro arm but not the control arm (Figures 3

and S3). Overall, 20/49 immune cell markers were significantly

associated (p < 0.05, BH corrected) with response to Pembro in

the whole cohort, while 6 markers were nominally associated

(p < 0.05, not corrected) with response in the control arm. The

DC signature (DC_sig) showed the strongest positive association

with pCR, and the mast cell signature (Mast_sig) showed the

strongest negative association.

The immune biomarkers associated with pCR differed by re-

ceptor subtypes. In TN tumors, 3 markers were significantly asso-

ciated with response to Pembro: PDL1+ immune cells measured

by mIF (PDL1Im), a Th1 gene signature (Th1_sig), and a DC

gene signature (DC_sig), while an additional 8markerswere nomi-

nally associated with response in this subtype (Figure 3A). In

contrast, 10 markers were significantly associated with response

to Pembro in HR+HER2� tumors, with an additional 9 nominally

significant markers. One of these was HLADRPQX measured on

the RPPA platform, and the other nine were immune cell popula-

tions identified bymIF including TILs, T cells, CD8� T cells, Tregs,

B cells, proliferating B cells, and three populations of PD-1+ cells

(Figure 3A). Noneof thesemarkerswere associatedwith response

in the control arm within either subtype.

Finally, adjusting for various clinical variables (age, race,

longest diameter by MRI at baseline, and palpable nodes [yes/

no]) did not result in the loss of any significant mIF-based bio-

markers (data not shown). Adjusting for these variables resulted

in loss of only 2 significant GESs (ExhTc_sig and NK56d_sig),

although these remained significant without BH correction

(data not shown).

Colocalization of immune cells and tumor cells
associated with response to pembrolizumab
We investigated whether the proximity of various immune cell

populations to tumor cells or other immune cells differed be-

tween responders and non-responders. We utilized two spatial

proximity measures, the MH index and the nearest-neighbor

distribution function, for these analyses. The MH index gives a

measure of the degree of colocalization of two cell types. As

depicted in Figure 4A, when two cell types (TIL and cancer cells

in this example) are highly colocalized, the MH index (which

ranges from 0 to 1) will be near 1. In contrast, highly segregated
(H) Correlation of immune cell populations across patients (n = 98 patients). Pe

correlation. *p < 0.05, **p < 0.01, ***p < 0.001.

(I) Association of PD-1+ T cell density (white bars) with PD-L1+ cell density (red bar

along the x axis indicate receptor subtype (cyan: TN; magenta: HR+HER2�).
See also Table S1.
(low colocalization) cell populations will generate an MH index

value close to 0. The MH index was calculated for 21 pairs of

cell types (Table S4). An example of high colocalization of

T cells and Tregs is shown in Figure 4B. High T_Treg MH index

values were significantly associated with response to Pembro

in the whole cohort (Figure 4C). Figure 4D illustrates a case

with high colocalization of PD-1+ T cells and any PD-L1+ cell

(tumor or immune), and the associated MH index (PD1T_PDL1)

was also associated with pCR to Pembro (Figure 4E).

Of the 21 MH indices evaluated (Table S4), 8 were associated

with response to Pembro in the overall cohort, after correcting for

multiple testing, but not in the controls (Figures 4F and S4). Six of

these were related to PD-1/PD-L1 colocalizations, and 3 demon-

strated a significant interaction with treatment (PD1Tc_PDL1,

PD1T_PDL1Tm, and PD1Tc_PDL1Tm).

Seven MH indices were positively associated with pCR in

the Pembro arm but not the control arm when evaluated within

receptor subtypes (Figure 4F). All of these were related to

PD-1/PD-L1 colocalizations and were highly correlated with

each other (Figure S2). In particular, colocalizations of PD-1+

T cells with any PD-L1+ cell or with PD-L1+ tumor cells,

as well as colocalization of PD-1+ CD8+ Tc cells with any

PD-L1+ cell, were associated with pCR in both TN and

HR+HER2� tumors.

Spatial proximity of immune cells and tumor cells
associated with response to pembrolizumab
To further characterize the spatial relationships between cells in

the tumormicroenvironment, weutilized the nearest-neighbor dis-

tribution function, G(r), to evaluate the probability of a cell of type

‘‘a’’ having at least one cell of type ‘‘b’’ within a distance r. As illus-

trated in Figure 5A, the area under theG(r) function curve, from0 to

20 mm, was used to generate a spatial proximity score (SPS) for a

given pair of cell types. Figure 5B and 5C illustrate SPSs calcu-

lated for tumors with a low and a high tumor-to-T cell proximity

score (Tm_T.SPS), respectively. A high Tm_T.SPS value indicates

that a high fraction of tumor cells have T cells nearby. High

Tm_T.SPS values were significantly associated with response to

Pembro (Figure 5D). Figures 5E and 5F illustrate SPSs calculated

for tumors with low and high proximities of PD-1+T cells with

PD-L1+ cells (tumor or immune). A high PD1T_PDL1.SPS value in-

dicates that a high fraction of PD-1+ T cells have a PD-L1+ cell

nearby. Significantly higher PD1T_PDL1.SPS values were associ-

ated with pCR (Figure 5G).

SPSsweredetermined for 20 pairs of cell types (Table S4). Eight

of these scores were associated with response to Pembro in the

overall cohort, after correcting for multiple testing, but not in the

control arm (Figures 5H and S5). Three of these were related to

tumor/lymphocyte proximities (Tm_T.SPS, Tm_CD8nT.SPS, Tm_

Treg.SPS) and 5 were related to PD-1/PD-L1 proximities (PD1T_

PDL1.SPS, PD1T_PDL1Im.SPS, PD1Tc_PDL1.SPS, PD1Tc_

PDL1Im.SPS, CD8nPD1T_PDL1Im.SPS).
arson correlations, red indicates positive correlation, blue indicates negative

s). Patients sorted by percentage of PD-1+ T cells (n = 98 patients). Annotations

Cell Reports Medicine 5, 101799, November 19, 2024 5
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Figure 3. Immune biomarkers associated with response to ICB

(A) Association dot matrix showing the level and direction of association between each immune predictive biomarker (columns) and pCR in the population/model

as labeled (rows). Only those biomarkers that were significant (p < 0.05; after Benjamini-Hochberg multiple testing correction) in at least one cohort are shown.

