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SUMMARY

Selecting optimal candidates for next-generation anti-human epidermal growth factor receptor 2 (HER2) anti-
body-drug conjugates (ADCs) remains challenging. We conduct a prespecified translational study to identify
treatment biomarkers in SHR-A1811-treated HER2-positive breast cancer patients from the phase 2 neoad-
juvant FASCINATE-N trial using DNA and RNA sequencing, computational pathology, and single-cell in situ
spatial imaging. In the hormone receptor (HR)-negative subgroup, a higher proportion andmore infiltration of
immune cells (i.e., tumor-infiltrating lymphocytes [TILs]), particularly cytotoxic T cells, are associated with
better treatment responses. In the HR-positive subgroup, the closeness and aggregation of HER2-strong-
positive tumor cells, as opposed to a uniform distribution, are linked to a lower response rate and HER2
luminal-like (HER2-LUM) subtype, which more closely resembles HR+/HER2� breast cancer. In addition,
we develop a clinically practical predictive model capable of predicting neoadjuvant treatment responses
to SHR-A1811 and other novel ADCs based on clinicopathological characteristics and pathological images.

INTRODUCTION

Breast cancer is the most commonly diagnosed cancer and a

leading cause of cancer-related mortality among women world-

wide.1 Human epidermal growth factor receptor 2-positive

(HER2+) breast cancer, accounting for approximately 15%–

20% of all breast cancer cases, is characterized by the overex-

pression of the HER2 protein and is associated with aggressive

tumor behavior and poor prognosis.2 In recent years, advances

in HER2-targeted therapies, such as monoclonal antibodies,

tyrosine kinase inhibitors, and antibody-drug conjugates

(ADCs), have significantly improved the outcomes of patients

with such conditions, transforming it to a more manageable

subtype.3 More recently, the administration of a new generation

of ADCs, with linker optimization and payload selection, further

enhanced their targeting specificity and therapeutic efficacy.4,5

The rapid evolution and innovative potential of ADCs under-

score their pivotal role in the future of HER2+ breast cancer

treatment.

Clinical trials have demonstrated the efficacy of novel ADCs,

exemplified by T-DXd, which has shown significant results

across HER2+, HER2-low, and HER2-ultra-low tumors.5–7 How-

ever, a significant number of patients still do not benefit from this

treatment, and the potential for ‘‘over-application’’ of these

ADCs raises concerns about inappropriate use, which may in-

crease the occurrence of severe side effects, such as debilitating

lung toxicity. Therefore, there is an urgent need for efficacy-

related biomarkers and predictive tools to guide the precise

application of these novel ADCs.

To address the challenge of precisely utilizing novel anti-HER2

ADCs in HER2+ breast cancer therapy, we conducted a transla-

tional study based on the HER2+ breast cancer cohort of our

phase 2 FASCINATE-N trial (NCT05582499).8 The FASCINATE-N

trial established a platform for optimizing neoadjuvant treatment
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regimens and provided long-term, stable support for translational

research derived from clinical trials. The HER2+ breast cancer

cohort of the FASCINATE-N trial included patients who were

randomly assigned to receive the neoadjuvant SHR-A1811

regimen for 8 cycles, compared to the standard PCbHP regimen

for 6 cycles. SHR-A1811 comprises trastuzumab conjugated to

a novel topoisomerase I inhibitor payload, SHR9265, via a degrad-

able linker, with a drug-to-antibody ratio (DAR) of 5.7. Notably,

SHR-A1811hasshownpromisingefficacyagainstHER2-express-

ing breast cancer in a recent study, with objective responses of

76.3% in advanced HER2+ breast cancer and 60.4% in HER2

low-expression breast cancer, making it an ideal regimen for

studying novel anti-HER2 ADCs.9,10

In this study, we aimed to investigate the distinct patient char-

acteristics associated with sensitivity to neoadjuvant SHR-

A1811 treatment, with the goal of guiding the precise clinical

application of this novel anti-HER2 ADC. To achieve this goal,

we integrated clinical and biological evidence, leveraging bulk

sequencing data, computational pathology processed with our

published algorithm,11 and in situ spatial imaging techniques.

Using these insights, we developed a clinically practical and

interpretable artificial intelligence (AI)-based prediction model

for the efficacy of SHR-A1811, which can also be extrapolated

to other novel HER2-targeted ADCs. By leveraging such struc-

tured and comprehensive research frameworks, we aimed to

enhance personalized treatment strategies for SHR-A1811,

providing precise treatment guidance for patients with HER2+

breast cancer.

RESULTS

HER2+ FASCINATE-N treatment arms and omics
dimensions
Patients in the HER2+ FASCINATE-N cohort were enrolled

beginning of December 27, 2022. All participants were adults

with HER2+ breast cancer, defined with immunohistochemistry

(IHC) score 3+ or 2+ with in situ hybridization amplification. The

cohort included patients with early-stage disease (T2-3, N0-1,

and M0) and locally advanced disease (T2-3, N2-3, M0 or T4,

any N, M0). These patients were treatment-naı̈ve, had an

Eastern Cooperative Oncology Group (ECOG) performance

status of 0/1. The primary endpoint of this study was patholog-

ical complete response (pCR), defined as ypT0/Tis and ypN0

after neoadjuvant therapy, as assessed by pathologists.

Detailed analysis plans are outlined in the study protocol, and

the trial is registered on ClinicalTrials.gov (NCT05582499).8 Ac-

cording to the Bayesian design of this clinical trial, a pre-

planned translational study of biomarkers was triggered upon

the completion of all the neoadjuvant therapy cycles and post-

surgical efficacy assessments for the first 60 patients (Fig-

ure 1A, STAR Methods).

Our study comprehensively explored multiple omics dimen-

sions using baseline samples if they were adequate, with a spe-

cific focus on innovative spatial analysis techniques (Figure 1A).

In the genomic dimension, targeted sequencing was performed

on 48 patients, 30 of whom also underwent whole-genome

sequencing (WGS). For transcriptomics, bulk RNA sequencing

(RNA-seq) was conducted on 39 patients. We also incorporated

spatial analysis. First, we conducted computational pathology

on both hematoxylin and eosin (H&E)-stained and HER2 IHC-

stained whole-slide images (WSIs) from all 60 patients. Addition-

ally, we applied the Xenium in situ assay in 21 cases.

Clinicopathological and molecular variables are
associated with the efficacy of SHR-A1811
In the monotherapy SHR-A1811 treatment arm, the efficacy re-

sults demonstrated pCR in 38 patients, yielding a pCR rate of

63.3% (Table 1). In the analysis of clinical and pathological

data, we revealed that the non-pCR group exhibited higher clin-

ical N stages (p = 0.002), a greater incidence of hormone recep-

tor (HR)+ (p = 0.034) and progesterone receptor-positive (PR+)

(p = 0.007) diseases, lower HER2 IHC scores (p = 0.001, Fig-

ure 1B) and less tumor-infiltrating lymphocytes (TILs)

(p = 0.014, Figure 1C) compared to the pCR group. When strat-

ified by HR status, HR+ patients achieved a pCR rate of 48.1%

(13/27), while HR� patients exhibited a higher pCR rate of

75.8% (25/33) (Table S1). Specifically, among HR+ patients,

non-pCR cases were associated with higher clinical N stages

(p = 0.002), higher PR percentage (p = 0.011) diseases, and lower

HER2 IHC scores (p = 0.016, Figure 1B) compared to pCR cases.

In contrast, within the HR� subgroup, non-pCR tumors showed

significantly less TILs compared to pCR cases (p = 0.034,

Figure 1C).

Regarding genomic features, neither somatic mutations nor

copy number variations (CNVs) were significantly different be-

tween the pCR and non-pCR group in the entire cohort or in

either HR subgroup (Figures 1D; Tables S2 and S3), which was

also confirmed by WGS data (Figure S1A).

Then we investigated the difference in transcriptional level.

Direct comparison between pCR and non-pCR tumors revealed

upregulation of immune-related genes in pCR tumors, and estro-

gen-related genes in non-pCR tumors (Figure 1E), which was

Figure 1. Cohort information, clinicopathological features, and genomic characteristics
(A) Treatment efficacy and multiomics profiling information of the HER2+ FASCINATE-N SHR-A1811 arm.

(B) Comparison of HER2 IHC score between the pCR and non-pCR group, stratified and not stratified by hormone receptor (HR) status. Statistical significance

was determined using the Fisher’s exact test. HER2 IHC scores were evaluated according to ASCO/CAP guidelines (STAR Methods). The numbers in the bars

represent the number of samples/patients.

(C) Comparison of TILs abundance between the pCR (n = 38) and non-pCR (n = 22) group, stratified and not stratified by HR status. Statistical significance was

determined using the Wilcoxon test. In boxplots, the centerline represents the median, the box limits represent the upper and lower quartiles, the whiskers

represent the 1.53 interquartile range, and the points represent individual samples.

