
Precision Clinical Medicine , 2026, 9 : pbaf038 

https://doi.org/10.1093/pcmedi/pbaf038 

Published: 19 December 2025 

Research Article 

Identification of factors conferring resistance to 

trastuzumab deruxtecan in advanced gastric cancer: a 

translational study from the single-arm, phase II, 

DESTINY-Gastric06 trial 

Bohan Zhang1 , ‡ , Lei Zhang2 , ‡ , Cheng Liu1 , Tong Xie1 , Yifan Zhang1 , Xiao Wu3 , Yining Chen3 , Siyuan Cheng1 , 

Yang Feng1 , Yuxin Wang1 , Erke Gao1 , Hongquan Zhang 

3 , 4 , Lin Shen 

5 , * , Zhi Peng5 , * , Xiaofan Wei3 , 4 , * 

1 Key Laboratory of Carcinogenesis and Translational Research (Ministry of Education), Department of Gastrointestinal Oncology, Peking University Cancer 

Hospital & Institute, Beijing 100142, China 
2 Department of medical and marketing, Burning Rock Biotech, Guangzhou 510300, China 
3 Department of Human Anatomy, Histolog y and Embryolog y, School of Basic Medical Sciences, Peking University Health Science Center, Beijing 100191, China 
4 Peking University International Cancer Institute, Peking University Health Science Center, Beijing 100191, China 
5 State Key Laboratory of Holistic Integrative Management of Gastrointestinal Cancers, Beijing Key Laboratory of Carcinogenesis and Translational Research, 

Department of Gastrointestinal Oncology, Peking University Cancer Hospital & Institute, Beijing 100142, China 
∗Corresponding authors: Xiaofan Wei, weixiaofan@bjmu.edu.cn ; Zhi Peng, zhipeng@bjmu.edu.cn ; Lin Shen, shenlin@bjmu.edu.cn . 
‡ Bohan Zhang and Lei Zhang contributed equally to this work 

Abstract 

Background: Trastuzumab deruxtecan (T-DXd) has revolutionized the therapeutic landscape for HER2-positive gastric cancer 

(GC). However, tumor heterogeneity poses a significant challenge in overcoming T-DXd resistance. This study aimed to delin- 

eate the mechanisms underlying primary and acquired resistance to T-DXd in GC. 

Methods: We performed single-cell RNA sequencing on GC tumor tissues from the DESTINY-Gastric06 study, including 

treatment-naive baseline samples and those with primary or acquired resistance to T-DXd. Dimensionality reduction and un- 

supervised clustering were applied to identify distinct cell clusters within the tumor tissues. High-dimensional weighted gene 

co-expression network analysis was employed to identify key gene modules associated with T-DXd resistance. Cell–cell com- 

munication was analyzed using CellChat. Key findings were experimentally validated through multiplex immunofluorescence, 

immunohistochemistry, and functional assays in cellular models. 

Results: Weighted gene co-expression network analysis identified the red and purple modules as being strongly correlated 

with primary and acquired T-DXd resistance, respectively. Notably, MUC3A was upregulated in patients with primary resis- 

tance and its overexpression was identified as a potential predictor of shorter progression-free survival in response to T-DXd 

therapy. Moreover, cystatin C, a gene implicated in linker cleavage, was upregulated during the development of acquired re- 

sistance. Tumor microenvironment profiling revealed that T-DXd initially promoted immune-cell infiltration and enhanced 

antigen presentation. However, with the development of resistance, the tumor microenvironment shifted to an immunosup- 

pressive state, characterized by reactivation of transforming growth factor-beta signaling and upregulation of programmed 

cell death protein-1 (PD-1). 

Conclusion: These findings provide novel insights into mechanisms underlying T-DXd resistance and highlight potential ther- 

apeutic targets for overcoming T-DXd resistance in GC. 

Keywords: gastric cancer, trastuzumab deruxtecan, resistance 

 

 

 

 

 

D
ow

nloaded from
 https://academ

ic.oup.com
/pcm

/article/9/1/pbaf038/8384180 by guest on 17 April 2026
Introduction 

Globally, an estimated 20 million new cancer cases and 9.7 mil- 

lion cancer-related deaths occur each year, with gastric cancer 

(GC) ranking as the fifth leading cause of cancer mortality [ 1 ]. GC 

is characterized by significant heterogeneity, with distinct molec-

ular subtypes, such as HER2-positive tumors, leading to consid-

erable variation in therapeutic responses [ 2 ]. Specifically, HER2-

positive GC accounts for ∼10%–20% of advanced cases [ 3 , 4 ].

While the ToGA trial established trastuzumab combined with con-
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entional chemotherapy as the first-line standard of care for HER2- 

ositive advanced GC, patients inevitably develop drug resistance, 

eading to disease progression [ 5 ]. The mechanisms underlying 

rastuzumab resistance are heterogeneous and can be divided into 

n-target resistance mediated by HER2-related alterations, includ- 

ng ERBB2 mutations [ 6 ], HER2 epitope loss or masking [ 7 ], and 

ntratumoral HER2 heterogeneity [ 8 ], and off-target resistance in- 

olving the activation of alternative signaling pathways (e.g. phos- 

hatidylinositol 3-kinase/protein kinase B (PI3K/AKT) hyperactiva- 

ion) [ 9 ] and metabolic reprogramming [ 10 ]. Unmet therapeutic 

eeds remain for patients with HER2-positive GC who experience 

isease progression after first-line therapy, as effective treatment 

ptions are limited in clinical practice. 

In the EMILIA study (registered with ClinicalTrials.gov: 

CT00829166), trastuzumab emtansine (T-DM1) prolonged 

he survival of patients with HER2-positive breast cancer [ 11 ]. 

owever, T-DM1 did not significantly improve the outcomes of 

atients with GC [ 12 ]. Various potential mechanisms of resistance 

o T-DM1 have been experimentally investigated, from antigen 

xpression and recognition through internalization and degra- 

ation, to cytotoxic drug release and apoptotic regulation [ 13 ]. 

-DXd is a next-generation antibody–drug conjugate (ADC) that 

ombines a humanized HER2-targeting antibody with deruxte- 

an, a potent topoisomerase I inhibitor, connected through a 

leavable tetrapeptide linker. The efficacy of T-DXd depends on 

he cleavage of its linker by lysosomal enzymes such as cathepsin 

 (CTSB) to release the cytotoxic payload [ 14 , 15 ]. Deruxtecan 

orks by causing double-strand DNA breaks, which ultimately 

ead to apoptosis and cell death [ 16 ]. In the DESTINY-Gastric01 

nd DESTINY-Gastric02 [ 17 ] studies, T-DXd demonstrated com- 

endable efficacy, achieving an objective response rate (ORR) 

f 40.5% and 38%, respectively. In the DESTINY-Gastric06 study, 

 cohort of 95 Chinese patients with HER2-positive advanced 

C were enrolled, and T-DXd showed an ORR of 28.8% [ 18 ]. In 

ontrast to the limited efficacy of T-DM1 in GC, T-DXd exhibited 

uperior antitumor activity in HER2-heterogeneous GC. Based on 

hese findings, T-DXd has received regulatory approval in China 

s third-line therapy for HER2-positive GC. 