ALL, Pembro Arm,multi-IF platform (n = 54 patients); ALL, Pembro Arm,mRNA platform (n = 69 patients); ALL, Pembro Arm, RPPA platform (n = 67 patients); ALL,

Control, multi-IF platform (n = 44 patients); ALL, Control, mRNA platform (n = 179 patients); ALL, Control, RPPA platform (n = 169 patients); HR�HER2�, Pembro

Arm, multi-IF platform (n = 24 patients); HR�HER2�, Pembro Arm, mRNA platform (n = 29 patients); HR�HER2�, Pembro Arm, RPPA platform (n = 27 patients);

HR�HER2�, Control, multi-IF platform (n = 23 patients); HR�HER2�, Control, mRNA platform (n = 85 patients); HR�HER2�, Control, RPPA platform (n = 78

patients); HR+ HER2�, Pembro Arm, multi-IF platform (n = 30 patients); HR+ HER2, Pembro Arm, mRNA platform (n = 40 patients); HR+ HER2�, Pembro Arm,

RPPA platform (n = 40 patients); HR+ HER2�, Control, multi-IF platform (n = 21 patients); HR+ HER2�, Control, mRNA platform (n = 94 patients); HR+ HER2�,

Control, RPPA platform (n = 91 patients). Color of dot indicates direction of association (red, higher in pCR; blue, higher in non-pCR). Size of dot is proportional to

significance (larger dots/ smaller p values). Background square color indicates BH false discovery rate [FDR] p < 0.05 (white), nominal p < 0.05 (light gray), not

significant (dark gray).

(legend continued on next page)
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Three SPSs, all related to PD-1/PD-L1 proximities, were asso-

ciated with pCR in TN tumors (PD1Tc_PDL1.SPS, PD1Tc_

PDL1Tm.SPS, CD8nPD1T_PDL1Im.SPS). In HR+HER2� tumors,

2 PD-1/PD-L1-related SPSs (PD1Tc_PDL1.SPS, PD1Tc_

PDL1Im.SPS) and 3 other SPSs (Tm_Treg.SPS, Tm_B.SPS, T_B.

SPS) were significantly associated with response to Pembro

(Figure 5H).

Immune signaling pathways associated with response
to pembrolizumab
We evaluated 8 expression-based and 6 RPPA-based bio-

markers related to immune signaling pathways, as well as a

hormone receptor gene signature and a proliferation gene

signature (Tables S2 and S3), for their associations with

response to pembrolizumab immunotherapy. Of these 16 bio-

markers, 9 were significantly associated with pCR in the Pem-

bro arm, but not the control arm (Figures 6 and S6; corrected

for multiple testing). These included a chemokine signature

(Chemokine12), the GeparSixto signature (a set of 12 immune

genes that predicted response to neoadjuvant chemotherapy

in breast cancer in the GeparSixto trial), an integrated cytokine

score gene signature (ICS5), a tumor inflammation signature

(TIS; a set of 18 genes that measures a pre-existing, sup-

pressed adaptive immune response), a STAT1 gene signature,

STAT1 and STAT3 phosphoprotein biomarkers, a hormone re-

ceptor expression gene signature (ER_PR_sig), and a prolifera-

tion signature (Mitotic_sig). The Chemokine12 and STAT1

expression signatures showed the highest positive association

with response, while the ER_PR expression signature showed

the greatest negative association with response. When evalu-

ated by receptor subtypes, the Chemokine12, TIS, and

STAT1 signatures were associated with pCR in the Pembro

arm in TN tumors whereas none of these markers were associ-

ated with response to Pembro in the HR+HER2� cohort (Fig-

ure 6). Interestingly, in the HR+HER2� cohort, the Chemokine12

expression signature and phospho-STAT1 RPPA biomarkers

were associated with response in the control arm but not the

Pembro arm.

DNA damage and repair biomarkers associated with
response to pembrolizumab
Given that pembrolizumab has been approved for treatment of

microsatellite instability-high andmismatch repair-deficient can-

cers, we were interested in assessing DNA damage and repair

deficiency biomarkers as predictors of sensitivity to this agent.

We tested 10 GESs and 10 proteins/phosphoproteins reflecting

different aspects of DNA damage, deficiency, and repair.

Expression-based biomarkers included PARPi7/MP2, a signa-

ture that predicted sensitivity to veliparib/carboplatin in I-SPY

2, and Fanconi anemia (FA), mismatch repair (MMR), base exci-
(B) Boxplots illustrating the associations of various biomarkers related to TILs, MH

are depicted as individual dots for each sample, along with the median, first, and

*p < 0.05 (not corrected), **p < 0.05 (BH corrected).

(C) Boxplots illustrating the associations of various biomarkers related to PD-L1

individual dots for each sample, along with the median, first, and third quartile. S

corrected).

See also Figure S3 and Tables S2, S3, S4, S5, and S6.
sion repair (BER), homologous recombination (HR), translesion

synthesis (TLS), nucleotide excision repair (NER), non-homolo-

gous end joining (NHEJ), direct repair (DR), and DNA damage

sensing (DamageSens) gene expression signatures (Table S2).

On the protein/phosphoprotein level, we tested DNA repair defi-

ciency markers pBRCA1, pCHK1, pCHK2, and pPARP-cleaved;

apoptosis/DNA damage markers pCaspase-3-cleaved, pCas-

pase-9-cleaved, and pH2AX; and microsatellite instability

markers MLH1, MSH6, and MSH2, all assayed using RPPA

(Table S3). Of the 20 biomarkers related to DNA damage, defi-

ciency, and repair, only the DamageSens GES was associated

with pCR in the Pembro arm, but not the control arm (Figures 6

and S7).

