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Integrative multi-omic analysis identified ERBB2 mutations 
and senescence-driven immune suppression as dual 
therapeutic targets in LAR triple-negative breast cancer
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ABSTRACT	 Objective: The luminal androgen receptor (LAR) subtype of triple-negative breast cancer (TNBC) differentiation displays low 
proliferation yet strong metastatic potential and a poor chemotherapy response. This study aimed to define the molecular basis of the 
LAR subtype and identify actionable therapeutic targets.
Methods: Comprehensive multi-omic analyses were performed on the FUSCC-TNBC cohort, integrating whole-exome sequencing, 
RNA sequencing, and functional validation in vitro and in vivo. Somatic mutation profiling, gene set enrichment analysis (GSEA), 
and weighted gene co-expression network analysis (WGCNA) were used to define genomic and transcriptomic signatures. A 
machine learning model using the Mime1 package was applied to derive a senescence-associated prognostic signature (LAR-S) and 
validation in external cohorts. Immune deconvolution was performed to decipher the tumor microenvironment. Functional assays, 
patient-derived organoids (PDOs), and TS/V mouse models were used to evaluate therapeutic responses to senescence-modulating 
agent and immunotherapy combinations.
Results: The LAR subtype was enriched for PIK3CA, PTEN, and ERBB2 kinase domain mutations. Functional studies confirmed 
ERBB2 variants (e.g., V777L and E698_P699delinsA) as oncogenic drivers conferring sensitivity to neratinib. Transcriptomic 
analyses revealed a dominant cellular senescence program associated with immune suppression. The LAR-S signature stratified 
survival across cohorts and predicted immunotherapy resistance. Targeting cellular senescence inhibited LAR subtype organoid 
growth and when combined with anti-PD-1 therapy synergistically suppressed tumor growth in vivo.
Conclusions: The LAR subtype harbors two therapeutic vulnerabilities: ERBB2 mutation-driven kinase activation; and senescence-
mediated immune evasion. The LAR-S signature enables precise patient stratification and supports senescence-targeted and 
immunotherapy combination strategies as promising approaches for this refractory TNBC subtype.

KEYWORDS	 Triple-negative breast cancer; luminal androgen receptor subtype; ERBB2 mutation; cellular senescence; immunotherapy resistance

Introduction
Triple-negative breast cancer (TNBC) is an aggressive and 
highly heterogeneous malignancy that is characterized by the 
absence of estrogen receptor (ER) and progesterone receptor 

(PR) expression, and the lack of HER2 overexpression and 
ERBB2 amplification1. Systemic chemotherapy remains 
the therapeutic backbone for most patients despite recent 
advances with immune checkpoint inhibitors (ICIs) and 
antibody-drug conjugates2. However, the efficacy of these 
treatments is limited, underscoring the urgent need for novel 
therapeutic strategies rooted in a deeper biological under-
standing of the disease.

Transcriptomic profiling has been instrumental in dissect-
ing the heterogeneity of TNBC, leading to the identification 
of distinct molecular subtypes, including the luminal andro-
gen receptor (LAR) subtype3,4. The LAR subtype accounts for 
10%–20% of all TNBC cases and is characterized by andro-
gen receptor (AR) expression and a luminal gene signature. 
Clinically, LAR tumors predominantly affect older patients, 
display a lower Ki-67 proliferation index, and are relatively 
resistant to conventional neoadjuvant chemotherapy4-6. 
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Consequently, targeting the AR directly has been considered 
the most logical therapeutic strategy. However, clinical trials 
with AR antagonists, such as enzalutamide and bicalutamide, 
have yielded only modest response rates, suggesting that AR 
signaling is not the sole oncogenic driver in these tumors and 
that alternative targets are needed7,8.

Multi-omic analyses of large patient cohorts have begun to 
uncover these alternative drivers. Notably, a comprehensive 
genomic and transcriptomic analysis of the Fudan University 
Shanghai Cancer Center TNBC cohort (FUSCC-TNBC) 
revealed that somatic mutations in ERBB2 are significantly 
and almost exclusively enriched within the LAR subtype4. 
These non-amplified ERBB2 kinase domain mutations (e.g., 
L755S and V777L) are known oncogenic drivers that confer 
sensitivity to HER2-targeted tyrosine kinase inhibitors (TKIs), 
such as neratinib and pyrotinib9,10. This finding highlights a 
critical, high-priority therapeutic vulnerability in a distinct 
subset of LAR patients.