Although T-DXd therapy has shown significant clinical bene- 

its, most patients exhibit primary resistance, resulting in lim- 

ted clinical efficacy. Furthermore, even among initially respon- 

ive cases, acquired resistance inevitably develops over time, ulti- 

ately compromising treatment outcomes. Intra-tumoral hetero- 

eneity is common in HER2-positive GC. Studying the diversity of 

esistance-associated epithelial cells and their tumor microenvi- 

onment (TME) can reveal the how resistance develops and point 

o personalized treatment strategies. 

In the DESTINY-Gastric06 study (NCT04989816), T-DXd demon- 

trated improved antitumor efficacy in Chinese patients with pre- 

reated locally advanced or metastatic GC [ 19 ]. Moreover, we per- 

ormed single-cell RNA sequencing (scRNA-seq) to investigate the 

olecular mechanisms underlying T-DXd resistance and to dis- 

over corresponding predictive biomarkers. In this study, we con- 

tructed a single-cell atlas to investigate T-DXd treatment in ad- 

anced GC, revealing both intertumoral heterogeneity among tu- 

or cells and the dynamic evolution of the TME during therapy. 

e identified transcriptomic signatures associated with primary 

nd acquired resistance to T-DXd and mapped the cell–cell com- 

unication networks involved in treatment response. To the best 

f our knowledge, this is the first single-cell resolution analysis of 

clinical samples to explore T-DXd resistance in GC, thereby yielding

novel mechanistic insights into potential synergistic targets for T-

DXd-based therapy. 

Methods 

Sample collection 

Our samples were obtained from an open-label, single-arm, phase

II clinical trial (DESTINY-Gastric06). This trial investigates the effi-

cacy of T-DXd monotherapy in patients with HER2-expressing lo-

cally advanced or metastatic gastric adenocarcinoma or gastroe-

sophageal junction (GEJ) adenocarcinoma who have previously

undergone two or more treatment regimens. From this clinical co-

hort, we selected 11 samples from nine GC patients for our study.

Detailed clinical information is provided in supplementary Table 1

(see online supplementary material). These tumor samples were

collected at different treatment stages via endoscopic biopsy for

single-cell sequencing analysis. Baseline samples refer to those

collected before T-DXd treatment. Primary resistance was defined

as disease progression during the initial treatment or within three

cycles of treatment. Secondary resistance was defined as disease

progression following an initial clinical response (partial response

or complete response) to the treatment. Noteworthy, samples

PRE-1, RES-1, and POST-1 are from the same patient’s baseline

phase, response phase, and resistance phase, respectively. 

Establishment of single-cell libraries 

Fresh tissue samples were collected during endoscopy proce-

dures. These samples were then transported on ice using tissue

storage solutions. scRNA-seq libraries were constructed following

the Singleron Matrix® single-cell processing system. Pools were se-

quenced on Illumina NovaSeq 6000 with 150 bp paired-end reads.

Data alignment and quantification 

Raw sequencing data were processed using Cell Ranger Software

v6.0 (10 × Genomics) with the human reference genome GRCh38

v5.0.0 to generate a gene–cell count matrix. Initial data integration

and quality control were performed with Seurat v4.1.0. Filtered

datasets met the following criteria: (i) median of > 1 000 genes per

cell (to exclude low-quality cells); (ii) sequencing saturation be-

tween 60% and 90% (to ensure balanced library complexity); and

≥70% of reads mapped to cellular barcodes (to minimize ambient

RNA contamination). 

Doublet detection and filtering 

Potential doublets were identified using the Scrublet package.

Cells were over-clustered to compute cluster-level average dou-

blet scores. Clusters with doublet scores > 0.6 or expressing > 1

canonical marker gene (e.g. CD3D for T cells and MS4A1 for B cells)

were removed to reduce technical artifacts. 

Dimensionality reduction and clustering 

Normalization, logarithmic transformation, and variable gene se-

lection were performed with Scanpy v1.7.2. Principal component
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analysis was applied for dimensionality reduction, followed by 

batch-balanced k-nearest neighbors to correct batch effects. Visu- 

alization was achieved through uniform manifold approximation 

and projection (UMAP). 

Cell type annotation 

Cell clusters were annotated using CellTypist, a machine learning- 

based tool, with reference to the Human Gastric Atlas, Immune Al- 

low, and Immune All High datasets. Marker genes (e.g. EPCAM for 

epithelial cells, PECAM1 for endothelial cells) were manually vali- 

dated to refine annotations. Subtype proportions were calculated 

post-normalization to quantify population heterogeneity. 

High-dimensional weighted gene 

co-expression network analysis of tumor 

epithelial cells 

We performed high-dimensional weighted gene co-expression 

network analysis (hdWGCNA) to identify transcriptional co- 

expression modules associated with tumor epithelial cells. Tumor 

epithelial cells were isolated based on canonical markers (e.g. 

EPCAM , KRT18 ) and prior single-cell clustering annotations, re- 

taining cells meeting quality thresholds ( > 1 000 genes/cell and 

mitochondrial content < 20%). To reduce sparsity, cells were 

aggregated into metacells using a k-nearest neighbors (KNN, 

k = 25) algorithm. A soft power threshold of 9 was selected to 

construct a scale-free network (scale-free fit index > 0.9), and 

hierarchical clustering of genes based on topological overlap ma- 

trices identified 13 distinct co-expression modules (e.g. turquoise, 

brown) via dynamic tree cutting. Module eigengenes representing 

each module’s expression profile were correlated with clini- 

cal traits (treatment, response) using Spearman’s correlation, 

with significance adjusted by Benjamini–Hochberg correction 

( P < 0.05). 

Differ ential expr ession and func tional 

enrichment 

Differ ential gene expr ession genes (DEG) wer e defined as those 

with | log2(fold-change) | > 0.5/0.25 and adjusted P -value < 0.05 

(Benjamini–Hochberg correction). Gene ontology (GO), Kyoto En- 

cyclopedia of Genes and Genomes (KEGG) pathway analysis, and 

gene set enrichment analysis (GSEA) were conducted using clus- 

terProfiler v3.8.1 and GSEA v3.0. 

Copy number variation inference 

To delineate malignant epithelial cell dynamics across treatment 

phases (pre-treatment, therapy-responsive, and resistant stages), 

we employed the inferCNV package to analyze copy number vari- 

ation (CNV) patterns using transcriptomic profiles. Epithelial cells 

from all three phases were integrated into a unified workflow, 

with non-malignant reference cells (e.g. stromal fibroblasts and 

immune cells from the same patient) serving as baseline con- 

trols. Gene expression matrices, chromosomal coordinates (gen- 

code_v38), and cell annotations were processed with extreme ex- 

pression values truncated to the range [–3, 3] to mitigate out- 

lier effects. Initial CNV estimates (CNVi) were derived by applying

asliding window of 100 genes across chromosomes to compute

moving averages of relative expression values, minimizing gene-

specific noise. Final CNV scores (CNVf) for individual cells were cal-

culated as the sum of squared residuals across genomic windows,

and cells in the top 10% of CNV score distributions were classi-

fied as malignant. To resolve clonal evolution, hierarchical clus-

tering (ward. D2 linkage) and Leiden community detection (reso-

lution = 1.0) were applied to group cells based on CNV profiles, en-

abling comparative analysis of subpopulations across treatment 

phases. 