Immune microenvironments associated with response
to pembrolizumab
As can be seen in Figures 3, 4, 5, and 6, the associations of

biomarkers with response differed between receptor subtypes,

suggesting distinct response mechanisms. HR+HER2� tumors

tended to have fewer TILs (T + B cells measured by mIF)

compared to TN tumors. In this study, 29% (8/28) of

HR+HER2� tumors were TIL low (<12.5% of total cells) whereas

only 4% (1/23) of TN tumors were TIL low (Figure 7A). Irrespec-

tive of subtype, tumors with low TILs did not respond to pembro-

lizumab (0% pCR rates; Figure 7A). In contrast, tumors with high

TILs demonstrated higher pCR rates, and these differed by sub-

type: 82% in TN vs. 45% in HR+HER2�. Tumors with high TILs

can be further characterized as having high or low colocalization

of PD-1+ Tc with PD-L1+ cells (PD1Tc_PDL1-MH score). Thirty-

five percent (7/20) of HR+HER2� tumors with high TILs had

low PD1Tc_PDL1-MH scores with a 0% pCR rate. In contrast,

the pCR rate for TIL-high HR+HER2� tumors with high

PD1Tc_PDL1-MH scores was 69% compared to 45% for the

HR+HER2� TIL-high-only group. Taking into account the

PD1Tc_PDL1 spatial proximity in the TN tumors, pCR rates

also increased, from 82% (TN TIL-high group) to 100% (TN

TIL-high/PD1Tc_PDL1-high) (Figure 7A). These results indicate

that within the receptor subtypes there are differences in the

immune microenvironments related to response to immune

checkpoint blockade. As shown in Figure 7B, immune microen-

vironments defined by percent TILs and colocalization of PD-1+

Tc with any PD-L1+ cell were significantly associated with

response to pembrolizumab.

We have recently reported an immune response predictive

subtype (RPS) based on GESs where Immune+ tumors have a

higher likelihood of responding to immunotherapy.22 In the

current study, eight of the nine TIL-low tumors and 11/18

TIL-high/PD1Tc_PDL1-low tumors were classified as RPS-

Immune�. In contrast, 20/24 TIL-high/PD1Tc_PDL1-high tumors

were classified as RPS-Immune+. As shown in Figure 7C,
C class II, and other immune cell types with pCR in the Pembro arm. The data

third quartile. Statistical analysis was performed using the likelihood-ratio test.

and PD-1 expression with pCR in the Pembro arm. The data are depicted as

tatistical analysis was performed using the likelihood-ratio test. **p < 0.05 (BH
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Figure 4. Colocalization of cells in the tumor microenvironment is associated with response to ICB

(A) Schematic representation of a tumor in which TILs are highly segregated away from tumor cells, yielding a lowMH index (upper), and a tumor in which TILs are

highly colocalized with tumor cells, yielding a high MH index (lower).

(B) Example images from a tumor with high colocalization of CD3+Foxp3- T cells and CD3+Foxp3+ Tregs.

(C) Boxplot illustrating significantly higher MH index scores for colocalization of T cells with Tregs (T_Treg) in patients who achieved a pCR. The data are depicted

as individual dots for each sample, along with the median, first, and third quartile (n = 54 patients). Statistical analysis was performed using the likelihood-ratio

test. **p < 0.05 (BH corrected).

(D) Example images from a tumor with high colocalization of CD3+PD-1+ T cells and PD-L1+ cells.

(E) Boxplot illustrating significantly higher MH index scores for colocalization of PD-1+ T cells with any PD-L1+ cell (PD1T_PDL1) in patients who achieved a pCR.

The data are depicted as individual dots for each sample, along with the median, first, and third quartile (n = 54 patients). Statistical analysis was performed using

the likelihood-ratio test. **p < 0.05 (BH corrected).

(F) Association dot matrix showing the level and direction of association between eachMH index (columns) and pCR in the population/model as labeled (rows). Only

thosebiomarkers thatwere significant (p<0.05; afterBenjamini-Hochbergmultiple testing correction) in at least onecohort are shown.SeeFigure3 legend for number

of patients in each cohort (multi-IF platform). Color of dot indicates direction of association (red, higher in pCR; blue, higher in non-pCR). Size of dot is proportional to

significance (larger dots/ smaller p values). Background square color indicates: BH FDR p < 0.05 (white), nominal p < 0.05 (light gray), not significant (dark gray).

See also Figure S4 and Tables S4 and S5.
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Figure 5. Spatial proximity of cells in the tumor microenvironment is associated with response to ICB

(A) Example of a tumor stained with mIF panel 1, the corresponding phenotype map, and a nearest-neighbor plot in which lines are drawn from each tumor cell

(yellow) to the nearest T cell (green). A plot of G(r), the fraction of tumor cells with a T cell with a radius r, by r (mm) is shown. A spatial proximity score (SPS) is

calculated from the area under this curve where r = 0 to 20 mm (red shaded area).

(B) Nearest-neighbor plot in which lines are drawn from each tumor cell (red) to the nearest T cell (blue) and associatedG(r) plot from a tumor with a low tumor-to-T

cell spatial proximity score (Tm_T.SPS).

(C) Nearest-neighbor plot in which lines are drawn from each tumor cell (red) to the nearest T cell (blue) and associatedG(r) plot from a tumor with a high tumor-to-

T cell spatial proximity score (Tm_T.SPS).

(D) Boxplot illustrating significantly higher Tm_T.SPS in patients who achieved a pCR. The data are depicted as individual dots for each sample, along with the

median, first, and third quartile (n = 54 patients). Statistical analysis was performed using the likelihood-ratio test. **p < 0.05 (BH corrected).

(legend continued on next page)
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Figure 6. Immune signaling pathways and

DNA damage and repair biomarkers associ-

ated with response to ICB

(A) Association dot matrix showing the level and

direction of association between gene expression

and RPPA biomarkers (columns) and pCR in the

population/model as labeled (rows). Only those

biomarkers that were significant (p < 0.05; after

Benjamini-Hochberg multiple testing correction) in

at least one cohort are shown. See Figure 3 legend

for number of patients in each cohort (mRNA and

RPPA platforms). Color of dot indicates direction of

association (red, higher in pCR; blue, higher in non-

pCR). Size of dot is proportional to significance

(larger dots / smaller p values). Background

square color indicates: BH FDR p < 0.05 (white),

nominal p < 0.05 (light gray), not significant (dark

gray).