(D) Frequency of somatic mutation and copy number variation (CNV) in patients stratified by HR status and treatment response.

(E) Differentially expressed genes (DEGs) between pCR (n= 22) and non-pCR (n= 17) tumors. Red dots and blue dots represent theDEGs upregulated in non-pCR

or pCR tumors, respectively. p values were derived from differential analysis with limma.

(F) Significantly enriched gene sets of DEGs in Figure 1E. Adjusted p values were derived from enrichment analysis with clusterProfiler. See also Figure S1 and

Tables S1–S3.
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further supported by gene set enrichment analysis (GSEA) (Fig-

ure 1F). Then, considering the significant difference in efficacy-

related clinicopathological features between tumors of different

HR statuses, we performed differential analysis in each HR sub-

group. In HR+ tumors, non-pCR samples consistently exhibited

higher expression of estrogen-related genes, such as PGR and

GREB1. GSEA underscored the role of the estrogen pathway,

with ‘‘hallmark estrogen response early’’ and ‘‘hallmark estrogen

response late’’ being the most enriched gene sets (Figures S1B

and S1C). In the HR� subgroup, the limited sample size of non-

pCR patients resulted in fewer differentially expressed genes

(DEGs) and less significantly enriched gene sets (Figures S1D

and S1E).

Overall, notable differences in pCR rates and efficacy-associ-

ated variables exist between the HR+ and HR� groups, empha-

sizing the need for HR stratification in further investigations of

biomarkers. These findings suggest that patients with different

HR statuses may exhibit distinct response mechanisms to

SHR-A1811.

Computational pathology and Xenium depicted spatial
characteristics
The spatial organization of tumors has been implicated in the

treatment response to novel anti-HER2 ADCs.12 To systemically

investigate the spatial characteristics associated with the effi-

cacy of SHR-A1811, we integrated computational pathology

based on morphological features with a high-throughput in situ

imaging array.

For computational pathology, we scanned paired pretreat-

ment H&E-stained and HER2 IHC-stained slides to obtain

high-resolution digital WSIs from all 60 patients in our cohort

(Figure 2A). These images were subjected to cellular identifica-

tion and topological interaction analysis using our established

artificial intelligence deep learning pipeline.11,13 This approach

provides a cost-effective and generalizable method for compre-

hensively understanding the spatial features of HER2+ breast

cancer.

Through computational pathology, we extracted multiple

spatial features, as summarized in Figure 2B and Table S4. Spe-

cifically, the analysis of H&E-stained WSIs identified three cell

types: tumor cells, immune cells, and stromal cells. We quanti-

fied their spatial localization, proportions among all cells, and to-

pological interactions. In addition, we validated in two indepen-

dent cohorts14,15 that tumor microenvironment (TME) features

derived from H&E-stained WSIs showed significant relation

with TME cell abundance inferred from RNA-seq deconvolution

(Figure S2), proving the robustness of our algorithm. In contrast,

the analysis of HER2 IHC WSIs focused on tumor cells and

discriminated among different HER2 staining intensities

(strong-positive, weak-positive, and null), revealing their spatial

relationships.

Interestingly, our findings differed significantly based on the

HR status of the studied tumors (Figure 2B). In HR� patients,

the analysis of H&E-stained WSIs highlighted the proportion of

immune cells, spatial topological interactions between tumor

and immune cells, as well as stromal cells. Conversely, in HR+

patients, significant findings were predominantly observed in

the analysis of HER2 IHC-stained WSIs, specifically regarding

the spatial interactions among HER2-strong-positive, HER2-

weak-positive, and HER2-null tumor cells. These distinct micro-

environments suggested that topological interaction patterns

may influence SHR-A1811 efficacy, with cells in the TME playing

a primary role in HR� patients and tumor cells themselves in

HR+ patients. Additionally, we conducted similar analyses in

the PCbHP group, yielding results distinct from those in the

SHR-A1811 group, suggesting that the observed findings are

specific to SHR-A1811 treatment (Figure S3).

We further utilized in situ expression arrays to obtain deeper

insights into the spatial parameters.16 We selected regions of

Table 1. Comparison of baseline clinicopathological

characteristics between patients with different efficacy

non-pCR pCR

p valueN = 22 N = 38

Age at diagnosis

(mean [SD])

46.09 (10.36) 48.89 (9.69) 0.297

cT (%)

%2 14 (63.6) 28 (73.7) 1

3 3 (13.6) 3 (7.9)

4 5 (22.7) 7 (18.4)

cN (%)

0 1 (4.5) 4 (10.5) 0.002

1 2 (9.1) 17 (44.7)

2 6 (27.3) 11 (28.9)

3 13 (59.1) 6 (15.8)

HR status (%)

Negative 8 (36.4) 25 (65.8) 0.034

Positive 14 (63.6) 13 (34.2)

ER status (%)

Negative 8 (36.4) 25 (65.8) 0.034

Positive 14 (63.6) 13 (34.2)

PR status (%)

Negative 11 (50.0) 32 (84.2) 0.007

Positive 11 (50.0) 6 (15.8)

ER percent

(mean [SD])

48.05 (42.23) 17.03 (33.87) 0.003

PR percent

(mean [SD])

28.23 (35.13) 4.13 (15.36) 0.001

HER2 IHC score (%)

2 6 (27.3) 0 (0.0) 0.001

3 16 (72.7) 38 (100.0)

HER2 FISH (%)

Positive 22 (100.0) 33 (100.0) /

NA 0 5

TILs (mean [SD]) 0.17 (0.17) 0.30 (0.21) 0.014

Statistical tests of continuous variables were performed using the Wil-

coxon test. Statistical tests of categorical variables were performed using

Fisher’s exact test or the chi-square test, where appropriate. Not avail-

able (NA) values for categorical variables were shown but were not

included in the statistical analysis. SD, standard deviation; HR, hormone

receptor; IHC, immunohistochemistry; FISH, fluorescence in situ hybrid-

ization; TILs, tumor-infiltrating lymphocytes.

See also Figure S1 and Tables S1–S3.
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Figure 2. Workflow of spatial analysis: computational pathology and Xenium in situ platform

(A) Data generation of spatial profiling. Biopsied tissue was formalin fixed and paraffin embedded (FFPE). With H&E-stained slides, computational pathology

identified three main cell types, cancer cells, immune cells and stroma cells. With HER2 IHC slides, computational pathology classified cancer cells into three

(legend continued on next page)
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interest from 12 HR+ patients (7 pCR and 5 non-pCR) and 9 HR�
patients (4 pCR and 5 non-pCR) (Figure 2A), resulting in high-

quality data comprising over 2 million cells (Table S5). Our

380-gene panel included 280 manufacturer-recommended

breast cancer genes and 100 custom genes (Table S6). From

the Xenium data, we identified robust specific cell types, which

were also validated using H&E-stained images from the same

Xenium slides (Figures 2C and 2D).

Cancer cell-cytotoxic T cell interactions as a key factor
for the SHR-A1811 response in the HR– subgroup
As indicated by computational pathology analysis, the propor-

tion of immune cells (Pi_Immune_in_all_cells) was the variable

that was most significantly correlated with treatment efficacy in

the HR� subgroup (p = 0.02, Figures 2B, 3A, and 3B). Neverthe-

less, a significant difference was not observed in the HR+ sub-

group (p = 0.32, Figure 3A). Furthermore, to identify specific

immune cell types that were the main contributors to treatment

response, we used Xenium data. Among all major cell types, a

significantly higher proportion of T cells was observed in patients

who achieved a pCR (p = 0.011, Figure 3C). After subdividing

T cells into subgroups, all T cell subgroups were more abundant

in the pCR group, of which cytotoxic T cells showed the greatest

difference in proportion between pCR tumors and non-pCR tu-

mors (median proportion: 1.6% in non-pCR tumors vs. 4.8% in

pCR tumors; Figure 3D). Additionally, at the IHC level, we also

confirmed that the intensity of CD8+ T cells, the marker of cyto-

toxic T cells, was significantly higher in the pCR group within the

HR� group (p = 0.00031, Figure 3E), while no significant differ-

ence was observed in the HR+ group (p = 0.13). Furthermore,

the enrichment of cytotoxic T cells could also be validated

morphologically by higher levels of TILs in HR� pCR tumors

(p = 0.034) (Figure 1C), which were highly correlated with CD8+

cytotoxic T cells. In contrast, this relationship between CD8+

T cells and treatment efficacy was not observed in our HER2+

FASCINATE-N PCbHP arm in either HR subgroup (Figure S4A).

These findings underline the role of the proportion of cytotoxic

T cells in the SHR-A1811 response, especially for HR� tumors.