Cell–cell communication analysis 

CellChat v1.6.0 was employed to infer ligand–receptor interac-

tions. Interactions detected in < 5 cells were excluded to minimize

noise from low-abundance signals. 

Cell culture and transfection 

The human GC cell lines NUGC4 were provided by ATCC. Cell

lines were cultured in RPMI-1640 medium from Gibco (MD, USA),

supplemented with 10% fetal bovine serum (FBS) (Gibco, USA)

and 1% streptomycin/penicillin (Gibco, MD, USA), under standard

conditions (5% CO2 , 37◦C). Cells were divided into three groups

and transfected with control small interfering RNA (siRNA; Ri-

obio) and specific siRNA (Riobio). When the cell lines reached

50–%60% confluency, transfection was performed using Lipofec- 

tamine 3000 reagent (Invitrogen, Carlsbad, CA, USA) at a con-

centration of 50 nM siRNA for 24 h to enhance transfection effi-

ciency. Afterward, the transfection medium was removed, and the

cells were seeded in 96-well plates at a density of 5000 cells/well.

Once the cells adhered, the medium was replaced with complete

medium containing T-DXd at final concentrations of 0, 0.00128,

0.0064, 0.032, 0.16, 0.8, 4, 20, 100, 500, 2500, 12 500 nM. After 72

h, cell viability was measured using CCK-8 according to the manu-

facturer’s instructions, and viability curves were generated to cal-

culate the half-maximal inhibitory concentration (IC50). Cell via-

bility was calculated as follows: [(cell count on the third day with

drug) −(cell count on zero day)]/[(cell count on the fourth day

without drug) −(cell count on zero day)] × 100%. The cytotoxic-

ity assay was performed in triplicate. Dose–response curves were

generated with GraphPad Prism v9.0, from which IC50 values were

extrapolated. Statistical significance was determined by one-way 

ANOVA analysis ( P < 0.05). Cell RNA analysis was conducted on

cells harvested 24 h post-seeding to determine transfection effi-

ciency. 

Immunohistochemistry 

Paraffin-embedded tissue samples from the previously described 

clinical cohort were selected for immunohistochemistry (IHC) 

analysis to evaluate the expression levels of relevant molecules.

Tissue sections were first deparaffinized and gradually rehydrated.

To eliminate endogenous peroxidase activity and minimize non-

specific staining, sections were treated with 3% hydrogen perox-

ide for 15 min. Then, the sections were subjected to antigen re-

trieval in EDTA buffer (pH 9.0) followed by three washes. Subse-

quently, the sections were incubated overnight at 4◦C with rabbit

anti-MUC3A (1:100 dilution, ab270247, Abcam). The next day, the
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ections were incubated at 37◦C with secondary antibody (goat 

nti-rabbit IgG, 1:2000 dilution, product number 7074, Cell Signal- 

ng Technology) for 60 min. The sections were stained with 3,3’- 

iaminobenzidine, counterstained with Mayer’s hematoxylin, de- 

ydrated, and mounted. Finally, photomicrographs were captured 

sing an microscope. All IHC results were independently evaluated 

y two experienced pathologists. 

ultiplex fluorescence IHC 

or multiplex IHC staining (mIHC), formalin-fixed and paraffin- 

mbedded (FFPE) tumor tissue blocks were serially sectioned into 

 mm sections. mIHC was conducted using the Akoya OPAL Po- 

aris 7-Color Automation IHC kit (NEL871001KT) according to the 

anufacturer’s protocol. Briefly, FFPE tissue slides were first de- 

araffinized in a BOND RX system (Leica Biosystems) and then 

ncubated sequentially with primary antibodies for HER2 (CST, 

ST2165, 1:200), KRT8 (Abcam, ab53280, 1:1000), CST3 (Abcam, 

b109508, 1:2000), CTSB (CST, CST31718, 1:1000), DAPI (Abcam, 

b213363, 1:1000), and MKI67 (CST, 9027, 1:200). Negative con- 

rol slides were processed with primary and secondary antibod- 

es but without fluorophores to evaluate autofluorescence. Mul- 

iplex stained slides were scanned using a Vectra Polaris quan- 

itative pathology imaging system (Akoya Biosciences) at 20 nm 

avelength intervals from 440 nm to 780 nm with a fixed expo- 

ure time and an absolute magnification of 3200. All scans for each 

lide were then superimposed to obtain a single image. Multilayer 

mages were imported to in Form v.2.4.8 (Akoya Biosciences) for 

uantitative image analysis. 

tatistical analysis 

etails of sample sizes and statistical tests used are described in 

he figure legends. Calculations were performed using GraphPad 

rism 9.0 software. The Wilcoxon rank-sum test was employed to 

nalyze differences between two independent groups with non- 

ormally distributed data. Comparison among multiple groups 

as performed using one-way ANOVA. P values ≤ 0.05 were con- 

idered statistically significant; n.s. indicates no significance. 

esults 

ingle-cell landscape of GC under T-DXd 

reatment 

o elucidate the cellular landscape and molecular underpinnings 

ssociated with T-DXd resistance in GC, we procured samples from 

articipants of the single-arm DESTINY-Gastric06 study and con- 

ucted a comprehensive scRNA-seq analysis. Biopsies were col- 

ected from four baseline samples (PRE), two primary resistance 

amples (PRE-R), and four acquired resistance samples (POST); 

etailed clinical information is presented in supplementary Table 

, see online supplementary material . In one individual (PRE-1), 

e additionally procured biopsy samples during the subsequent 

reatment response phase (RES-1) and acquired resistance phase 

POST-1). In this study, we constructed a single-cell map of pa- 

ients with GC before and after T-DXd treatment (Fig. 1 A). 

After multiple quality control and filtering steps, we retained 

ene expression profiles for 91 770 cells for subsequent biolog- 

ical analysis, which comprised 44 928 epithelial cells, 5134 stro-

mal cells, and 41 708 immune cells. To visualize cells by treat-

ment, treatment response, and individual subject, we applied

UMAP analysis (Fig. 1 B–D). Based on a cell annotation tool cou-

pled with established cellular markers, we meticulously anno-

tated the cellular constituents across 11 predominant categories:

B cells (CD79A), CD4 + T cells (CD3D, CD4), CD8 + T cells (CD3D,

CD8A), Natural killer (NK) cells (GNLY), macrophages (LYZ), mono-

cytes (NAMPT), dendritic cells (CD74), mast cells (CPA3), fibrob-

lasts (ACTA2, COL1A2), endothelial cells (PECAM1, VWF), and ep-

ithelial cells (EPCAM, KRT18, KRT8) (Fig. 1 E and F). We also de-

picted the cell proportions for each group. There is no signifi-

cant difference in cell proportions between the pre-treatment and

treatment groups or treatment response, which may be attributed

to constrained cohort size (Fig. 1 G and H). These 11 cell clusters

could further be subdivided into 30 clusters (Fig. 1 I). Detailed infor-

mation on the annotation genes for the main cell types and sub-

types are shown in supplementary Figure S1A and B ( see online

supplementary material ). 