(B) Boxplots illustrating the associations of various

biomarkers related to immune pathways and DNA

damage/repair with pCR in the Pembro arm. The

data are depicted as individual dots for each sam-

ple, along with the median, first, and third quartile.

Statistical analysis was performed using the likeli-

hood-ratio test. *p < 0.05 (not corrected), **p < 0.05

(BH corrected). See also Figures S6 and S7 and

Tables S2, S3, S4, S5, and S6.
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immune microenvironments defined by the Immune RPS were

significantly associated with response to pembrolizumab.

DISCUSSION

Immunotherapy with ICIs has shown promise as a therapeutic

strategy for breast cancer. Characterization of the tumor immune

microenvironment will facilitate our understanding of the mech-

anisms through which these cancers respond or fail to respond

to immune checkpoint blockade. In addition to immune cell

counts, evaluating spatial relationships between tumor and im-

mune cells, as well as between different populations of immune

cells, will be essential to this understanding. In this study, we

examined associations between baseline immune markers and
(E) Nearest-neighbor plot in which lines are drawn from each PD-1+ T cell (green) to the nearest PD-L1+ cell (m

low PD-1+ T cell to PD-L1+ cell spatial proximity score (PD1T_PDL1.SPS).

(F) Nearest-neighbor plot in which lines are drawn from each PD-1+ T cell (green) to the nearest PD-L1+ cell (m

high PD-1+ T cell to PD-L1+ cell spatial proximity score (PD1T_PDL1.SPS).

(G) Boxplot illustrating significantly higher PD1T_PDL1.SPS in patients who achieved a pCR. The data are de

the median, first, and third quartile (n = 54 patients). Statistical analysis was performed using the likelihood

(H) Association dot matrix showing the level and direction of association between spatial proximity scores (c

(rows). Only those biomarkers that were significant (p < 0.05; after Benjamini-Hochberg multiple testing corre

legend for number of patients in each cohort (multi-IF platform). Color of dot indicates direction of association

dot is proportional to significance (larger dots/ smaller p values). Background square color indicates: BH F

significant (dark gray). See also Figure S5 and Tables S4 and S5.
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response to anti-PD-1 neoadjuvant ther-

apy. We evaluated biomarkers in pretreat-

ment biopsy samples on three platforms:

gene expression arrays, RPPAs, andmulti-

plex immunofluorescence on formalin-

fixed and paraffin-embedded (FFPE) tis-
sue sections. This provided a unique opportunity to investigate

immunological correlates of response to ICI therapy.

Responsiveness to anti-PD-1 has been correlated with PD-L1

expression in some cancers, but PD-L1 IHC of tumor and/or im-

mune cells has produced inconsistent results in others. Herein,

we used multiplex immunofluorescence to quantitate cell den-

sities along with spatial metrics for cell-to-cell proximity and

found several measurements of the PD-1/PD-L1 axis that asso-

ciatedwith response to therapy. Since PD-1 is the direct target of

anti-PD-1 agents such as pembrolizumab, it seems reasonable

that the expression of PD-1 in the tumor immune microenviron-

ment would be associated with response to anti-PD-1 therapy.

We found expression of the PD-1 gene (PDCD1) to be associated

with response in the overall cohort and PD-1+ cells (by mIF)
agenta) and associatedG(r) plot from a tumor with a

agenta) and associatedG(r) plot from a tumor with a

picted as individual dots for each sample, along with

-ratio test. **p < 0.05 (BH corrected).

olumns) and pCR in the population/model as labeled

ction) in at least one cohort are shown. See Figure 3

(red, higher in pCR; blue, higher in non-pCR). Size of

DR p < 0.05 (white), nominal p < 0.05 (light gray), not
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Figure 7. Illustration of different tumor immune microenvironments as characterized by mIF and their associated pCR rates, overall and by

receptor subtypes

(A) TILs were defined as CD3+ T cells plus CD20+ B cells. The cut-point for low/high TILs was set at 12.5% (percent of total cell counts). Colocalization of PD-1+Tc

and PD-L1+ cells (immune or tumor) was defined using theMorisita-Horn index. Amedian cut-point was used to define low/high colocalization scores. Bar graphs

indicate pCR rates for the Pembro arm, all cases or split out by receptor subtypes, for each of the depicted immune microenvironments: low TILs, high TILs, high

TILs & low colocalization score, high TILs & high colocalization score.

(B) Immune microenvironments defined by percent TILs and colocalization of PD-1+Tc with PD-L1+ cells (immune or tumor) are significantly associated with

response (Fisher exact test).

(C) Immune microenvironments defined by immune response predictive subtype (RPS) are significantly associated with response (Fisher exact test).
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associated with response in HR+HER2� patients. On the PD-L1

side of the axis, we found expression of the PD-L1 gene (CD274),

PD-L1+ immune cells (in particular macrophages), and the PD-L1

CPS, but not PD-L1+ tumor cells or the PD-L1 TPS associated

with pCR in the overall cohort. These findings are consistent
with other reports of PD-L1 expression on immune cells, but

not tumor cells, being associated with response to anti-PD-1

therapy.23,24 In addition, PD-L1+macrophages have been shown

to play a key role in response to immune checkpoint blockade in

mouse models25,26 and predict immunotherapy outcomes in
Cell Reports Medicine 5, 101799, November 19, 2024 11
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patients with NSCLC and melanoma.27,28 Further studies

exploring PD-L1 expression on lymphocyte subsets and PD-

1/PD-L1 double-positive lymphocytes may add to these

findings.