It has been acknowledged that the spatial structure of the tu-

mor immune microenvironment (TIME) affects the treatment

response.17 According to our computational pathology analysis

based on H&E-stained WSIs, we detected a tighter tumor-im-

mune connection in patients who achieved a pCR, as indicated

by a greater immune-infiltrating landscape in H&E-stained im-

ages (p = 0.023, Figures 3F, 3G, and 2B). This phenomenon

was not significant in HR+ tumors. Thus, we used spatial

ligand-receptor (L-R) interaction analysis to identify cell pairs

that exhibited strong functional communication. Among all sig-

nificant L-R pairs across HR� patients, cancer cell (ligand)-cyto-

toxic T cell (receptor) pairs were the most common (92 pairs),

followed by cancer cell (receptor)-cytotoxic T cell (ligand) inter-

actions (76 pairs) (Figure 3H). Specifically, regarding cancer

cell (ligand)-cytotoxic T cell (receptor) interactions, the non-

pCR group exhibited increased PDCD1LG2 (PDL2)-PDCD1 in-

teractions (p = 0.043) and the pCR group exhibited increased

HLA-A-CD8A interactions (p = 0.062) (Figure 3I). Using multiple

immunohistochemistry (mIHC), we further revealed the role of

PDCD1-PDCD1LG2 during treatment. We found that the propor-

tion of PDCD1+ cytotoxic T cells in all cytotoxic T cells increased

more significantly in the HR� tumors comparedwith HR+ tumors

(Figure S4B). Meanwhile, the proportion of PDCD1LG2+

tumors cells in all tumors showed no significant change in

HR� tumors but decreased significantly in HR+ tumors (Fig-

ure S4C), suggesting the different remodeling effect of SHR-

A1811 toward TIME in different HR subgroups. In addition to

L-R analysis, which focuses on the spatial relationships between

2 specific cell types, we also clustered spatial niches that consist

of multiple cell subtypes. A total of 6 niches were identified

(niches 0 to 5), and all the niches were found in each patient (Fig-

ures S4D and S4E). Among all niches, niche 4 was the only one

whose proportion was correlated with efficacy, with a higher pro-

portion being prone to pCR (p = 0.032, Figure 3J). Compared

with the other niches, niche 4 contained the fewest cancer cells

and the most cytotoxic T cells (8.2% and 5.2%, respectively)

(Table S7). Spatially, niche 4 represented cells infiltrating into

cancer cell nests (Figure 3K). And the connection degree be-

tween cancer cells and cytotoxic T cells within niche 4 was the

highest among all niches (Figure 3L), suggesting a strong inter-

action between these two cell types, which further highlighted

the role of cancer cell-cytotoxic T cell relationships.

In summary, we found that the proportion and spatial interac-

tion of immune cells (particularly cytotoxic T cells) were corre-

lated with the response of breast cancer patients to SHR-

A1811, especially HR� patients.

Spatial distribution of HER2+ cancer cells is associated
with SHR-A1811 response in HR+ patients
As mentioned previously, cancer cells appear to play a more

pivotal role in the efficacy of SHR-A1811 in HR+ patients. And

previous studies have highlighted the spatial pattern of HER2

expression to be related with ADC response.12 Thus, we distin-

guished the HER2 expression patterns of cancer cells and inves-

tigated their spatial distribution as well as topological interac-

tions at the single-cell level, using computational pathology

(Figure 2B).

Our findings revealed that for HER2-strong-positive tumors,

the spatial connection edge length (p = 0.0091, Figure 4A) and

the number of subgraphs (p = 0.016, Figure 4B) of these cells

were significantly associated with poor treatment efficacy,

whereas their spatial connection degree was correlated with

groups with strong-positive (HER2-strong), weak-positive (HER2-weak), and null (HER2-null) HER2 intensity, respectively. Xenium profiled transcriptome of

unstained FFPE slides using a 380-gene panel in single-cell resolution. Created with BioRender.com.

(B) Heatmap showing all spatial features generated by computational pathology based on standardized scores, including proportion, edge, subgraph, and

degree metrics. The comparison of actual scores between the pCR group and the non-pCR group is provided separately for each HR status. Statistical sig-

nificance was determined using the Wilcoxon test. *p < 0.05; ns, not significant.

(C) UMAP projection of major cell types annotated in Xenium profiling.

(D) Heatmap showing the expression of upregulated genes in each Xeniummajor cell type. Representative genemarkers were annotated. See also Figures S2, S3

and Tables S4–S6.
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Figure 3. Role of tumor immune microenvironment in the treatment response of HR–/HER2+ breast cancers
(A) Proportion of immune cells among all cells identified by H&E-stained computational pathology between the pCR (n = 25 for HR�, n = 13 for HR+) and non-pCR

(n = 8 for HR�, n = 14 for HR+) group. Statistical significance was determined using the Wilcoxon test.

(legend continued on next page)
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improved treatment efficacy (p = 0.05, Figure 4C). Collectively,

these indices indicated that tumors with uniformly distributed

HER2-strong-positive tumors cell were prone to reach pCR,

while those with aggregated distribution were more likely to be

non-pCR (Figure 4D).

We further investigated the underlying molecular mecha-

nisms related to the spatial patterns of HER2-strong-positive

tumor cells described previously. Using Xenium data, we found

that the closeness and aggregation of tumor cells are associ-

ated with elevated expression of genes downstream of ESR1,

such as PGR and CCND1, encoding cyclin D that binds to

CDK4 and CDK6 (Figures 4E and 4F). The enrichment of PGR

rather than ESR1 in the non-pCR group could also been veri-

fied in the routine IHC tests (Figure 4G). Recently, we reported

a HER2-LUM subtype, which represents a subgroup of HER2+

breast cancer that resembles the molecular portraits of HR+/

HER2-breast cancer and might benefit from CDK4/6 inhibi-

tors.18 We found that the HER2-LUM subtype was enriched

in the non-pCR group (p = 0.037, Figure 4H). We then analyzed

the correlation between the spatial patterns of HER2-strong-

positive tumor cells and the HER2-LUM subtype. The results

showed that the closeness and aggregation of HER2-strong-

positive tumor cells were significantly related to the HER2-

LUM subtype (Figure 4I), which could also be observed in an

independent dataset (Figure S5A). Additionally, in the indepen-

dent dataset, we also found that the closeness and aggregation

of HER2-strong-positive tumor cells was more correlated with

PGR expression than ESR1 expression (Figure S5B). These re-

sults indicated that a luminal-like molecular background might

contribute to aggregated distribution of HER2-strong-positive

tumor cells. Moreover, we found that in the non-pCR group,

while the proportion of HER2-strong-positive tumor cells signif-

icantly decreased in both HR subgroups, the reduction was

less pronounced in the HR+ subgroup (Figure S5C). In addition,

patients with highest proportion of HER2-strong-positive tumor

cells at surgery were all classified as HER2-LUM subtype at

baseline (Figure S5C), suggesting that the luminal-like molecu-

lar feature of HER2-strong-positive tumor cells might affect

response to SHR-A1811.

We additionally analyzed the heterogeneity in HER2 expres-

sion to explore its predictive value for SHR-A1811 efficacy. We

found that a higher proportion of HER2-weak (Figure S5D) and

HER2-weak plus HER2-null (Figure S5E) tumor cells was signif-

icantly correlated with non-pCR results, particularly in HR+

patients. And tumors with highest HER2-weak plus HER2-null

proportion were all classified as HER2 IHC score 2+, consistent

with our findings displayed in Figure 2B. Moreover, the relation

between the proportion of HER2-weak cells and SHR-A1811 ef-

ficacy seemed to be stronger than the proportion of HER2-weak

plus HER2-null cells, which suggested the value of identifying

HER2 intensity precisely.

Construction of an SHR-A1811 efficacy prediction
model using multimodal data and ensemble learning
algorithms
Prediction of the response to ADCs and their precise administra-

tion remains a vital concern in clinical practice. We developed an

innovative efficacy prediction model for SHR-A1811, integrating

our findings on spatial heterogeneity, which represented an

exploratory analysis to construct an easy-to-use AI-based

model for a novel ADC. As depicted in Figure 5A, we leveraged

readily accessible clinical data and pathological WSIs (paired

H&E-stained and HER2 IHC-stained slides of pretreatment

core needle biopsies) for data acquisition. First, advanced

computational pathology techniques were employed to extract

cellular proportions and topological features from these WSIs

as described previously. Subsequently, we integrated these

data with clinical and pathological information to construct a

multidimensional efficacy prediction model. With this, we con-

structed an efficacy prediction model (Figure 5B). We employed

(B) Representative H&E-stained computational pathology images with low (upper panel, patient P01235) and high (lower panel, patient P18763) proportion of

immune cells, respectively. Cell types were identified using Hover-Net.

(C) Proportion of major cell types in all cells derived from Xenium data between the pCR (n = 4) and non-pCR (n = 5) group in the HR� subgroup. Statistical

significance was determined using the Wilcoxon test.