Epithelial heterogeneity and molecular 

networks in T-DXd-treated GC 

We began by analyzing epithelial cells during T-DXd treatment in

GC. The diversity in gene expression among these cancer cells

likely plays a key role in resistance. By understanding the func-

tions and interactions of these cells, we aimed to uncover the

resistance mechanisms and help develop better treatments for

HER2-positive GC. In this study, we employed the Leiden graph-

based clustering algorithm to dissect heterogeneous subpopu-

lations within epithelial cell populations and systematically an-

alyzed their expression profiles and associated molecular net-

works during the development of drug resistance, with the aim

of elucidating the potential regulatory roles of key subpopula-

tions in tumor drug resistance mechanisms (Fig. 2 A). We then

evaluated the composition of these subclusters in each sample

and observed that the Leiden 0 and Leiden 1 clusters emerged

as the predominant cell subpopulations, constituting the major-

ity of the tumor cells (Fig. 2 B). To delineate the molecular signa-

tures of distinct cellular subpopulations, we performed DEG anal-

ysis on the five clusters to systematically identify subpopulation-

specific marker genes (Fig. 2 C). The Leiden 2 cluster, character-

ized by high expression of proliferation-associated markers such

as TOP2A and MKI67, was predominantly distributed in the pre-

treatment samples. Notably, Leiden cluster 3, which was exclu-

sively identified in patients with primary resistance, exhibited sig-

nificant enrichment of genes related to lipid metabolism, fatty acid

metabolism, glycosyl compound metabolism, and tumor necrosis

factor response (Fig. 2 D), suggesting that metabolic reprogram-

ming may underlie T-DXd primary resistance mechanisms. This

observation aligns with previous reports emphasizing the crucial

role of metabolic remodeling in treatment resistance, including re-

sistance to trastuzumab [ 10 , 20 ]. 

Because the study included multiple subgroups, including pre-

and post-treatment, as well as different resistance statuses, con-

ventional pairwise comparisons were not enough to fully clarify

the complex relationships between them. To address this limi-

tation, we employed hdWGCNA to systematically investigate tu-

mor cell co-expression patterns, subgroup-specific signatures,
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Figure 1 Single-cell landscape of GC under T-DXd treatment. (A) Diagram of the workflow for single-cell sequencing. (B–D) UMAP embedding plots of all 

cells colored by treatment, treatment response, and patient samples. The plot visualizes the distribution and clustering of single cells based on 

treatment (left), treatment response (middle), and different samples (right), with different colors representing distinct cell types. (E) Canonical marker 

genes for 11 major cell types, aiding in the identification and characterization of different cell populations. (F) UMAP embedding plots of all cells grouped 

into 11 major types. (G) Cell proportions visualized by treatment or not. This visualization provides an overview of the relative abundance of differ ent cell 

types (Wilcoxon rank-sum test). (H) Cell proportions visualized by subject. This visualization provides an overview of the relative abundance of different 

cell types within each sample. (I) UMAP embedding plots of all cells grouped into 30 subtypes. 
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Figure 2 Epithelial heterogeneity and molecular networks in T-DXd-treated GC. (A) UMAP plots of epithelial cells stratified by groups (left), cell subtypes 

(middle), and Leiden clusters (right). (B) Proportional distribution of epithelial clusters across patient samples. (C) Volcano plot of DEGs between clusters 

( | avg_log2FC | > 0.5, adjusted P < 0.05). Red points: significant DEGs; gray points: non-significant genes. Key cluster-specific markers are labeled. (D) Top 

enriched GO BP terms for each cluster. Enrichment significance is shown as −log10(q-value). (E) Scale-free topology validation for WGCNA ( R2 = 0.80 at 

soft threshold power = 9). (F) Hierarchical clustering dendrogram of co-expression modules. Colors represent distinct modules. (G) Heatmap of 

correlations between WGCNA modules and clinical phenotypes. Red–blue gradient indicates positive–negative correlations ( P < 0.05). (H) Radar plot of 

module preservation scores across patients. (I) KEGG pathway enrichment for red and purple modules. Significance is shown as −log10(q-value). 
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and their correlations with clinical phenotypes. Based on the topo- 

logical features of the expression matrix containing highly vari- 

able genes, the optimal soft threshold was set to nine (Fig. 2 E and 

F, supplementary Fig. 2A , see online supplemenatary material). 

Twelve modules were successfully identified. The module–trait re- 

lationship was calculated by correlating each module’s character- 

istic genes with clinical features, such as resistance status, treat- 

ment stage, and whether resistance to T-DXd was primary or ac- 

quired. This analysis was used to identify modules for downstream 

investigation. Through systematic analysis, we identified a signifi- 

cant positive correlation between the red module and primary re- 

sistance, whereas the purple module was significantly negatively 

correlated with acquired resistance, suggesting its potential in- 

volvement in the development of T-DXd resistance (Fig. 2 G). No- 

tably, the red module was predominantly enriched in Leiden 3 cel- 

lular clusters, whereas the purple module exhibited specific en- 

richment in Leiden cluster 2, which was consistent with the dis- 

tribution patterns of cell clusters across samples ( supplementary 

Fig. 2B and C). GSEA revealed that the red module was significantly 

enriched in pathways related to glycolysis/gluconeogenesis, the 

pentose phosphate pathway, fructose and mannose metabolism, 

and AMP-activated protein kinase (AMPK) signaling. Metabolic re- 

programming is a well-established hallmark of drug resistance 

in tumors, including resistance to trastuzumab and T-DM1 [ 21 , 

22 ]. Previous studies have shown that trastuzumab-resistant ep- 

ithelial cells consistently exhibit aberrant activation of glucose 

metabolism [ 22 , 23 ]. Further investigation is required to elucidate 

the mechanisms of glycolytic metabolism in T-DXd resistance in 

GC. In contrast, the purple module was significantly associated 

with pathways involved in apoptosis, cell cycle regulation, nu- 

cleotide metabolism, and oocyte meiosis (Fig. 2 I). These findings 

highlight the critical roles of the red and purple modules in drug 

resistance, particularly through metabolic reprogramming. 

MUC3A correlates with T-DXd primary 

resistance and serves as a predictive 

biomarker for clinical outcome 

To comprehensively characterize the epithelial landscape of GC 

patients exhibiting primary resistance to T-DXd, we systematically 

evaluated the expression profiles of genes within the red module 

across all samples. Our analysis revealed that most of these genes 

were highly expressed in both primary resistant samples, while 

some genes exhibited high expression in only one of the resistant 

samples (Fig. 3 A). Additionally, we performed DEG analysis be- 

tween baseline and primary resistant samples, focusing on genes 

consistently upregulated in primary resistant patients, including 

MUC3A, MUC17, REG1A, and FABP1 among others (Fig. 3 B–D). 