Anti-PD-1 agents work by disrupting the interaction of PD-1

and PD-L1. Thus, a biomarker of this interaction, rather than

the individual PD-1+ and PD-L1+ cell densities, may provide a

useful marker of response. Perhaps one of the most relevant

findings in this study is the observation that colocalization or

close spatial proximity of PD-1+ T cells (and/or PD-1+CD8+ Tc)

with PD-L1+ cells (immune and/or tumor cells) was significantly

associated with response in the overall cohort as well as the

TN and HR+HER2� subtypes. Similar PD-1/PD-L1 proximity re-

sults have been reported in melanoma29,30 andMerkel cell carci-

noma31 in which measurements of PD-1+ cells in close proximity

to PD-L1+ cells were associated with clinical response to anti-

PD-1 therapy. Additionally, close proximity of CD8+ T cells with

PD-L1+ cells, as well as any PD1+ cell with PD-L1+ cells, was

prognostic for poor overall survival in oropharyngeal squamous

cell carcinoma.32

Previous studies have suggested that CD4+ T cells may play

a role equivalent to or possibly greater than CD8+ T cells in

mediating the efficacy of immunotherapy.33–35 Although we did

not stain directly for the presence of CD4+ T cells, we did find

that CD8� T cells, as well as a Th1 GES, were associated with

pCR. Recent clinical evidence supports the importance of

CD4+ T cells in generating successful anti-tumor immunity.

Single-cell RNA sequencing and T cell receptor analyses from

colorectal cancer biopsies demonstrated that microsatellite-

instable tumors (which aremore likely to respond to ICIs) showed

a preferential enrichment of a Th1-like subset of CD4+ T cells.36

In addition, two recent studies have demonstrated that the pres-

ence of specific subsets of CD4+ T cells in the peripheral blood

of NSCLC patients treated with PD-L1/PD-1 blockade therapy

was significantly correlated with better responses.37,38 In other

studies, CD4 count measured using digital spatial profiling was

an immune parameter associated with positive outcomes in

melanoma39 and NSCLC23 patients treated with ICIs.

The identification of a DCGES associatedwith pCR in our study

is in line with recent findings regarding the role of DCs in immuno-

therapywith ICIs. Inmousemodels,Garris andcolleaguesshowed

that effective anti-PD-1 immunotherapy required a subset of tu-

mor-infiltrating DCs.40 In human melanomas, the presence of DC

hasbeen shown tocorrelatewith response to anti-PD-1 therapy.41

Patients with renal cell carcinoma with a high DC GES at baseline

were more likely to respond to atezolizumab (anti-PD-L1) ther-

apy.42 Similar observations were made in atezolizumab-treated

patientswith NSCLC.42 In contrast, there was no significant differ-

ence in response between high- and low-DC-signature groups in

patients treated with chemotherapy only, similar to our results.

Finally, DCs in humanbreast cancers havebeen shown to express

CXCL9,43 andCXCL9expression correlateswith response to anti-

PD-1 therapy,44 further suggesting a role for DCs in the context of

patient response to anti-PD-1.

The identification of a mast cell GES as a predictor of resis-

tance to anti-PD-1 therapy in HR+HER2� patients is also an

interesting finding. This is consistent with a recent report demon-

strating that tumor-infiltrating mast cells are associated with
12 Cell Reports Medicine 5, 101799, November 19, 2024
resistance to anti-PD-1 therapy in a humanized mouse mela-

noma model.45 Combining anti-PD-1 with sunitinib or imatinib

resulted in the depletion of mast cells and complete regression

of tumors in this model. Additionally, recent clinical studies

found that having a lower pretreatment mast cell density was

significantly associated with achieving a pCR to neoadjuvant

chemotherapy in breast cancer46. Similarly, we observed a

negative association between anMCGES and pCR in the control

chemotherapy arm, although this was not significant.

Five immune signaling GESs were associated with response

to Pembro (Chemokine12, GeparSixto, ICS5, TIS, and STAT1_

sig). These signatures were highly correlated with each other

suggesting they measure a similar state of immune activation

in the tumor microenvironment. The Chemokine12 gene

signature, which consists of a panel of 12 chemokine genes,

was identified to strongly predict the presence of ectopic

lymph node-like structures (TLSs) in primary colorectal carci-

nomas.47 This gene signature has also been evaluated in inva-

sive breast cancer where it was also associated with the pres-

ence of TLS and better survival outcomes.48 TLSs have the

appearance of typical peripheral lymph nodes and as such

display a focal concentration of T cells and B cells. Although

we did not measure TLS directly, we did observe positive

correlations between the Chemokine12 gene signature and

T cell/B cell spatial metrics (MH colocalization indices and

T_B SPSs).

Finally, despite FDA approval of pembrolizumab for treatment

of microsatellite instability-high and mismatch repair-deficient

cancers, interestingly we found that a number of DNA

repair protein/phosphoprotein biomarkers, including phosphor-

ylated BRCA1, CHK1, and CHK2, along with cleaved PARP;

apoptosis/DNA damage markers cleaved caspase-3 and

caspase-9 and phosphorylated gH2AX; and microsatellite insta-

bility markers MLH1, MSH6, and MSH2 did not associate with

response to pembrolizumab in either TNBC or HR+/HER2� tu-

mors in this study.

Overall, of the 126 biomarkers evaluated across three plat-

forms, 56 were significantly associated with response to pem-

brolizumab (13 expression signatures, 6 RPPA markers, 37 mIF

markers). Many of these biomarkers were correlated with each

other (Figure S2). For example, the immune signaling GESs,

the immune cell densities identified by mIF, and the immune

cell population GESs were all correlated with each other with

only a few exceptions. In contrast, the PD-1/PD-L1-related

spatial metrics, while correlated with each other, did not gener-

ally correlate with the immune signaling signatures or immune

cell populations (mIF or expression signatures). These results

suggest that the PD-1/PD-L1 spatial metrics are measuring a

different aspect of the tumor immune microenvironment.