(D) Proportion of specific T cell subtypes in all cells derived from Xenium data between the pCR (n = 4) and non-pCR (n = 5) group in the HR� subgroup. Statistical

significance was determined using the Wilcoxon test.

(E) Comparison of CD8 IHC intensity between the pCR (n = 20 for HR�, n = 11 for HR+) and non-pCR (n = 8 for HR�, n = 7 for HR+) group. Statistical significance

was determined using the Wilcoxon test.

(F) Spatial connection degree of tumor cells and immune cells (higher value meaning more connected) identified by H&E-stained computational pathology

between the pCR (n = 25 for HR�, n = 13 for HR+) and non-pCR (n = 8 for HR�, n = 14 for HR+) group. Statistical significance was determined using the

Wilcoxon test.

(G) Representative H&E-stained computational pathology images with high (upper panel, patient P01281) and low (lower panel, patient P01385) connection

degree of tumor cells and immune cells, respectively. Cell types were identified using Hover-Net.

(H) Chord diagram showing the number of significant ligand-receptor interaction pairs between two specific cell subtypes across all HR� patients. Interactions

with adjusted p value less than 0.05 were considered significant. p values were derived from spatial cell-level ligand-receptor interaction analysis (STAR

Methods). The width of the arrow represents the number of pairs. The direction of arrow represents the ligand cell (start of the arrow) and receptor cell (end of the

arrow). Those ligand-receptor interaction pairs whose total number cross all HR� patients less than 30 were not indicated.

(I) Heatmap showing the canonical ligand-receptor interaction between cancer cell (ligand) and cytotoxic T cell (receptor) in the spatial ligand-receptor analysis.

Statistical significance was determined using the Wilcoxon test.

(J) Comparison of proportion of cells included in different spatial niches between the pCR group (n = 4) and the non-pCR group (n = 5). Statistical significancewas

determined using the Wilcoxon test.

(K) Representative images showing the distribution of cancer cells and niche 4 cells. Arrows indicated cells in niche 4 that infiltrated in tumor cell nests.

(L) Comparison of the spatial connection degree of cancer cells and cytotoxic T cells identified by Xenium (n = 9) across different niches.

Statistical significancewas determined using the Kruskal-Wallis test across all niches. In boxplots (A, C–F, J, and L), the centerline represents themedian, the box

limits represent the upper and lower quartiles, the whiskers represent the 1.53 interquartile range, and the points represent individual samples. See also Figure S4

and Table S7.
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Figure 4. Relation between characteristics of HER2-positive cancer cells and treatment response in HR+/HER2+ breast cancers

(A) Comparison ofmean connection edge length byHER2-strong-positive andHER2-strong-positive tumor cells identified byHER2 IHC computational pathology

between the pCR (n = 25 for HR�, n = 13 for HR+) and non-pCR (n = 8 for HR�, n = 14 for HR+) group. Statistical significance was determined using the

Wilcoxon test.

(B) Comparison of number of subgraphs (higher value meaning larger aggregation scales) between HER2-strong-positive and HER2-strong-positive tumor cells

identified by HER2 IHC computational pathology between the pCR (n = 25 for HR�, n = 13 for HR+) and non-pCR (n = 8 for HR�, n = 14 for HR+) group. Statistical

significance was determined using the Wilcoxon test.

(C) Comparison of spatial connection degree (higher value meaning more connected) by HER2-strong-positive and HER2-strong-positive tumor cells identified

by HER2 IHC computational pathology between the pCR (n = 25 for HR�, n = 13 for HR+) and non-pCR (n = 8 for HR�, n = 14 for HR+) group. Statistical

significance was determined using the Wilcoxon test.

(legend continued on next page)
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stratified sampling based on clinicopathological characteristics

to create a training set and a testing set from 60 patients who

received SHR-A1811, utilizing a 7:3 ratio for the division

(Table S8). A real-world neoadjuvant novel anti-HER2 ADC

cohort comprising 54 patients was also included as an indepen-

dent validation cohort (Table S9). Furthermore, patients from the

PCbHP cohort in our HER2+ FASCINATE-N trial were included

to validate the specificity of the model for non-ADC treatment

(Table S9). Detailed information of these cohorts is provided in

the STAR Methods section and Tables S8 and S9.

For variable selection, to prevent overfitting and improve the

model’s robustness and generalizability, we performed a

feature selection process in model construction (Figure S6A).

We began with 40 variables, consisting of 2 clinicopathological

variables and 38 digital pathology variables. We first excluded

11 collinear variables which can obscure the independent con-

tributions of each variable to predict outcome. Then, we per-

formed weak correlation removal to exclude 16 variables with

minimal association to the outcome to diminish noise from irrel-

evant features and to further reduce the risk of overfitting. Ulti-

mately, 13 variables that showed the strongest and most inde-

pendent associations with efficacy were retained in the final

model. Most of these variables demonstrated significant asso-

ciations with efficacy, as previously discussed, and Shapley

additive explanations (SHAP) analysis confirmed their predic-

tive value (Figure 5C). Detailed information regarding model

integration and optimization is provided in the STAR Methods

section.

Our model demonstrated robust performance of the efficacy

prediction in the SHR-A1811 training and testing datasets

(training set AUC = 0.95, 95% confidence interval [CI]: 0.89–

1.00; testing set AUC = 0.86, 95% CI: 0.76–1.00) (Figures 5D

and 5E). It also exhibited strong performance in the real-world

ADC validation dataset (AUC = 0.83, 95% CI: 0.68–1.00) (Fig-

ure 5F). The PCbHP group had the lowest performance (AUC =

0.62, 95% CI: 0.42–0.82) (Figure 5G), showing that the model

was specific to ADC treatment response prediction rather than

conventional dual-targeted PCbHP therapy. Finally, confusion

matrices further demonstrated the model’s effective predictive

performance on the both SHR-A1811 datasets and the real-

world ADC dataset (Figure S6B).

Overall, our comprehensive workflow for predicting SHR-

A1811 efficacy proved its potential for clinical application in

HER2+ breast cancer patients.

DISCUSSION

In this study, we conducted a translational study based on pro-

spectively collected omics data from the SHR-A1811 arm of the

phase 2 FASCINATE-N trial to identify biomarkers for this novel

anti-HER2 ADC with specific spatial parameters. We found that

treatment efficacy in theHR� groupwas linked to the TME, partic-

ularly the presence and distribution of immune cells (i.e., TILs,

particularly cytotoxic T cells). Conversely, treatment response in

the HR+ group showed stronger dependence on tumor cellular

features, particularly spatial distribution patterns. Specifically,

clustered gathering of HER2-strong-positive cells (as opposed

to uniformly distributed) were associated with poorer therapeutic

outcome. This distinct spatial pattern was associated with tumor

molecular properties similar to those of luminal-like breast cancer.

We also tried to create a model that predicts treatment outcomes

for SHR-A1811, which also showed potential in predicting the

treatment response of other novel ADCs.

Given the rapid advancements in anti-HER2 treatments, there

is a growing need for biomarker and prediction tools to guide

precise patient management, balancing efficacy, toxicity, and

cost. HER2DX, an mRNA-based tool, has been developed and

validated for trastuzumab-based treatment.19,20 It has also

demonstrated predictive capabilities in the T-DM1 cohort.21

However, biomarkers for novel ADCs remain in the early stages

of investigation. These novel ADCs differ significantly from

T-DM1 in their design, including distinct payloads, higher

DARs, and degradable linkers, necessitating unique biomarker

considerations.22 In our study, we focused on the neoadjuvant

SHR-A1811 monotherapy cohort to explore potential bio-

markers. Previous research in advanced breast cancer has sug-

gested that specific spatial expression patterns of HER2 may

correlate with the treatment response to novel ADCs such as

T-DXd.12 We hypothesize that computational pathology, which

considers not only HER2-expressing cancer cells but also the

TME and their interactions, can enhance our understanding of

the SHR-A1811 treatment response. Leveraging digital pathol-

ogy offers high accessibility and cost-effectiveness, making it

suitable for future clinical implementation. Additionally, Xenium

technology provides detailed interpretations and evidence

related to spatial structural features relevant to treatment effi-

cacy. Therefore, combining digital pathology with an in-situ

gene expression assay could provide valuable insights into the

spatial biomarkers associated with SHR-A1811.

(D) Representative HER2 IHC-stained computational pathology images of HER2-strong-positive tumor cells with low (upper panel) and high (lower panel) level of

closeness and aggregation. Cell types were identified using D-PathAI.

(E) Dot plot showing top 10 upregulated genes in cancer cells from patients with higher number of subgraphs between HER2-strong-positive and HER2-strong-

positive tumor cells compared with those with lower number of subgraphs.

(F) Comparison of in-situ ESR1, PGR, and CCDN1 expression on cancer cells (highlighted in magenta) between the pCR and non-pCR group.