Members of the mucin (MUC) family, including MUC3A and 

MUC17, have been significantly implicated in resistance to the 

HER2-targeted therapy trastuzumab in breast cancer [ 24 ]. Given 

the limited cohort size of resistant samples in our study, we fur- 

ther validated these genes in the baseline samples of GC pa- 

tients treated with trastuzumab from the GSE22019 dataset. We 

found that only MUC3A gene expression had a significant neg- 

ative correlation with clinical outcomes (s upplementary Fig. 3A , 

see online supplemenatary material). Patients with higher MUC3A 

expression exhibited significantly poorer progression-free sur- 

vival (PFS) outcomes in GC (Fig. 3 E and F). Furthermore, the tu- 

mor epithelial cells of primary resistant patients exhibited signif-

icant heterogeneity, with not all tumor cells expressing MUC3A

and marked inter-sample variations in their red module scores

(Fig. 3 G). To investigate the biological functions of MUC3A, epithe-

lial cells were stratified into MUC3A + and MUC3A − subgroups.

DEG analysis revealed that MUC3A may be closely associated with

lipid metabolism, cell −cell junctions, and digestive processes

(Fig. 3 H −J). Notably, stratification by MUC3A expression levels re-

vealed that the MUC3A + subpopulation exhibited significantly el-

evated red module scores (Fig. 3 K). 

To assess whether MUC3A could predict survival prognosis, we

performed IHC staining on tumor specimens from a Peking Uni-

versity Cancer Hospital cohort ( n = 29) of the DESTINY-Gastric06

trial. We divided patients into MUC3A-low (IHC score ≤ 2) and

MUC3A-high (IHC score > 2) groups and found that the MUC3A-

low subpopulation had longer median PFS ( P = 0.021; Fig. 3 L)

than did the MUC3A-high subgroup. To further explore the role

of MUC3A in T-DXd sensitivity, we knocked down its expression in

HER2-positive GC lines by siRNA. Subsequent pharmacodynamic 

evaluation in NUGC-4 and NCI-N87 cell models showed that the

decreased MUC3A level significantly enhanced cellular sensitivity 

to T-DXd (Fig. 3 M and N). After silencing MUC3A expression with

MUC3A–specific siRNA, the binding of T-DXd to NUGC4 cells was

enhanced (Fig. 3 O). Above all, these findings reveal the transcrip-

tional heterogeneity of GC epithelial cells in the initial T-DXd resis-

tance and identify MUC3A as a key mediator of T-DXd resistance

through multifunctional biological pathways. Our data indicate 

that MUC3A expression is a potential molecular determinant of T-

DXd resistance and it can serve as an effec tive biomarker f or en-

abling more precise patient stratification. 

Proliferation inhibition, HER2 

downregulation, and CST3 upregulation 

correlate with T-DXd-acquired resistance 

Based on previous analyses, the purple module is closely associ-

ated with the clinical features of acquired resistance. Here, we ex-

amined the expression patterns of genes within the purple mod-

ule across different sample groups. Notably, genes comprising

the purple module exhibited consistently low expression levels in

samples with acquired T-DXd resistance (Fig. 4 A). DEG analysis of

tumor epithelial cells between the acquired resistance and base-

line groups demonstrated significant downregulation of HER2, 

accompanied by marked upregulation of CST3, ASPH, PPP1R1B,

and MUC5B in acquired resistance samples (Fig. 4 B and C). GSEA

of the DEGs demonstrated significant inverse associations be-

tween T-DXd acquired resistance and the P53 pathway, hypoxia,

G2/M checkpoint, interferon gamma, and TNFA signaling pathway.

Whereas pathways in oxidative phosphorylation and adipogenesis 

were significantly positively correlated with T-DXd acquired resis-

tance (Fig. 4 D). 

Subsequently, for patients with samples obtained simultane- 

ously at the pre-T-DXd-treatment, treatment response, and ac-

quired resistance stages, we further explored the transcriptional

changes occurring during treatment and the development of re-

sistance to T-DXd (Fig. 4 E). Fibroblasts were used as reference

cells and infer copy number variation (CNV) was employed to ana-

lyze the CNV of epithelial cells (Fig. 4 F). Through clustering based

on CNV, we obtained six sub-clusters excluding those in the cell-
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Figure 3 Molecular and clinical characterization of MUC3A + epithelial cells in primary resistance. (A) Heatmap showing Z-scored expression of red 

module genes in epithelial cells among samples. Columns: individual samples; rows: genes. Color intensity (blue to red) reflects expression levels 

normalized per row. (B) UMAP visualization of pre-treatment epithelial cells by clinical group. (C) Volcano plot comparing gene expression between 

primary resistance ( n = 2) and baseline ( n = 4) samples. Significance threshold: | log2 FC | > 0.5 and P < 0.05. Yellow: upregulated in primary resistance; 

blue: downregulated. (D) Overlapping gene expression between red module and primary resistance signature. Heatmap displaying Z-scored expression 

of overlapping genes between red module and primary resistance marker genes in pretreatment samples. Columns: individual samples; rows: genes. 

Color intensity (blue to red) reflects expression levels normalized per row. (E) Boxplot showing MUC3A mRNA levels in baseline samples of short-term 

[ n = 12, progression-free survival (PFS) < 12 months] and long-term ( n = 6, PFS ≥ 12 months) trastuzumab responders. In the box plots, the center line 

corresponds to the median, box corresponds to the interquartile range. P = 0.032 (Wilcoxon rank-sum test). (F) Kaplan-Meier (KM) plot of PFS in 

trastuzumab-treated stomach adenocarcinoma patients ( n = 18) stratified by MUC3A expression (Log-rank test). (G) UMAP annotation of primary 

resistance epithelial cells, Left: UMAP colored by sample identity (PRE-R-1, PRE-R-2). Right: UMAP colored by red module score (Z-score) and MUC3A 

expression. (H) Density plots showing MUC3A expression distribution in Leiden clusters. Cutoff at MUC3A = 0 defines MUC3A + ( ≥0) and MUC3A − ( < 0) 

cells. (I) Volcano plot comparing gene expression between MUC3A + and MUC3A − cells in primary resistance samples. Significance threshold: 

| log2 FC | > 0.25 and P < 0.05. Yellow: upregulated in MUC3A + ; blue: downregulated. Key genes labeled. (J) Bar plot of top enriched GO biological 

processes for MUC3A + upregulated genes. −log1 0 (q-value) indicates enrichment significance. (K) Violin plot showing red module scores in MUC3A + and 

MUC3A − cells. P < 0.05 (Wilcoxon rank-sum test). (L) KM plot of PFS in T-DXd-treated GC patients ( n = 29) stratified by MUC3A expression (MUC3A high: 

IHC score ≥ 2). (M) Sensitivities of NUGC4 cells expressing control (blue) or MUC3A siRNAs (red/orange) to T-DXd. Statistical testing was performed by 

one-way ANOVA ( n = 3 biological replications; Fisher’s statistic (F) = 53.58; degrees of freedom = 8; P = 0.0002). (N) Sensitivities of NCI-N87 cells 

expressing control (blue) or MUC3A siRNAs (red/orange) to T-DXd. Statistical testing was performed by one-way ANOVA. ( n = 3 biological replications; 

F = 118.4; degrees of freedom = 8; P < 0.0001). (O) Binding of T-DXd in NUGC4 cells transfected with control siRNA or siRNA targeting MUC3A. 