In addition to specific genomic alterations, the unique 
clinical presentation of the LAR subtype is characterized by 
a low proliferative index yet the high metastatic potential 

suggests that other biological factors may be involved3,4. This 
paradox aligns with the phenotype of cellular senescence (an 
irreversible cell cycle arrest that explains the low Ki-67 index) 
coupled with the acquisition of a potent, pro-inflammatory 
secretome known as the senescence-associated secretory 
phenotype (SASP)11,12. The SASP is a complex mixture of 
cytokines, chemokines, and proteases that can profoundly 
remodel the tumor microenvironment (TME). By recruiting 
immunosuppressive cells, such as myeloid-derived suppres-
sor cells (MDSCs) and M2-like macrophages, the SASP is a 
powerful mechanism underlying immune evasion and has 
been directly linked to therapeutic resistance and metastatic 
progression13,14.

Herein we sought to define and target the unique molecular 
vulnerabilities of the LAR subtype. Enrichment of actionable 
ERBB2 mutations was validated based on a comprehensive 
multi-omic analysis and functional in vitro evidence that 
these mutations confer sensitivity to next-generation TKIs is 
provided. Furthermore, the LAR transcriptome was shown to 
be significantly enriched for features of cellular senescence. 
Building on this finding, a robust, machine learning-derived 

Study Flowchart  Schematic overview of the study design, including cohort selection, multi-omic analyses, functional experiments, signature 
construction, and therapeutic validation in LAR triple-negative breast cancer.
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senescence-associated prognostic signature that effectively 
risk-stratifies patients was developed and validated. We 
hypothesized that this senescent phenotype creates a targetable 
dependency. Finally, preclinical in vitro and in vivo evidence 
is provided supporting dramatic inhibition of tumor growth 
by combining a senescence inhibitor and anti-PD-1 immuno-
therapy. The current study deciphers the complex biology of 
the LAR subtype of TNBC, identifying both ERBB2 mutations 
and cellular senescence as cooperative, actionable therapeutic 
axes for this refractory disease.

Materials and methods
Ethics approval and patient cohorts

The current study included a multi-omics cohort of patients 
with TNBC from the FUSCC. The FUSCC-TNBC cohort 
was comprised of 465 patients, of whom 360 had RNA-seq 
data available, 401 had copy-number alteration (CNA) data 
available, and 279 had whole-exome sequencing (WES) data 
available. The cohort and biospecimen collection have been 
described previously. All tissue samples were obtained after 
approval by the FUSCC Ethics Committee and each patient 
provided written informed consent for data and tissue use. At 
the time of diagnosis, all tumors were reviewed by experienced 
breast pathologists at FUSCC. TNBC was strictly defined as 
unilateral invasive ductal carcinoma with an ER-, PR-, and 
HER2-negative phenotype. ER and PR negativity were defined 
as <1% positively stained tumor nuclei by immunohistochem-
istry (IHC), in accordance with the 2010 ASCO/CAP guide-
lines15. HER2 negativity was defined as an IHC score of 0 or 
1+, or 2+ without ERBB2 gene amplification by in situ hybridi-
zation, according to the same guidelines. Further details about 
this cohort have been described in our previous study4. The 
Cancer Genome Atlas (TCGA)16, Molecular Taxonomy of 
Breast Cancer International Consortium (METABRIC)17, and 
I-SPY218 cohorts were included for external validation and the 
data were acquired from cBioportal19 and the GEO database 
(GSE194040).

Genomic and transcriptomic data analysis

Somatic mutation data from the FUSCC-TNBC cohort were 
analyzed using the R package, maftools. Oncoplots were 
generated to visualize the mutation landscape. The frequen-
cies of high-prevalence mutations were compared between 
LAR and non-LAR subtypes using Fisher’s exact test. Variant 
allele frequency (VAF) distributions were plotted and somatic 
interaction analysis (co-occurrence and mutual exclusion) 
was performed using Fisher’s exact test. The gene level of the 
copy-number variations (CNVs) was obtained by GISTIC2.0. 
CNV frequencies were compared between LAR and non-LAR 

tumors using a two-tailed Fisher’s exact test to identify LAR-
specific CNVs.