(G) Comparison of the percentage of ER and PR positive tumor cells identified by IHC staining between the pCR (n = 13) and non-pCR (n = 14) group. ER, estrogen

receptor; PR, progesterone receptor. Statistical significance was determined using the Wilcoxon test.

(H) Percentage bar chart comparing the proportion of the HER2-LUM subtypes in pCR and non-pCR in the HR+ subgroup. Number in the bars represent sample/

patient numbers. Statistical significance was calculated by comparing the proportions of HER2-LUM subtypes and non-HER2-LUM subtypes between the pCR

and non-pCR groups within the HR+ subgroup using Fisher’s exact test.

(I) Comparison of mean connection edge length and spatial connection between of HER2-strong-positive and HER2-strong-positive tumor cells of HER2-LUM

subtype (n = 11) and non-HER2-LUM subtype (n = 13) in the HR+ subgroup. Statistical significance was determined using theWilcoxon test. In boxplots (A–C, G,

and I), the centerline represents the median, the box limits represent the upper and lower quartiles, the whiskers represent the 1.53 interquartile range, and the

points represent individual samples. See also Figure S5.
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Figure 5. Establishment of SHR-A1811 efficacy prediction model using multi-modal data and ensemble learning algorithms

(A) Schematic diagram ofmulti-dimensional data integration for constructing the efficacy predictionmodel. AJCC, American Joint Committee onCancer. Created

with BioRender.com.

(B) A flowchart detailing the framework for efficacy prediction model development involving stratification of training and validation datasets, variable selection,

multimodal ensemble, and modal optimization. CV, cross-validation; KNN, k-nearest neighbor algorithm.

(C) Visualization of predictive value for each variable considered in the final model construction, represented by SHAP (Shapley additive explanations) values of

each sample in the SHR-A1811 training set.

(D–G) Comparison of the area under curve (AUC) of the receiver operating characteristic (ROC) curves for various models (including logistic regression model,

k-nearest neighbor model, Gaussian naive Bayes model, and Bernoulli naive Bayes model) and ensemble voting model in SHR-A1811 training set (n = 42) (D),

SHR-A1811 validation set (n = 18) (E), real-world ADC set (n = 54) (F), and PCbHP set (n = 60) (G). See also Figure S6 and Tables S8 and S9.
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This study revealed that immune cells in the TIME, particularly

cytotoxic T cells, play a significant role in the response of breast

cancer patients to SHR-A1811, which seemed to depend on HR

status. Notably, this association demonstrated stronger rele-

vance in HR�/HER2+ patients. It has long been reported that

TIME is an important component of treatment response in breast

cancer of different HR status. For instance, high TIL levels corre-

lated with improved survival outcomes in triple-negative breast

cancers but was related with unfavorable outcomes in luminal

breast cancers.23 Within HER2+ breast cancer, TILs were also

discovered to be an independent prognostic factor in HR� rather

than in HR+ breast cancers.24 This study further provided evi-

dence for the role of TILs in the context of novel ADC treatments

for HER2+ breast cancers. The divergent roles of TILs across HR

subtypes as biomarkers for prognosis and treatment response

highlight a critical interplay between HR status, TIME, and treat-

ment response. However, it is worth mentioning that we also

found a tendency of higher TILs in the HR+ non-pCR group,

where a statistical significance was not reached, possibly due

to small sample size. Increasing evidence suggests that some

of HR+ tumors are similar to triple-negative breast cancers,

such as some luminal B diseases,25 which obscures the role of

TILs between different HR status. Hence, further large-scale

studies are needed to investigate the role of TILs in anti-HER2

ADC treatment in the HR+ subgroup.

Both the cancer-immune relationship in H&E-stained images

and the niche 4 in Xenium analysis suggest the rationale that,

the effect of immune cells on the SHR-A1811 response is deter-

mined not only by their quantity but also by their spatial interac-

tions with cancer cells. Taken together, these findings expanded

the understanding of the role of tumor immunology-spatial struc-

ture interactions in anti-HER2 ADC treatment.

Currently, the role of the TIME in the response of breast cancer

to novel anti-HER2 ADCs is obscure. Clinical trial-based evi-

dence primarily came from the DAISY trial,12 which tested the

safety and efficacy of T-DXd in advancedHER2+ breast cancers.

Based on a machine learning model developed with HER2 IHC-

stained images, DAISY identified a spatial pattern named cluster

6 enriched in non-response patients, characterized by lower

HER2 staining, moderate cell density, and abundant fibroblasts

and immune cells. In this study, we included both HER2 IHC-

stained images and H&E-stained images, and firstly identified

single cells subsequent analysis, which orchestrated the sin-

gle-cell in situ imaging technology. This strategy provided a

methodology to characterize spatial structure precisely and

quantitatively, and supported the construction of a more inter-

pretable efficacy prediction model. As for pre-clinical studies,

in an immunocompetent mousemodel bearing human HER2-ex-

pressing colon cancer cells, Tomomi et al. reported that T-DXd

treatment can fortify anti-tumor immunity by increasing antigen

presentation via major histocompatibility complex (MHC) class

I, and upregulating the proportion of tumor-infiltrating dendritic

cells and CD8+ T cells. The combination of T-DXd and an anti-

PD-1 antibody was more potent than either monotherapy.26

These results echoed our finding that in neoadjuvant SHR-

A1811 monotherapy, pretreatment of tumors with more abun-

dant cytotoxic T cells (i.e., CD8+ T cells) and stronger HLA class

I-CD8 interactions were more likely to achieve pCR. In contrast,

non-pCR tumors showed fewer cytotoxic T cells and more

PDL2-PD1 interactions. In addition, we found the significant in-

crease of PDCD1+ cytotoxic T cells after treatments in the non-

pCR group, which also suggested the potential value of

combining anti-PD-1 immunotherapy.

We also found that the proximity and aggregation of HER2-

strong-positive tumor cells indicated a lower pCR rate in the

HR+ subgroup. This distribution pattern may be partially attrib-

uted to the presence of tumor cells exhibiting glandular struc-

tures, which was more often observed in HR+/HER2� breast

cancer with low histological grade.27 Additionally, we found

that HER2-LUM subtypes were enriched in the non-pCR group,

whichwere a subgroup of HER2+ breast mimicking HR+/HER2�
disease molecularly.18 On the one hand, the upregulation of the

ER pathway has been linked to poor responses to trastuzumab

and chemotherapy, potentially explaining the reduced treatment

response in this tumor group. On the other hand, another hy-

pothesis is that the closeness and aggregation of cancer cells

may directly impact the treatment response to novel ADCs

because the spatial distribution of tumor cells may influence

drug diffusion and bystander effect. Notably, while the underly-

ing cause-and-effect relationship requires further investigation,

our previous findings that HER2-LUM tumors responded well

to CDK4/6 inhibitors suggest that combining other therapies,

such as CDK4/6 inhibitors, may be beneficial to this group of

diseases.18

To address the limitations of previous studies that lacked

adequate tools for the precise administration of novel ADCs,

we developed a predictive model with solid clinical applicability.

This model leverages high-resolution digital scans of routine pre-

treatment H&E-stained and HER2 IHC-stained sections, com-

bined with clinical staging and HR status, to extract key features

for modeling. Our approach comprehensively reveals and sum-

marizes critical factors within the TME and the spatial distribution

characteristics of target cells that impact ADC efficacy. The pre-

dictive model achieved an AUC exceeding 0.8, underscoring the

value of spatial factors within the TME and the intratumoral HER2

heterogeneity in the prediction of treatment efficacy. SHAP

model interpretability analysis further confirmed the significant

contribution of these factors to the model’s performance. Addi-

tionally, we extended our model to other novel ADCs. This might

be attributed to the pharmacological similarities of these ADCs.

In summary, the predictive model developed in this study shows

promise as an effective tool for predicting the efficacy of SHR-

A1811, with significant potential for clinical application.

Limitations of the study
This study has some limitations. Despite our efforts in mitigating

overfitting risks and constructing a more reliable model by

combining feature selection, ensemble modeling, and robust

validation strategies,28–30 our model was based on a relatively

small sample size. Additional studies with more patients are

needed to strengthen these findings. And while our study pro-

vides a descriptive analysis, it does not delve deeply into the

underlying mechanisms involved. For instance, future investiga-

tions should elucidate why a uniform distribution of HER2-

strong-positive tumor cells, rather than a clustered arrangement,

is correlated with an enhanced treatment response. Elucidating

these questions could ultimately improve the management of

SHR-A1811 and related ADCs.
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Cohorts and study design
This study was approved and supervised by the Institutional Review Board of FUSCC. The full design of the FASCINATE-N trial is

accessible at https://clinicaltrials.gov/ by ID NCT05582499. All enrolled patients were fully informed of their rights and signed written

consent forms.