Quantification of T-DXd binding by mean fluorescence intensity was determined by flow cytometery ( n = 3). 
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Figure 4 Temporal changes of tumor epithelial cells in patients during pre-treatment, treatment response, and acquired resistance phases. (A) Heatmap 

depicts expression profiles of genes within the purple module across samples, with a gradient from blue (low expression) to red (high expression). (B) 

UMAP visualization illustrates cellular distribution of baseline versus drug-resistant samples, color-coded by experimental group. (C) Volcano plot 

highlights DEGs in tumor epithelia between drug-resistant and baseline groups: green (upregulated in resistance), blue (upregulated in baseline), and 

gray (non-significant). (D) Bubble plot summarizes GSEA results for epithelial cells in drug-resistant versus baseline samples. (E) UMAP projection 

displays cell distribution from longitudinal samples (baseline, treatment-responsive phase, acquired resistance) annotated by group (top). (F) Heatmap 

delineates CNV characteristics in tumor epithelial cells, with mast cells and B cells as reference populations. Blue indicates depletion; red indicates 

amplification. (G) UMAP clusters cells based on CNV copy number, stratified by treatment phase (baseline, response, acquired resistance). (H) Stacked 

bar chart quantifies proportional changes of CNV clusters across treatment phases. (I) Heatmap visualizes expression of reported anti-HER2/ADC/DXd 

resistance-associated genes, graded from blue (low) to red (high). Significance assessed via Kruskal–Wallis test across treatment phases. (J) Box plots 

and beeswarm plots compare expression dynamics of CST3 and ERBB2 across baseline, response, and resistance; the Kruskal–Wallis test was performed, 

followed by Dunn’s test for post-hoc analysis. 
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ivision stage (Fig. 4 G). It was observed that the proportion of cells 

n the division stage significantly decreased during the treatment 

rocess. Meanwhile, the dominant cell population changed with 

he treatment. After treatment, sub-clusters 1 and 5 became the 

redominant cell population, while the proportion of sub-cluster 

 decreased significantly (Fig. 4 H). 

Next, we systematically curated resistance-associated genes re- 

orted in relation to anti-HER2 therapy, DXd-based ADCs, and 

leavable linker-conjugated payloads [ 25 , 26 ]. Their expression 

atterns were quantitatively analyzed across our cohort samples 

nd visualized through hierarchical clustering heatmap analysis. 

ur findings revealed that elevated expression levels of MUC17, 

ST3, CDK1, SLC46A3, YAP1, and BCL2L1 are positively corre- 

ated with drug-resistant phenotypes, whereas HER2 expression 

xhibits significant downregulation during the acquisition of drug 

esistance (Fig. 4 I). Further analysis of paired samples (PRE-1) re- 

ealed that CST3 expression was progressively upregulated dur- 

ng the treatment period, while HER2 expression demonstrated a 

radual downregulation (Fig. 4 J). 

cquired resistance to T-DXd: endogenous 

ST3 inhibits linker cleavage and impairs 

ayload release 

o characterize the dynamic expression patterns of CST3, CTSB, 

nd HER2, we performed multiplex immunohistochemistry 

taining on paired samples, including matched baseline (PRE-1), 

reatment-responsive (RES-1), and resistant-phase (PRE-R-1) 

pecimens. Semi-quantitative image analysis confirmed the 

ignificant downregulation of HER2 and Ki67 in KRT8 + tumor 

pithelial cells following T-DXd treatment, consistent with pre- 

ious single-cell data. Notably, we also identified a progressive, 

reatment-driven expansion of the CST3 + KRT8 + cell subset 

Fig. 5 A and B). These findings demonstrate that T-DXd effectively 

argets and eliminates proliferating HER2 + tumor cells via its 

ntrinsic mechanism of action, whereas prolonged treatment 

nduces adaptive resistance mediated by CST3 upregulation in 

umor cells. 

To mechanistically investigate the functions of CTSB and CST3, 

e established NUGC4 and NCI-N87 GC models using siRNA- 

ediated knockdown of CTSB and CST3. Following 72-h T-DXd 

xposure across a concentration gradient, dose–response curves 

emonstrated that CTSB-deficient cells developed acquired resis- 

ance, whereas CST3 knockdown enhanced their sensitivity to T- 

Xd (Fig. 5 C and D). CST3 is an established endogenous inhibitor 

hat specifically targets endolysosomal cysteine proteases, includ- 

ng CTSB [ 27 , 28 ]. Increased CST3 expression during the resis- 

ance phase may modulate T-DXd sensitivity by inhibiting CTSB- 

ediated T-DXd linker cleavage. Our findings indicate that CST3 is 

 promising therapeutic target for overcoming resistance and op- 

imizing treatment efficacy in GC. 

ell–cell communication in patients during 

re-treatment, treatment response, and 

cquired-resistance phases 

eyond intrinsic signaling in epithelial cells, interactions between 

iffer ent cell types within the TME may also play a role in driv- 

ing T-DXd resistance. To gain a deeper understanding of the

cellular interactions involved, we analyzed cell–cell communi-

cation, which revealed dynamic changes in the TME during T-

DXd treatment ( supplementary Fig. 4A , see online supplementary

material). 

In the present study, we categorized the TME into 30 distinct

cellular subpopulations (Fig. 6 A, supplementary Fig. 1A ). During

the response phase, there was a notable increase in immune cell

infiltration and a decrease in the proportion of epithelial cells.

Concurrently, intercellular crosstalk within the TME is markedly

enhanced, with macrophages emerging as the principal signal-

receiving population in this communication network. In con-

trast, the acquired resistance phase exhibited an entirely opposite

trend, characterized by a reduction in immune cell numbers, resur-

gence in the proportion of epithelial cells, and reconfiguration of

the cellular interaction network (Fig. 6 B, supplementary Fig. 4B ). 

CellChat-based analysis of cellular communication networks

revealed dynamic alterations in intercellular signaling pathways

during T-DXd treatment. The treatment-responsive phase was

characterized by activation of MHC class I/II antigen presentation

pathways, interferon (IFN)- γ signaling transduction, and the CXCL

chemokine axis. In contrast, the development of acquired resis-

tance was marked by pronounced reactivation of TGF- β signal-

ing, along with activation of epidermal growth factor (EGF) and fi-

broblast growth factor (FGF)-mediated pathways (Fig. 6 C). These

alterations demonstrate that the cellular communication network

underwent dynamic remodeling during T-DXd treatment. Our in-

vestigation further characterized dynamic alterations in immune

checkpoint molecule (PDCD1, LAG3, TIGIT, and CTLA4) expression

in T cells during treatment. Notably, PD-1 surface expression was

markedly downregulated during the treatment response phase

but significantly upregulated at the onset of acquired resistance

(Fig. 6 D). 