In summary, we identified several mIF markers and gene

expression markers, representing immune cell populations as

well as tumor epithelium-based proteomic/phosphoproteomic

RPPA-generated biomarkers that were significantly associated

with response in the pembrolizumab arm in the population as a

whole. Interestingly, when examined by receptor subtypes,

most of these associations were significant in the HR+HER2�

cohort (including T cells, B cells, and PD1+ cells, and as previ-

ously reported tumor epithelium expressed MHC II49 but not
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the TN subgroup. In contrast, GESs related to chemokines (Che-

mokine12), inflammation (TIS), or immune signaling (STAT1) pre-

dicted response to pembrolizumab in TN but not HR+HER2� tu-

mors. These results indicate that within the receptor subtypes

there are differences in the immune microenvironments related

to response to immune checkpoint blockade. Indeed, we have

recently shown that both HR+HER2� and TN tumors can be split

into Immune+ and Immune� RPSs based on GESs where the

Immune+ tumors have a higher likelihood of responding to immu-

notherapy.22 This study illustrates the potential of spatial-based

multiplex immunofluorescence staining of tumor tissue, as well

as GESs and phosphoprotein/protein pathway analysis, as tools

to discover biomarkers of response to immunotherapy in the

neoadjuvant setting.
Limitations of the study
This study has to be interpreted in the context of its limitations.

First, although the adaptive design of the I-SPY 2 trial allows

for efficient and rapid identification of promising agent/

subtype combinations based on their estimated likelihood of

phase 3 success, this has the unfortunate consequence, from

a biomarker perspective, of producing unbalanced groups with

low patient numbers in each arm. As none of the concurrent con-

trols had FFPE tissue samples available (only frozen tissue),

which were required for the mIF assays, FFPE samples from a

cohort of non-concurrent controls from the latter part of the trial

were utilized for mIF assays. Although these samples were

matched based on receptor subtypes, MammaPrint scores,

and response to therapy, this limited some comparisons. Finally,

we assessedmultiple hypotheses in this study, and, although we

applied statistical correction for multiple testing, this does not

preclude the need for validation in independent cohorts. As

such, the results presented here must be considered explor-

atory/hypothesis generating.
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EXPERIMENTAL MODEL AND SUBJECT DETAILS

I-SPY 2 trial overview
I-SPY2 is an ongoing, open-label, adaptive, randomized phase II, multicenter trial of neoadjuvant therapy for early-stage breast

cancer (NCT01042379; IND 105139). It is a platform trial evaluating multiple investigational arms in parallel against a common

standard of care control arm. The primary endpoint is pCR (ypT0/is, ypN0), defined as the absence of invasive cancer in the breast

and regional nodes at the time of surgery.50 As I-SPY2 is modified intent-to-treat, patients receiving any dose of study therapy are

considered evaluable; those who switch to non-protocol therapy, progress, forgo surgery, or withdraw are deemed ‘non-pCR’.

Secondary endpoints include residual cancer burden (RCB) and event-free and distant relapse-free survival (EFS and DRFS).50

Trial design
Assessments at screening establish eligibility and classify participants into subtypes defined by hormone receptor (HR) status, HER2,

and 70-gene signature (Mammaprint) status.51 Adaptive randomization in I-SPY2 preferentially assigns patients to trial arms accord-

ing to continuously updated Bayesian probabilities of pCR rates within each biomarker signature; 20% of patients are randomly as-

signed to the control arm.52 While accrual is ongoing, a statistical engine assesses the accumulating pathologic and MRI responses

at weeks 3 and 12 and continuously re-estimates the probabilities of an experimental arm being superior to the control in each

defined biomarker signature. An arm can be dropped for futility if the predicted probability of success in a future 300-patient, 1:1 ran-

domized, phase 3 trial drops below 10%, or graduate for efficacy if the probability of success reaches 85% or greater in any

biomarker signature. The clinical control arm for the efficacy analysis uses patients randomized throughout the entire trial. Experi-

mental arms have variable sample sizes: highly effective therapies graduate with fewer patients in the experimental arm; arms

that are equal to, or marginally better than, the control arm accrue slower and are stopped if they have not graduated, or terminated

for lack of efficacy, before reaching a sample size of 75. During the design of each new experimental arm the investigators together

with the pharmaceutical sponsor decide in which of the 10 a priori defined biomarker signatures the drug will be tested. Upon entry to

the trial, participants are dichotomized into hormone receptor (HR) negative versus positive, HER2 positive versus negative, and

MammaPrint High1 [MP1] versus High2 [MP2] status. From these 8 biomarker combinations (2 3 2 3 2) I-SPY has created 10

biomarker signatures that represent the disease subsets of interest (e.g., all patients, all HR+, all HER2+, HR+/HER2-, etc, for com-

plete list see ref. 52 in which a drug can be tested for efficacy. Efficacy is monitored in each of these biomarker signatures separately

and an arm could graduate in any or all biomarker signature of interest. When graduation occurs, accrual to the arm stops, final ef-

ficacy results are updated when all pathology results are complete. The final estimated pCR results therefore may differ from the pre-

dicted pCR rate at the time of graduation. Additional details on the study design have been published elsewhere.9,53,54

Eligibility
Participants eligible for I-SPY2 arewomen >18 years of agewith stage II or III breast cancer with aminimum tumor size of >2 $ 5 cmby

clinical exam, or >2 $ 0 cm by imaging, and Eastern Cooperative Oncology Group performance status of 0 or 1. HR-positive/HER2-

negative cancers assessed as low risk by the 70-gene MammaPrint test are ineligible as they receive little benefit from systemic

chemotherapy. Only HER2-negative patients were eligible for randomization to the pembrolizumab arm. Additional exclusion criteria

for this arm included prior PARP inhibitor or immune checkpoint inhibitor therapy, use of immunosuppressive medications, or history

of autoimmune disease.