According to the Bayesian design of this clinical trial, for a certain treatment group, over the course of this study, efficacy was eval-

uated periodically at each additional 20 patients with completion of all the neoadjuvant therapy cycles and postsurgical efficacy as-

sessments. Specifically, if the posterior probability of a treatment arm achieving a higher pCR rate than the conventional therapy was

greater than 95%, the data of the primary, secondary efficacy endpoints and safety endpoints were combined to consider the grad-

uation of the treatment group, and the graduation would not affect the enrollment of the corresponding cohort. In addition, if the pos-

terior probability of a treatment arm achieving a higher pCR rate than the conventional therapy was less than 5%, the data of primary,

secondary efficacy and safety endpoints were combined to consider the elimination of the precision therapy group, and the treatment

plan of the precision therapy group would be updated. During the Bayesian monitoring of treatment efficacy, translational research

was conducted to explore biomarkers that may guide more precise patient stratification. The findings of the translational research

would be used to refine the adaptive design of the clinical trial. For the SHR-A1811 treatment group, the biomarker analysis was trig-

gered upon the completion of all the first 60 patients.

For the efficacy prediction model, we used several cohorts for model training, testing, and external validation. The SHR-A1811

training cohort was derived from the 7:3 division of 60 SHR-A1811 patients and included 42 patients, with a pCR rate of 61.9%.

The SHR-A1811 testing cohort, also from the same division, consisted of 18 patients, with a pCR rate of 66.7%, and was used to

test the model’s performance. For external validation, a real-world cohort was used, consisting of patients treated with neoadjuvant

novel anti-HER2 ADC regimens in our center over the past 3 years. This cohort included 11 patients treated with T-DXd (pCR rate:

54.5%), 23 patients treated with SHR-A1811 (pCR rate: 60.9%), and 20 patients treated with TQB2102 (pCR rate: 65.0%). Addition-

ally, the Neoadjuvant PCbHP cohort was derived from the standard PCbHP treatment arm of theHER2+ FASCINATE-N trial and used

to examine whether our model could specifically predict the efficacy of novel ADCs as opposed to conventional dual-targeted ther-

apies. This cohort included 60 patients, with a pCR rate of 68.3%.

Patient samples
Pretreatment tumor samples were obtained by Mammotome� Elite Tetherless Vacuum-Assisted Biopsy (Ohio, USA) or core needle

biopsy. For patients biopsied at our center, after setting aside ample tissue for standard pathological assessment, the surplus tissue

was fresh-frozen and stored in liquid nitrogen. Basically, for these fresh frozen samples, the limited tissue amount dictated the order

of multiomic testing: targeted sequencing > RNA-seq > WGS. For patients having biopsies performed at other hospitals, their path-

ological results were re-validated at our center through independent staining and evaluation on formalin-fixed paraffin-embedded

(FFPE) sections. And molecular profiling was not conducted due to lack of fresh-frozen samples. Apart from one RNA-sequencing

sample excluded due to insufficient RNA quantity (less than 100 ng required for library preparation), no other samples were excluded

based on quality criteria.

Pretreatment peripheral blood was centrifuged, and red blood cells were lysed to obtain peripheral blood mononuclear cells

(PBMCs). PBMCs were resuspended in cell cryopreservation solution and stored at -80�C.
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Giotto v4.0.0 Dries et al.37 https://rubd.github.io/Giotto_site/index.html

scikit-learn v1.5.0 scikit-learn https://scikit-learn.org/stable/index.html
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METHOD DETAILS

Pathological tests
Immunohistochemistry (IHC) was performed by the central laboratory in the Department of Pathology of FUSCC. Pathology results

were confirmed independently by two experienced pathologists. A Ventana BenchMark Ultra Automated Stainer (Ventana Roche,

Tucson, Arizona, USA) and a Ventana Ultra View universal DAB detection kit (Ventana Roche, Tucson, Arizona, USA) were used

to perform IHC staining. ER/PR positivity was defined as R1% positively stained invasive cancer cells. The final HER2 status was

determined according to the latest American Society of Clinical Oncology/College of American Pathologists (ASCO/CAP) guidelines.

Tumor-infiltrating lymphocytes (TILs) were evaluated on H&E-stained slides by two experienced pathologists independently

following the guidelines provided by the International TILs Working Group.38 IHC staining was performed with Ventana ER (SP1),

PR (IE2) and HER2 (4B5). Dual-probe fluorescence in situ hybridization (FISH) was performed using the PathVysion HER2 DNA probe

Kit (Vysis Inc., Downers Grove, IL). Evaluation was conducted on baseline core biopsy samples. The percentage of stromal TILs

(defined as the proportion of stromal area occupied by mononuclear immune cells relative to the total stromal area within the region

of interest) was quantified visually for each sample. The scoring was performed on a continuous scale in 5% increments. When dis-

crepancies between pathologists did not exceed 10%, the mean value was adopted. Otherwise, a third qualified pathologist was

involved to conduct a joint review.

Multiplex immunofluorescence assay
A 6-plex immunofluorescence (IF) assay was performed using the Opal Polaris 6 Color Manual IHCDetection Kit (Akoya Biosciences,

NEL861001KT) to detect CD8, PDCD1, GZMB, PDCD1LG2, panCK, and DAPI. The anti-CD8 antibody (1:10000; mouse mAb; Pro-

teintech; Cat# 66868-1-Ig, RRID: AB_2882205) was labeled with the Opal Polaris 690 (1:100). Similarly, the anti-PD1 antibody

(1:1000; rabbit mAb; Proteintech; Cat# 18106-1-AP, RRID: AB_10732952) was labeled with the Opal Polaris 480 (1:100). The anti-

GZMB antibody (1:100; rabbit mAb; Proteintech; Cat# 13588-1-AP, RRID: AB_2114429) was labeled with the Opal Polaris 570

(1:100). The anti-PDL2 antibody (1:100; rabbit mAb; Sigma-Aldrich; Cat# HPA013411, RRID: AB_1855102) was labeled with the

Opal Polaris 520(1:100). The anti-Cytokeratin antibody (1:200; mouse mAb; Sigma-Aldrich; Cat# C5992, RRID: AB_2134432) was

labeled with the Opal Polaris 780 (1:25).

All slides were scanned using the Vectra Polaris (Perkin Elmer). QuPath (version 0.5.1) was used for image stitching, tissue anno-

tation, cell detection, cell phenotyping, pixel classification. Cytotoxic T cells were indicated byCD8 andGZMB, and tumors cells were

indicated by panCK.

Targeted sequencing
Tumor samples were sequenced using the FUSCC-BC panel (539-gene) as previously described.39 Basically, the panel targets mu-

tations, small insertions/deletions, and copy number alterations that frequently impact breast cancer.

Whole-genome sequencing (WGS)
DNA extraction

For fresh frozen tissue total DNA was extracted from the 10 mg tissues using QIAamp DNAMini Kit (Qiagen-51306) according to the

manufacturer’s instructions. For paired peripheral blood mononuclear cell: Total DNA was extracted from the1 mL blood using

QIAamp DNA Blood Mini Kit (Qiagen-51106) according to the manufacturer’s instructions. Then the integrity and concentration of

the total DNA was determined by agarose electrophoresis and Qubit 2.0 fluorometer dsDNA HS Assay (Thermo Fisher Scientific).

OD260/OD280 was measured by NanoDrop2000 (Thermo Fisher Scientific).

Library preparation

About 50 ng of high-quality genomic DNA was sheared with Covaris LE220 Sonicator (Covaris) to about 350 bp. The library was con-

structed according to the protocol of the KAPA Hyper Prep kit (Roche). First the fragmented DNA was purified using sample purifi-

cation beads, and the product was repaired by the end and A base was added to the 3 ’end. Then, the adapters are ligated with the

specific barcode sequence. The CleanNGS magnetic beads (CleanNA) were used to screen out incomplete connections and self-

connecting products. Sequencing libraries were formed by PCR amplification using universal primers complementary to the adaptor

sequences.

Library quality control

After library construction, the Qubit 3.0 fluorometer dsDNA HS Assay (Thermo Fisher Scientific) was used to quantify the concentra-

tion of the libraries, while the size distribution was analyzed by Agilent Bioanalyzer 4200 (Agilent).

Sequencing

Paired-end sequencing was performed using the MGI DNBSEQ-T7 RS FCL DNA library prep set V3.0 (PE150) on the MGI DNBSEQ-

T7 platform (MGI, Shenzhen, China) by Sequanta technologies (Shanghai, China) according to the manufacturer’s instructions.