Antigen presentation-related genes are broadly categorized

into MHC class I and II molecules. Systematic analysis of their dy-

namic expression across baseline, treatment-responsive, and re-

sistant phases showed a marked increase in signal intensity for

both MHC class I/II during the treatment-responsive phase. In con-

trast, the resistance phase was characterized by significant impair-

ment of antigen presentation, suggesting a mechanism by which

tumor cells may evade immune detection (Fig. 6 E, supplementary

Fig. 4C ). 

Furthermore, the TGF- β signaling axis emerged as a critical reg-

ulatory network, showing substantial suppression during treat-

ment response but demonstrating reactivated signaling activity

within the TME during resistance progression. Mechanistic analy-

sis identified the TGF β1–TGF βR2 ligand–receptor pair as the dom-

inant molecular interaction driving this pathway reactivation. This

signaling axis predominantly designates T lymphocytes, B lym-

phocytes, and natural killer cells as the main transmitters of TGF- β

signaling, while endothelial cells function as predominant signal

recipients (Fig. 6 F). In conclusion, these results suggest that com-

binatorial immunotherapy during treatment may elicit synergistic

antitumor effec t s. 

Discussion 

The therapeutic landscape for HER2-positive GC is significantly

constrained by the dual mechanisms of primary and acquired re-
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Figure 5 Endogenous CST3 inhibits linker cleavage and impairs payload release. (A) Paired samples obtained from patients who underwent biopsy. 

These images depict the representative images of mIHC, showcasing the expression changes of CTSB, CST3, and HER2. (B) Boxplots depicting the 

expression dynamics of HER2, CTSB, CST3, and MKI67 across the baseline, response, and resistance phases. For each phase, five randomly selected fields 

of view were quantified, and differences among groups were assessed by one-way ANOVA, followed by Tukey’s HSD test. (F = 112/0.2457/48.67/14.44; 

degrees of freedom = 19). (C) Sensitivities of NUGC4 cells expressing control (blue) or CTSB/CST3 siRNAs (red/orange) to T-DXd. Statistical testing was 

performed by one-way ANOVA. CTSB ( n = 3 biological replications; F = 18.46; degrees of freedom = 8; P = 0.0027). CST3 ( n = 3 biological replications; 

F = 283; degrees of freedom = 8; P < 0.0001). (D) Sensitivities of NCI-N87 cells expressing control (blue) or CTSB/CST3 siRNAs (red/orange) to T-DXd. 

Statistical testing was performed by one-way ANOVA. CTSB ( n = 3 biological replications; F = 41.74; degrees of freedom = 8; P = 0.0003). CST3 ( n = 3 

biological replications; F = 78.13; degrees of freedom = 8; P < 0.0001). Asterisks denote statistical significance ( ∗p < 0.05, ∗∗p < 0.01, ∗p < 0.001), and 

"ns" indicates not significant (p ≥ 0.05). 
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Figure 6 Cell communication in patients during pre-treatment, treatment response, and acquired resistance phases. (A) UMAP visualization of cellular 

distribution across baseline, response, and resistance phases, color-coded by cell labels. (B) Stacked bar plot displaying intra-sample cellular 

proportions. (C) RankNet plot comparing relative signaling pathway strengths, with green, orange, and blue denoting significant enrichment in baseline, 

response, and resistance phases, respectively. (D) Violin plot of common immune checkpoint expression levels in T-cell populations stratified by cell 

labels and phases. (E) Heatmap depicting the signaling activity patterns of the Major Histocompatibility Complex Class I (MHC-I) pathway across cell 

populations under three treatment phases. The color gradient (white to red) reflects the relative strength of signaling, with lighter tones indicating 

weaker activity and darker tones representing stronger activity. (F) Violin plot depicting Transforming Growth Factor-beta (TGF- β) signaling pathway 

expression dynamics across all cellular subsets and experimental phases. 
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sistance. Given its direct association with poor clinical outcomes, 

overcoming drug resistance is critical in both clinical practice and 

translational research. Recent advances in single-cell multi-omics 

sequencing have enabled the exploration of tumor heterogene- 

ity at single-cell resolution. To the best of our knowledge, this is 

the first study utilizing single-cell sequencing data from a clini- 

cal cohort of Chinese patients to investigate the potential mech- 

anisms of resistance to T-DXd. In this study, we systematically 

delineated the epithelial heterogeneity and TME remodeling un- 

derlying T-DXd resistance in advanced GC. Through comprehen- 

sive evaluation, MUC3A and CST3 expression was negatively cor- 

related with the T-DXd response and was indentified as a novel 

biomarker for predicting outcomes in GC. These findings provide 

a valuable resource for enhancing our understanding of the mech- 

anisms underlying T-DXd resistance and may facilitate the de- 

velopment of novel therapeutic targets to address this clinical 

challenge. 

Our data strongly demonstrated that MUC3A was a key de- 

terminant of primary resistance to T-DXd in GC patients. Inte- 

grated analysis of gene expression signatures using scRNA-seq 

data nominated MUC3A as a candidate biomarker negatively as- 

sociated with T-DXd response. Subsequent in vitro validation con- 

firmed that downregulation of MUC3A enhanced cellular sensitiv- 

ity to T-DXd in HER2-overexpressing GC cell lines. MUC3A is fre- 

quently overexpressed in GC and is correlated with tumor progres- 

sion, advanced pathological features, and poor prognosis [ 29 ]. 

While previous studies have demonstrated that MUC family mem- 

bers mediate resistance to trastuzumab, with MUC1 promoting re- 

sistance through cytoplasmic domain-dependent PI3K/AKT acti- 

vation and metabolic reprogramming whereas MUC4 confers re- 

sistance by masking HER2 epitopes to impair trastuzumab bind- 

ing and inhibit antibody-dependent cellular cytotoxicity (ADCC) 

[ 24 , 30 ], the role of MUC3A in T-DXd resistance remains unex- 

plored. A study by Xu et al . reported that MUC3A can activate the 

PI3K/AKT/mmechanistic target of rapamycin (mTOR) pathway to 

promote the malignant phenotype of GC, while knockdown of 

MUC3A can block the PI3K/AKT pathway [ 31 , 32 ]. Given that aber- 

rant activation of the PI3K/Akt pathway is a key mechanism un- 

derlying resistance to HER2–targeted agents, we hypothesize that 

MUC3A may contribute to primary resistance to T–DXd by activat- 

ing the PI3K/Akt pathway. Furthermore, we investigated whether 

MUC3A influences the binding of T–DXd to HER2 in vitro . Our re- 

sults demonstrated that silencing MUC3A enhanced the binding 

of T–DXd to the HER2 epitope, suggesting that MUC3A may steri- 

cally hinder HER2 recognition, thereby impairing the binding effi- 

ciency and therapeutic efficacy of T–DXd. Notably, patients with 

low MUC3A expression showed a trend toward greater benefit 

from T-DXd, suggesting that the expression level of MUC3A may 

serve as an additional criterion to optimize treatment selection. 