Transcriptomic data analysis

Differential gene expression analysis between LAR and non-
LAR subtypes was performed using the R package, limma or 
DESeq2. Gene Ontology (GO)20 and Kyoto Encyclopedia of 
Genes and Genomes (KEGG)21 pathway enrichment analy-
ses on differentially expressed genes (DEGs) were performed 
using the clusterProfiler22 package. Gene set enrichment anal-
ysis (GSEA) was performed using pre-ranked gene lists against 
the MSigDB23 gene set collections. Single-sample GSEA (ssG-
SEA) was performed using the GSVA R package to calculate 
enrichment scores for specific pathways for each sample. 
Weighted gene co-expression network analysis (WGCNA) 
was performed on the LAR subtype transcriptome using the 
WGCNA R package to identify modules of co-expressed genes. 
CIBERSORT and Immuno-Oncology Biological Research 
(IOBR)24 were used to investigate the features of the TME.

Human and mouse cell lines

Human breast cancer cell lines (MDA-MB-453 and MCF-10A) 
were obtained from the American Type Culture Collection 
[ATCC] (Manassas, VA, USA) and the Guohong Hu labora-
tory (Shanghai Institute of Nutrition and Health, University 
of Chinese Academy of Sciences, Shanghai, China), respec-
tively. The TS/A mouse TNBC cell line was obtained from the 
Yibin Kang laboratory (Princeton University, Princeton, NJ, 
USA). All cell lines were classified as the TNBC LAR subtype, 
as previously described25. Cell viability, mycoplasma contam-
ination, and short tandem repeat analysis were monitored to 
identify cell lines. MDA-MB-453 and TS/A cells were main-
tained in high-glucose DMEM (#L110; Basal Media, Shanghai, 
China) supplemented with 10% FBS (Gibco, Grand Island, NY, 
USA) and 1% penicillin-streptomycin (Basal Media, Shanghai, 
China). MCF-10A cells were maintained in DMEM/F-12 
(Gibco, Grand Island, NY, USA) supplemented with 5% 
horse serum (Gibco, Grand Island, NY, USA), 20 ng/mL EGF 
(PeproTech, Rocky Hill, NJ, USA), 0.5 μg/mL hydrocortisone 
(Sigma-Aldrich, St. Louis, MO, USA), 100 ng/mL cholera toxin 
(Sigma-Aldrich, St. Louis, MO, USA), and 10 μg/mL insulin 
(Basal Media, Shanghai China) at 37°C in a 5% CO2 incubator.

Colony formation assays

MDA-MB-453 cells were seeded in a 6-well plate (2 × 103 
cells/well) and incubated for 2 weeks. Cells were stained with 
0.1% crystal violet (Solarbio, Beijing, China) and washed with 
phosphate-buffered saline. Colonies containing >50 cells were 
counted.
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In vitro cell viability assays

Cells were plated at optimal seeding densities in 96-well plates 
and allowed to adhere overnight to perform cell viability 
assays. The optimal seeding densities were established based 
on each cell line reaching 75%–80% confluence at the end 
of the assay. The day after the cells reached confluence, the 
growth medium was removed and 100 μL of fresh medium 
containing various inhibitors at corresponding concentrations 
was added to each well. After 72 h, cell viability was assessed 
using Cell Counting Kit-8 (#40203ES92; Yeasen). The absorb-
ance was measured at 450 nm (A450).

Three-dimensional (3D) culture and drug 
testing

3D cultures were established using growth facto-reduced 
Matrigel (Corning, Bedford, MA, USA). MCF-10A cells 
were resuspended at 2–5 × 104 cells/mL in ice-cold Matrigel 
and seeded at 2,000–4,000 cells/dome. Cells were seeded on 
a solidified Matrigel layer and overlaid with 2% Matrigel in 
assay medium for Matrigel-on-top assays. Cultures were 
allowed to establish for 3–4 days, then treated with lapatinib, 
neratinib, afatinib, or pyrotinib (0.5–2 μM; DMSO ≤0.1%) 
and refreshed every 48–72 h. Phase-contrast images were 
acquired on days 7–10 using an inverted microscope (CKX53, 
Olympus, Tokyo, Japan) under identical exposure condi-
tions. Viability was measured using CellTiter-Glo (G9628; 
Promega, Madison, WI, USA) according to the manufactur-
er’s instructions.