Somatic mutation calling

Raw Sequence data were first aligned to the human reference genome GRCh38 (https://gdc.cancer.gov/about-data/gdc-data-

processing/gdc-reference-files) using Burrows�Wheeler Aligner (BWA version 0.7.17) with default parameters. For each paired sam-

ple, somatic SNVs and InDels were detected by Sentieon TNscope (version 202010.01). Furthermore, in order to filter out germline

variants, we generated a generic panel of normal (PON) file using the matched normal samples. Mutations in low complexity regions
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such as tandem repeat regions and highly homologous regions in the genome were filtered out. Low confidence variants were

removed if any one of the following criteria was not satisfied: alternative allele depth in tumor >=3, variant allele frequency in

tumor >= 0.05 (if a mutation is annotated as a cosmic database somatic mutation, alternative allele depth in tumor >=2, variant allele

frequency in tumor >= 0.03), variant allele frequency in normal / variant allele frequency in tumor < 0.2. Finally, all high-confident mu-

tations were then annotated with ANNOVAR (version 20200607).40

Copy number alteration calling and profiling

We used CNVkit (version 0.9.9) software to detect somatic copy number alterations (SCNAs) on the genome.41 We used a 5 kb bin

size to analyze the whole-gene copy number variation. First, calculate the cnn (copy number coverage) information for each bin size

of the sample. Secondly, comparing the cnn file with the reference sequence and simultaneously correcting the bias andGC content,

a copy number ratio (cnr) file of the sample is obtained. Again, we use the CBS (Circular binary segmentation) algorithm to connect the

cnr file with a similar log2 value to the bin size to obtain information about the change in the number of copies of the segment region.

To further analyze the gene-level CNAs, we employed GISTIC 2.0 (Genomic Identification of Significant Targets in Cancer).42 Both

gene-level and broad-level analyses were performed to ensure comprehensive detection of significant regions. A q-value threshold

of 0.05 was applied to control the false discovery rate, and a confidence level of 0.95 was set for determining the significance of re-

gions. Broad regions were considered significant if they covered at least 98% of the chromosome arm length. Additionally, the log2

ratio of copy numbers was capped at 3.5 to prevent outliers from distorting the results, and the maximum number of segments al-

lowed in the input file was set to 15,000, accommodating large datasets and ensuring comprehensive analysis. Gene-level results

were saved for detailed examination, providing insights into potential genomic drivers of cancer.

Other genomic events calling

Somatic mutations were used as input of SigProfilerClusters43 (version 1.1.2) to identify the kataegis. The kataegis burden was

defined as the number of mutations classified as kataegis. AmpliconSuite-pipeline (version 1.1.3) was used to detect amplicons.44

RNA-sequencing
RNA extraction

Total RNA was extracted from the 10 mg tissues after grinding by Homogenizer (Scientz) using TRIzol� Reagent (Invitrogen) and

RNeasy minElute spin column (Qiagen) according to the manufacturer’s instructions. Then the integrity of the total RNA was deter-

mined by 2100 Bioanalyser (Agilent) and quantified using the NanoDrop (Thermo Scientific). About 500 ng high-quality RNA sample

(OD260/280=1.9�2.0, RINR3) was used to construct the sequencing library.

Library preparation

RNA purification, reverse transcription, library construction and sequencing were performed at Sequanta Technologies in Shanghai

according to the manufacturer’s instructions. The rRNA and globin mRNA-depleted sequencing libraries from 100ng total RNA were

prepared using Stranded Total RNA preparation, Ligation with Ribo-Zero Plus kit (Illumina). Both cytoplasmic, mitochondrial rRNA

and globin mRNA were depleted from total RNA. After purification of the remaining RNA without rRNA and globin mRNA, the

RNA was fragmented into small pieces using divalent cations under elevated temperature. The cleaved RNA fragments are copied

into first strand cDNA using reverse transcriptase and random primers. Then in the process of second strand cDNA synthesis, the

RNA template was removed and a replacement strand, incorporating dUTP in place of dTTP to generate ds cDNA, was synthesized.

The incorporation of dUTP quenches the second strand during amplification, because the polymerase does not incorporate past this

nucleotide. AMPure XP (Beckmen) beads were then used to purify the ds cDNA from the reaction mix. These ds cDNA fragments

were then subjected to end-repair, phosphorylation and ‘A’ base addition according to Illumina’s library construction protocol.

The products were purified and enriched with PCR, and the AMPure XP Beads (Beckmen) were used to clean up the amplified target

fragments of 200–300 bp to create the final library.

Sequencing

After library construction, the Qubit 3.0 fluorometer dsDNA HS Assay (Thermo Fisher Scientific) was used to quantify the concentra-

tion of the resulting sequencing libraries, while the size distribution was analyzed using Agilent BioAnalyzer (Agilent). Sequencing was

performed using an Illumina Novaseq 6000 following Illumina-provided protocols for 2x150 paired-end sequencing in Sequanta

Technologies Co., Ltd (Shanghai, China).

RNA-seq analysis

Raw readswere trimmedwith fastp (version 0.20.1) to remove adapter sequences and the reads whose length were longer than 75bp

were selected after adapters were removed.45 Then the selected reads, named as clean reads, were aligned to the human reference

genomeGRCh38 (https://benlangmead.github.io/aws-indexes/hisat ) with Hisat2 (version 2.1.0).46 Gene expression abundancewas

estimated by Strintie (version 2.2.1) based on the uniquely mapped reads.47

Bioinformatic analyses

Differentially expressed genes (DEGs) were identified using the R package ‘‘DESeq2’’ (version 1.44.0) according to official instruc-

tions.32 HLA genes were excluded because of the inaccuracy of identifying highly polymorphic and homologous HLA alleles from

short-read RNA-seq.48 Enrichment analysis based on DEGs was performed using the R package clusterProfiler (version 4.12.0).45

For enrichment analysis, gene sets belonging to HALLMARK, GOBP, REACTIOME and KEGG categories were included, which

were downloaded from https://www.gsea-msigdb.org/gsea/msigdb/index.jsp.
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Digital pathology
Segmentation and classification of tumor and TME cells

In our current research, we aimed to differentiate various tumor cell types based on the membrane expression status and intensity of

HER2. Additionally, we sought to identify the tumor microenvironment (TME) components surrounding these cells. To achieve this

goal, we employed two distinct methodologies for the segmentation, classification, and localization of cellular compartments using

paired Her2 IHC-stained WSIs and H&E-stained WSIs.

For distinct types of breast cancer cells, we utilized the D-PathAI platform, an innovative deep learning framework for membrane

segmentation that leverages nuclei point-level supervision from HER2 IHC images.13,49 This framework comprises two networks:

Seg-Net, which generates segmentation results for the membranes and nuclei of various tumor cells with different HER2 expression

statuses, and Tran-Net, which transforms these segmentations into semantic points. Seg-Net uses a U-Net architecture with residual

connections to enhance feature extraction and segmentation accuracy. It is trained with a custom loss function that combines binary

cross-entropy and dice coefficient to address class imbalance. Tran-Net, based on a transformer model, encodes segmented im-

ages into semantic points, capturing essential spatial relationships and contextual information for accurate cell type discrimination.

This approach allowed us to accurately identify and position breast tumor cells with three types of HER2 expression statuses on the

cell membrane: negative HER2 expression, weak HER2 expression (including incomplete membrane staining that is faint or barely

perceptible, as well as weak to moderate complete membrane staining, corresponding negative (1+) and equivocal (2+) HER2 IHC

status), and strong HER2 expression (HER2 staining that is complete and intense, corresponding positive (3+) HER2 IHC status), ac-

cording to the 2018ASCO-CAP recommendations for HER2 testing.50 For eachHER2 IHCWSI, D-PathAI provided the coordinates of

the three types of breast tumor cells and nontumor cellular components.

For the microenvironment cells, we applied Hover-Net for nuclear segmentation and cell type classification based on H&E-stained

WSIs.34 This network utilizes a dual-branch architecture to perform nuclear instance segmentation and classification. The segmen-

tation branch uses a fully convolutional network (FCN) to generate detailed nuclear boundaries, while the classification branch em-

ploys a convolutional neural network (CNN) to assign class labels to each segmented nucleus. This design allows Hover-Net to iden-

tify five nuclear types, including immune, stromal, cancer, normal epithelial, and necrotic cells. The network is trained on a large

dataset of annotated H&E-stained images using a multitask loss function that balances segmentation accuracy and classification

performance. In this study, we specifically focused on immune cells and stromal cells, the primary functional players in the tumor

microenvironment. We detected and extracted the nuclear types corresponding to immune, stromal, and tumor cells and classified

them into three main types. This information was then used for subsequent topological analysis. To evaluate the reliability of TME

features derived from H&E-stained WSIs, we collected HER2+ tumors with paired H&E-stained WSIs and RNA-seq from the

TCGA-BRCA cohort (N=104)51 and the CBCGA cohort (N=151).15 The abundance of immune cells was inferred by xCell deconvo-

lution algorithm.52 Then Spearman’s correlation analysis was performed to evaluate the correlation between TME features derived

from H&E-stained WSIs and xCell.