Moreover, MUC3A expression levels can be readily assessed us- 

ing various technology platforms, supporting its clinical feasibil- 

ity. Analysis of an independent cohort of trastuzumab-treated pa- 

tients also revealed that high MUC3A expression was significantly 

associated with shorter PFS, suggesting that MUC3A overexpres- 

sion may represent a common mechanism limiting the efficacy of 

HER2-directed agents, including both T-DXd and trastuzumab. Col- 

lectively, our data strongly establish MUC3A as a key mediator of 

T-DXd resistance in GC and highlight its potential as both a novel 

predictive biomarker and a promising therapeutic target for over- 

coming resistance in HER2-positive GC. 

Patients inevitably develop resistance during treatment, even 

after an initial response, thereby limiting the therapeutic benefits.

The efficacy of T-DXd relies on efficient lysosomal delivery and en-

zymatic cleavage to release its cytotoxic payload, DXd. Although

lysosomal dysfunction is a known resistance mechanism against

T-DM1 [ 33–35 ], its role in T-DXd resistance in GC remains unclear.

Notably, single-cell sequencing revealed progressively elevated 

CST3 expression during T-DXd treatment, which was validated us-

ing mIHC in paired tumor samples. CST3 naturally inhibits cysteine

proteases like CTSB, which are responsible for cleaving the linker

and releasing the payload from T-DXd [ 36 , 37 ]. Elevated CST3 lev-

els impaired proteolytic processing and payload release, thereby

reducing T-DXd cytotoxicity. Functional validation demonstrated 

that CTSB knockdown conferred resistance to T-DXd in GC cells,

whereas CST3 knockdown enhanced the drug sensitivity, support-

ing the proposed mechanism. To the best of our knowledge, this is

the first study showing that CST3 overexpression contributes to T-

DXd resistance in GC, providing important insights for future ther-

apeutic development. In alignment with previous research identi-

fying TGF- β as a direct transcriptional inducer of CST3 [ 38 ], we ob-

served dynamic changes in TGF- β pathway activity throughout T-

DXd treatment. Specifically, TGF- β signaling was suppressed dur-

ing the initial response phase but was subsequently upregulated

upon the development of acquired resistance. Based on this cor-

relative pattern, we hypothesize that TGF- β signaling may serve as

a key upstream regulator of CST3 expression following T-DXd treat-

ment, although the precise mechanistic details require further val-

idation. Consistent with previous findings, we found a marked de-

crease in HER2 expression levels in tumor cell populations from ac-

quired resistance samples compared with baseline samples, high-

lighting the importance of dynamically monitoring HER2 status

throughout therapy [ 39 ]. Moreover, accumulating evidence sug-

gests that HER2 mutations, along with the associated signaling

activation, may play a functional role in immune regulation [ 40 ].

Furthermore, resistant tumor cells exhibited marked downregula- 

tion of G2 /M checkpoint and cell-cycle genes, facilitating check-

point bypass and sustained proliferation. This aligns with stud-

ies identifying cell cycle/DNA repair pathways as actionable tar-

gets in T-DXd-resistant breast cancer [ 41 ], underscoring the poten-

tial of cell-cycle-targeted strategies to overcome T-DXd resistance

in GC. 

Dynamic crosstalk between the TME and cancer cells is a piv-

otal mechanism underlying resistance to therapy. Extensive stud-

ies have demonstrated that hyperactivation of TGF- β signaling

within the TME drives immune evasion by suppressing T-cell/NK-

cell activity while remodeling the TME to promote tumor pro-

gression and therapy resistance [ 42 ]. PD-1, which is predomi-

nantly expressed on activated T and NK cells, suppresses mul-

tiple phases of the antitumor immune response and functions

as a pivotal regulator of both adaptive and innate immunity

in cancer [ 43 , 44 ]. Clinical trials evaluating the combination of

trastuzumab or T-DM1 with PD-1 blockade have revealed clini-

cally meaningful enhancement in patient outcomes across mul-

tiple tumor types [ 45–47 ]. In our study, CellChat analysis of the

TME revealed that initial T-DXd treatment upregulates MHC-I/II–

mediated antigen presentation and increases secretion of pro-

inflammatory cytokines (e.g. IFN- γ ), thereby creating an immuno-

logically activated microenvironment. However, sustained thera- 

peutic pressure drives adaptive immunosuppressive reprogram- 

ming of the TME, marked by impaired antigen presentation, re-
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ctivation of TGF- β signaling, and upregulation of FGF/EGF path- 

ays. Concomitantly, we observed higher PD-1 levels on tumor- 

nfiltrating immune cells, and the binding of PD-1 to its ligand pro- 

rammed cell death ligand 1 (PD-L1) likely leads to effec tor cell 

xhaustion, helping tumors evade the immune response. These 

indings suggested that the emergence of T-DXd resistance in GC 

ay be driven, in part, by dynamic TME-mediated immune eva- 

ion mechanisms. It has been reported that trastuzumab treat- 

ent can lead to the excessive secretion of TGF- β and IFN- γ . 

hese two factors upregulate PD-L1 on tumor cells and PD-1 on NK 

ells, thereby inhibiting the cytotoxicity of NK cells and promot- 

ng immune escape and drug resistance. Furthermore, the TGF- 

signaling pathway plays a critical role in regulating cell sur- 

ival and proliferation. Its aberrant activation can significantly en- 

ance the epithelial–mesenchymal transition process, ultimately 

ontributing to trastuzumab resistance. Nevertheless, the precise 

echanisms by which the TGF- β and PD-1/PD-L1 pathways medi- 

te T-DXd resistance in GC remain largely unknown, necessitating 

urther investigation. Taken together, prospective immunothera- 

eutic strategies aimed at targeting immune escape, such as in- 

ervention involving the PD-1 and TGF- β pathways, could offer 

 novel and promising clinical approach for patients resistant to 

-DXd. 

T-DXd has revealed a promising effect in GC patients with HER2 

verexpression. Furthermore, our study constructed a detailed 

ellular atlas of GC during T-DXd therapy, delineated cell subpop- 

lations and genes associated with resistance, and explored the 

omplex interactions between tumor cells and their microenviron- 

ent. These insights shed light on the molecular underpinnings of 

-DXd resistance. Specifically, we identified high MUC3A expres- 

ion as a key driver of T-DXd resistance and a biomarker of poor 

rognosis, thereby highlighting its clinical relevance as a prognos- 

ic biomarker. Moving forward, refining patient selection and de- 

eloping rational combination therapies are expected to further 

mprove survival outcomes for GC patients. 

Our study has several limitations. The relatively small sample 

ize, due to the clinical context where T-DXd is currently approved 

s third-line therapy for HER2-positive GC following progression 

n trastuzumab-based regimens, may incompletely capture the 

nter-tumor heterogeneity and microenvironmental differences. 

alidation in larger cohorts is warranted to confirm the broad 

pplicability of these conclusions. Additionally, regarding the ex- 

loratory TME analysis, we intend to further evaluate the thera- 

eutic potential of combining T-DXd with PD-1/PD-L1 inhibitors 

nd anti-TGF- β agents through expanded clinical cohorts and pre- 

linical animal models, with the objective of enhancing clinical ef- 

icacy. 
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