Treatment
Participants in the control arm received standard NACT: 80mg/m2 intravenous paclitaxel weekly for 12weeks, followed by 4 cycles of

60 mg/m2 doxorubicin plus 600 mg/m2 intravenous cyclophosphamide every 2 to 3 weeks (AC). Participants in the pembrolizumab
e2 Cell Reports Medicine 5, 101799, November 19, 2024
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arm received standard NACT plus 200mg intravenous pembrolizumab every 3 weeks for 4 cycles (weeks 1, 4, 7, and 10) concurrently

with paclitaxel, as previously described.9 For the first paclitaxel infusion, 20 mg dexamethasone was given and if no infusion reaction

occurred, dexamethasone was reduced to 10 mg for week two, if no infusion reaction was observed with the first two treatments,

dexamethasone was discontinued. Dose reductions and toxicity management were specified in the protocol. Adverse events

were collected according to the NCI Common Terminology Criteria for Adverse Events (CTCAE) version 4.0. After completion of

AC, patients underwent lumpectomy or mastectomy and nodal sampling, with choice of surgery at the discretion of the treating sur-

geon. All patients were screened for potential adrenal insufficiency before surgery with a morning serum cortisol level.

Trial oversight
I-SPY2 is conducted in accordancewith the guidelines for GoodClinical Practice and theDeclaration of Helsinki, with approval for the

study protocol and associated amendments obtained from independent ethics committees at each site. Written, informed consent

was obtained from each participant prior to screening and again prior to treatment. The I-SPY2 Data Safety Monitoring Board meets

monthly to review patient safety.

METHOD DETAILS

Pretreatment biopsy processing
Core needle biopsies of 16-gauge were taken from the primary breast tumor before treatment. Collected tissue samples are imme-

diately frozen in Tissue-Tek O.C.T. embedding media and then stored in �80�C until further processing. At the central I-SPY Labo-

ratory an 8mMsection is stainedwith hematoxylin and eosin (H&E) and pathologic evaluation performed to confirm the tissue contains

at least 30% tumor. A tissue sample meeting the 30% tumor requirement is further cryosectioned at 30 mM, and samples are sent to

Agendia on uncharged slides for gene expression profiling. As well, fresh-frozen pretreatment sections on uncharged slides are sent

to the Petricoin Lab at George Mason University for protein/phospho-protein analysis. Finally, archival pretreatment formalin fixed

and paraffin embedded (FFPE) tumor samples were sectioned at 4 mM and placed on charged slides for multiplex immunofluorence

analysis.

Multiplex immunofluorescence tumor tissue profiling
Multiplex immunofluorescence (mIF) staining was performed on 4 mmsections from pre-treatment FFPE tumor blocks using the Opal

7-color fIHC kit (PerkinElmer, Waltham, MA). Optimization/validation of the mIF panels has been presented elsewhere.55 None of the

concurrent controls had FFPE tissue samples available (only frozen tissue). Since FFPE tissues were required for the mIF assays

(assay protocols were optimized on FFPE, not frozen, tissue) FFPE samples from 48 non-concurrent controls from the latter part

of the trial were utilized for these assays. These samples were matched to the concurrent controls based on receptor status,

MammaPrint scores, and response to therapy. Staining was performed on a Ventana Discovery Ultra autostainer (Ventana/

Roche, Indianapolis, IN). Each section was put through sequential rounds of heat-inactivation epitope retrieval (HIER), followed by

incubation with primary antibody, then secondary horseradish peroxidase (HRP)-conjugated antibody. Primary antibody was

visualized using different tyramide-linked Opal fluorophores for each primary antibody. Subsequent HIER steps removed bound

antibodies before applying the next round of primary antibody, secondary HRP conjugate, and tyramide-Opal dye. After the final

antibody sequence, sections were counterstained with DAPI and mounted with Vectashield fluorescence mounting medium (Vector

Labs, Burlingame, CA). Primary antibodies and their paired Opal fluorphores are listed in Table S1. The sequence of antibody labeling

was determined based on the target antigen’s stability to repeated HIER steps. Each primary antibody was matched with an

appropriate Opal TSA dye based on staining intensity and on the antigen’s cellular localization to minimize potential signal crossover

of co-localized targets.

mIF image analysis
Slides were imaged using the Vectra 3.0 slide scanner and visualized in Phenochart whole slide viewer (PerkinElmer). Fifteen to

twenty multispectral images per each tumor biopsy were acquired using the 20X objective (2003 absolute magnification). Spectral

unmixing and cell segmentation was performed using the inForm quantitative pathology software (PerkinElmer). Cell phenotypes

were assigned using openCyto, an R package providing an automated data analysis pipeline for flow cytometry. Cell fractions are

reported as a percentage of total cell counts unless otherwise indicated. PD-L1 staining from mIF Panel 2 (antibody clone E1L3N)

was assessed using the tumor proportion score (TPS) and the combined positive score (CPS). The TPS was defined as the number

of PD-L1+ tumor cells divided by the total number of tumor cells multiplied by 100. The CPS was defined as the number of PD-L1+

tumor cells and PD-L1+ immune cells, divided by the total number of tumor cells multiplied by 100.

mIF spatial distribution analysis
To examine spatial relationships among specific cell phenotypes, we employed spatial point pattern analyses using a variety of

R packages (phenoptr, spatstat, and divo). To study the spatial colocalization of cancer cells and immune cells, each mIF image

was virtually divided into non-overlapping squares of 200 mm 3 200 mm. This square size was chosen to be within the range of an

estimated effective intercellular communication distance of �250 mm.56 The number of cancer cells and immune cells within each
Cell Reports Medicine 5, 101799, November 19, 2024 e3
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square was counted. To calculate colocalization of two cell types, A & B, we applied theMorisita-Horn (MH) similarity index57,58 to the

data using the R package ‘divo’. TheMH index ranges from 0 (no cells of type A share the same squarewith a cell of type B), indicating

highly segregated cell populations, to 1 (an equal number of type A and type B cells in each square), indicating the two cell types are

highly colocalized. MH indices were calculated for 21 pairs of cell types (Table S4).

To further examine spatial relationships, we utilized the nearest neighbor distribution function,G(r), to quantify the relative proximity

of any two cell types. This function is a spatial distance distribution metric that represents the probability of finding at least one cell of

a given type within a radius (r) of another cell type. The G(r) function computations were performed using the R package ‘‘spatstat’’.