Cellular interactions revelation of topological features

To comprehensively profile the interactions between various HER2 expression breast cancer cells and their interplay with microen-

vironmental compartments, we extracted topological features to characterize the intercellular relationships at single-cell resolution

using the single-cell morphological and topological profiling (sc-MTOP) framework. This graph-based framework constructs a graph

for each pair of cell types. Ultimately, seven graphs were constructed, including HER2_strong-HER2_strong, HER2_strong-HER2_

weak, HER2_strong-HER2_neg, andHER2_weak-HER2_neg for IHCWSIs and tumor-immune, tumor-stromal, and immune-immune

for H&E-stainedWSIs. For each cell pair within the graphs, a k-nearest neighbor algorithm was used for edge configuration based on

the hypothesis that spatially proximal cells are more likely to interact. This algorithm computes distances in a high-dimensional

feature space, efficiently determining the nearest neighbors for each cell. Further filtering and removal of redundant edges were per-

formed using a 25 mm threshold, determined through empirical analysis to balance sensitivity and specificity in interaction detection.

After constructing these multilevel pairwise graphs, we computed the topological features for each graph and concatenated them

to form comprehensive topological profiles. For each graph type, topological features included the following: i) edge length-related

features,MinEdgeLength andMeanEdgeLength, representing theminimumand average edge lengths of a cell, respectively; ii) Nsub-

graph, the cell number within the subgraph where the cell is located; and iii) degrees, the number of edges connecting the cell to

surrounding cells of the interacting cell types. Additionally, advanced graph metrics such as the clustering coefficient and between-

ness centrality were calculated to provide deeper insights into the structural properties of the cellular network. Furthermore, the sc-

MTOP pipeline was employed to identify topological features in cellular interactions between cancer cells and microenvironment

components, as identified by the Xenium in situ platform. Detailed information on the sc-MTOP algorithm is available in our refer-

enced publication.

Independent cohort to study the relation of HER2 distribution and molecular features

We scanned archived HER2-IHC-stained slides from patients in the CBCGA cohort who underwent RNA-seq profiling. This process

resulted in a dataset comprising 55 paired HER2-IHC slides and corresponding RNA-seq profiles.

Xenium profiling

For each patient, the region of interest was dissected from a 5-mm formalin-fixed paraffin-embedded tissue film. A 380-gene panel

(a predesigned 280-gene panel for breast cancer and a 100-gene custom panel) was used. The profiling process and cell segmen-

tation were carried out according to the manufacturer’s instructions (10x Genomics, CA, USA) by Precision Medicine Technologies

Co., Ltd. (Shanghai, China).
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Xenium analysis
Data loading and cell type identification

Xenium data were loaded into R by Seurat (v5.1.0) according to the Seurat vignette. The loaded data were subjected to transform-

based normalization (SCTransform), followed by PCA dimensionality reduction (RunPCA) and layer integration (IntegrateLayers).

FindNeighbors and FindClusters were used to find cell subclusters at the optimal resolution. Major cell types (cancer cells, adipo-

cytes, B cells, breast glandular cells, dendritic cells, endothelial cells, fibroblasts, macrophages, mast cells, myoepithelial cells, peri-

vascular cells, and T cells) were first identified, and cell subtypes were subsequently identified within certain cell types. Annotations

were aided by cell markers according to CellMarker 2.0 (http://bio-bigdata.hrbmu.edu.cn/CellMarker/index.html).53 Differential

expression analyses between cell groups were carried out by COSG (version 0.9.0).36

Spatial cell-level ligand‒receptor interaction pairs

Spatial networks were built using the Giotto package54 (https://rubd.github.io/Giotto_site/index.html) to connect single cells based

on their physical distance. Using the Delaunay method, neighbors are determined via Delaunay triangulation and a maximum dis-

tance criterion. After that, L-R (ligand‒receptor) interactions were scored using the Delaunay network built above. The desired link-

ages were extracted from the network and used to calculate the L-R interaction score, which measures pairwise L-R expression be-

tween specified cell types. Linkages are reoriented to differentiate between ligand- and receptor-expressing cells. This score is

compared with a distribution of scores produced using randomized linkages to determine whether the given configuration of inter-

actions between specified cell types significantly enriches for pairwise L-R expression.

Spatial niche

We created a neighborhood matrix using the number of each cell type among each cell’s 200 closest neighbors using the cell center

coordinate information in 2D physical space.55 After integrating the neighborhoodmatrix. Five percent of the cells of each tissuewere

sampled, and an AnnData object was generated using the integrated sampled matrix. Then, to define niches, Leiden clustering was

performed on this integrated AnnData object, while the remaining cell types were identified using the ingest function in the Scanpy

package in Python. Niches that consisted of less than five percent of all detected cells were discarded.

Model construction for efficacy prediction
Cohorts for modeling

The SHR-A1811 cohort was firstly split to form a SHR-A1811 training cohort (n = 42) and a SHR-A1811 testing cohort (n = 18). A 7:3

ration was adopted, which was awidely used ratio for dividing training and testing cohorts, as summarized by Zhang et al.35 and used

bymany other studies.56–60 A real-world neoadjuvant ADC validation cohort formodel validation and a neoadjuvant PCbHP cohort for

testing the specifity of the model were also included. Detailed description of these cohorts is provided under the cohorts and study

design section and Tables S8 and S9.

Multidimensional data inclusion and selection

To address the small sample size, we employed feature selection not only to reduce dimensionality but also to minimize the risk of

overfitting. For clinicopathological variables, we included the 8th edition of the AJCC staging system and HR status. For digital pa-

thology, we incorporated all digital pathology variables, including cellular proportion features and cellular topology interaction fea-

tures, such as edge features, subgraph features, and node features, totaling 38 digital pathology variables. Categorical variables

were encoded separately. In the variable selection phase, we first eliminated collinear variables with a collinearity index greater

than 0.8. Then, we performed a Mann‒Whitney U test for all variables against therapeutic efficacy, removing variables with weak

correlations. This process allowed us to retain 13 robust predictive variables (Figure S6A), facilitating the development of a reliable

efficacy prediction model and elucidating the differential mechanisms of various anti-HER2 targeted therapies. Among these vari-

ables, clinical and pathological variables included American Joint Committee on Cancer (AJCC) stage. The cellular proportion char-

acteristics included the proportion of immune cells and the proportion of HER2-expressing cells among all cells. Edge features

comprised five variables: HER2strong_HER2strong_minEdgeLength, HER2weak_HER2null_minEdgeLength, HER2strong_

HER2weak_minEdgeLength, Immune_Immune_minEdgeLength, and Tumor_Immune_minEdgeLength. Subgraph features included

four variables: HER2strong_HER2strong_Nsubgraph, HER2strong_HER2null_Nsubgraph, HER2weak_HER2null_Nsubgraph, and

Immune_Immune_Nsubgraph. Additionally, a node feature was considered: HER2strong_HER2null_Degrees.

Multimodel integration

Following feature selection, we standardized the data for modeling. The data standardization process involved scaling features to

zero mean and unit variance using StandardScaler from scikit-learn to ensure that all variables contributed equally to the model.

Given the relatively small number of patients and variables in this study, we utilized Python (version 3.12), numpy (version 2.0.0),

and pandas (version 2.2.2), employing the scikit-learn (version 1.5.0) library for logistic regression, K-nearest neighbors (KNN),

Gaussian naive Bayes, and Bernoulli naive Bayes models.

We optimized all the hyperparameters through a grid search using 10-fold cross-validation. The models’ performance was eval-

uated using the area under the curve (AUC) of the receiver operating characteristic (ROC) curve, a robust metric for binary classifi-

cation tasks. To measure the reliability of the model, we calculated the confidence intervals (CIs) for the area under the curve (AUC).

For eachmodel trained with a unique random seed, we used the bootstrap method with 200 resamples. To mitigate biases and over-

fitting associated with individual models, we employed the ensemble learning technique through a voting classifier from sklearn.en-

semble. This method combined the predictions from all four models by averaging their predicted probabilities (soft voting) to form a

more robust and generalizable predictive model. Using the final voting model, we applied SHapley Additive ExPlanations (SHAP)
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0.45.1 for model interpretability scoring. SHAP values helped us quantify the contribution of each feature to the model’s predictions,

thereby offering insights into the importance of various clinical and digital pathology variables in determining therapeutic efficacy.

Finally, we validated the model using the SHR-A1811 testing cohort and the real-world ADC cohort. To assess the stability and

robustness of our model’s performance, we repeated the training and validation process using 500 different random seeds. For

each of these models, we applied the bootstrap method as described. This combined approach ensured that our results were not

dependent on a specific data sample or random initialization, thereby enhancing the credibility and reproducibility of our findings.61

QUANTIFICATION AND STATISTICAL ANALYSIS

Comparisons of ordered class variables and continuous variables were performed by the Kruskal–Wallis rank sum test. Comparisons

of categorical variables were performed by Fisher’s exact test or the chi-square test, where appropriate. False discovery rates (FDRs)

were obtained using the p.adjust function in R with the ‘‘fdr’’ method. All analyses above were performed in R version 4.4.0.
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