The area under the G(r) curve (AUC) for r = 0 to 20 mm was calculated and an overall Spatial Proximity Score, SPS, was obtained by

averaging the AUC values obtained for each of the 15–20 ROI images for a given case. A large SPS indicates close proximity between

the cell populations analyzed. TheSPS is directional such that the score for T cells within 20 mmof tumor cells, denoted Tm_T.SPSwill

be different than the score for tumor cells within 20 mm of T cells (T_Tm.SPS). SPS scores were determined for 20 pairs of cell types

(Table S4). The 20 mm interval was selected to build upon prior work in the field.31,59,60 To put this into perspective, a lymphocyte has a

diameter of �10 mm.

Gene expression profiling
Twenty to thirty 30 mMpretreatment tumor cryosections with 20–30%cellularity are collected and emulsified in 0.5mLQiazol solution

and sent to Agendia, Inc., for RNA extraction and gene expression profiling on Agilent 32K (Agendia32627_DPv1.14_SCFGplus with

annotation GPL20078) or Agilent 44K (Agilent_human_DiscoverPrint_15746 with annotation GPL30493 (update of GPL16233))

expression arrays. As previously described,22 for each array, the green channel mean signal was log2-tranformed and centered

within array to its 75th quantile as per the manufacturer’s data processing recommendations. All values indicated for non-conformity

are NA’d out; and a fixed value of 9.5 was added to avoid negative values. Probeset level data per array were mean-collapsed to the

gene level, and genes common to the two platforms identified. Expression data from the first �900 I-SPY2 patients distributed over

the two platforms GPL30493 (n = 333) and GPL20078 (n = 545) were combined into a single gene-level dataset after batch-adjusting

using ComBat (Johnson et al., 2007). Linear adjustment factors were derived from the larger ComBat operation, per platform, which

can be used to batch correct raw files. The subsequent �90 samples (including patients from the pembrolizumab and a subset of

controls), assayed on GPL20078, were batch corrected using these factors and added to the original set, yielding a normalized

expression dataset comprising 987 patients x 19,134 (common) genes. These transcriptomic data and the associated batch correc-

tion model coefficients are available as part of the I-SPY2-990 mRNA/RPPA Data Resource in NCBI’s Gene Expression Omnibus

(GEO), SubSeries GSE194040 (mRNA) (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE194040) and through the

I-SPY2 Google Cloud repository (https://www.ispytrials.org/results/data).22

Protein/phospho-protein profiling
In addition, laser capture microdissection (LCM) was performed on pre-treatment biopsy specimens to isolate tumor epithelium

for signaling protein and phospho-protein profiling by reverse phase protein arrays (RPPA) in the Petricoin Lab at George Mason

University, as previously published.61 Approximately 10,000 cells are captured per sample. RPPA samples were assayed on three

arrays, each containing hundreds of samples from different arms of the trial quantifying up to 139 protein/phospho-protein endpoints

(GPL28470) from hormone receptor (n = 4), HER family (n = 14), cell cycle/proliferation (n = 20), immune (n = 18), DNA repair deficiency

(DDR; n = 15), AKT/mTOR/PI3K (n = 7), apoptosis/autophagy (n = 10), IGF1R (n = 6), TIE/ANG (n = 4), growth/survival/metabolism

(n = 22) and RTK (n = 19) pathways, though this study only considers a (hypothesis-driven) subset of immune and DRD biomarkers.

To remove batch effects we standardized each array prior to combining, by (1) sampling 5000 times, maintaining a receptor subtype

balance equal to that of the first�1000 patients (HR + HER2-: 0.384, TN:0.368, HR + HER2+:0.158, HR-HER2+:0.09); (2) calculating

the mean(mean) and mean(sd) for each RPPA endpoint; (3) z-scoring each endpoint using the calculated mean/sd from (2), as pre-

viously described.61 Normalized and rawRPPA data over all endpoints for the 236 patients with RPPA analysis in this study are part of

of the I-SPY2-990 mRNA/RPPA data resource deposited in NCBI’sGene Expression Omnibus (GEO) SubSeries GSE196093 (RPPA)

(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE196093) 22 and through the I-SPY2 Google Cloud repository (https://

www.ispytrials.org/results/data).22 The subset of immune- and DRD-related RPPA biomarkers analyzed in this study are also

provided in Table S6 along with clinical data.

Biomarkers evaluated
126 total biomarkers from mIF, gene expression, and RPPA were assessed as specific predictors of response to Pembro. The mIF

analyses yielded 61 immune-related biomarkers: 18 cell populations, 2 PD-L1 scores (CPS and TPS), and 41 spatial metrics (21 based

on the Morisita-Horn index and 20 based on the nearest neighbor distribution function). There were 38 pre-specified expression

signatures: 26 immune-related, 10 DNA damage response (DDR), 1 proliferation, and 1 hormone receptor (ER/PR). Finally, RPPA bio-

markers included 17 immune-related and 10 DDR-related protein/phosphoprotein endpoints. Tables S2, S3, and S4 list these bio-

markers, annotated by type, description, and references (as needed). Tables S5 (mIF) and S6 (mRNA and RPPA) contains per-patient

scores for these 126 biomarkers and clinical variables (the latter is also available on GEO (https://www.ncbi.nlm.nih.gov/geo/query/

acc.cgi?acc=GSE196096)) – for our study population.
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pCR association biomarker analysis
We assessed associations of biomarkers with response in the experimental and control arms using a logistic model (likelihood

ratio (LR) test p < 0.05).62 Analyses were also performed adjusting for HR status as a covariate, and numbers permitting, within

receptor subsets. Markers are analyzed individually. Likelihood ratio p-values are adjusted for multiple hypothesis testing using

the Benjamini-Hochberg method (Huang et al., 2009) with a significance threshold of BH p < 0.05, and considered descriptive

rather than inferential. Analyses were performed in the computing environment R (v.3.6.3) using R Packages ‘stats’ (v.3.6.3), ‘lmtest’

(v.0.9–37), ‘rjags’ (v.4-10). Scripts are available upon request.
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