Transplantation models

Female BALB/c and nude BALB/c mice (5–6 weeks old) 
were obtained from Shanghai Jihui Laboratory Animal Care 
(Shanghai, China). To establish allograft models, 5 × 105 TS/A 
mouse breast cancer cell lines were injected into the mammary 
fat pad region of each BALB/c mouse. Mice were housed in 
a specific pathogen-free facility with individually ventilated 
cages under 12-h light/dark cycles at an ambient temperature 
of 20–22°C and humidity of 60 ± 10%. The mice were pro-
vided with a standard rodent diet (1010013; Jiangsu Xietong 
Pharmaceutical Bio-engineering, Jiangsu, China) and water ad 
libitum.

Organoid culture

Human breast cancer organoids were stored in a biobank 
following a previously published protocol26. The organoids 
were resuscitated from the biobank and resuspended in BME 
type-2 medium (3533-010-02; Trevigen). Then, the suspen-
sion was plated in a 300-μL drop within a 12 mm, 0.4 μm 

inner Transwell chamber (Corning). The drop was solidified 
by a 30-min incubation at 37°C and 5% CO2 with 1 mL of 
breast cancer organoid medium [(Advanced DMEM/F12 
supplemented with R-spondin-1, 500 ng/mL; PeproTech, 
Rocky Hill, NJ, USA), Noggin (100 ng/mL; PeproTech), 5 nM 
Neuregulin (PeproTech), 5 nM estradiol (Sigma-Aldrich, St. 
Louis, MO, USA), 1 mM HEPES (Gibco, Grand Island , NY, 
USA), 1X GlutaMAX (Gibco), 5 mM nicotinamide (Sigma), 
N-acetylcysteine (1.25 mM; Sigma), 1X B-27 (Gibco), A83-01 
(0.5 mM; Tocris), 1X Primocin (InvivoGen), SB-202190 (500 
nM; Selleck Chemicals, Houston, TX, USA), 5 mM Y27632 
(Selleck), FGF10 (20 ng/mL; PeproTech), FGF7 (5 ng/mL; 
PeproTech) and EGF (5 ng/mL; PeproTech)].

In vivo mouse studies

All animal experiments were performed in accordance with 
protocols approved by the Research Ethical Committee of 
FUSCC (FUSCC-IACUC-S2025-0679). The in vivo exper-
imental protocols were reviewed and approved by the 
Institutional Animal Care and Use Committee. Mice with 
transplanted tumors were randomly divided into 4 groups: (1) 
treatment with 0.2% carboxymethyl cellulose and 0.1% Tween 
80; (2) treatment with NMN (300 mg/kg, oral gavage daily); 
(3) treatment with DMSO plus anti-PD-1 antibody (#BE0146, 
clone RMP1-14, 200 μg; BioXcell), injected intraperitoneally 
on days 3, 7, 10, and 14; and (4) treatment with NMN plus 
anti-PD-1 antibody. Tumor size was measured daily. Tumor 
volume in mm3 was calculated using the following formula: 
tumor volume = 0.5 × L × W2, where L is the longest dimen-
sion and W is the perpendicular dimension. Tumor weights 
among the four treatment groups (control, anti-PD-1, NMN, 
and combination) were compared using one-way ANOVA fol-
lowed by Tukey’s post hoc multiple-comparison test. Data are 
presented as the mean ± SEM.

Machine learning signature development

Senescence-related genes derived from the LAR-specific 
WGCNA modules were used as the initial feature pool for 
prognostic modeling. Prognostic modeling was performed 
using the Mime R package, which systematically evaluates 
101 combinations of 10 established machine learning algo-
rithms, including random survival forest (RSF), LASSO, 
Ridge, Elastic Net, gradient boosting machine (GBM), 
SuperPC, CoxBoost, stepwise Cox regression (StepCox), 
survival support vector machine (survival-SVM), and partial 
least squares Cox regression (plsRcox)27. The FUSCC-TNBC 
cohort (n = 360) was randomly split into a training set (70%) 
and an internal validation set (30%). Hyperparameters for 
each candidate model were tuned by k-fold cross-valida-
tion within the training set and Harrell’s concordance index 
(C-index) was used to quantify predictive performance. The 
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algorithmic combination with the highest cross-validated 
C-index in the training set was selected as the final LAR-S 
model and subsequently evaluated in the held-out FUSCCT-
NBC validation set and in two external TNBC cohorts 
(TCGA-BRCA and METABRIC) as independent test sets. 
The final model was used to compute a LAR-S risk score for 
every patient in each cohort and patients were dichotomized 
into high- and low-risk groups according to the cohort-
specific median LAR-S score.

Quantification and statistical analysis

The normality of continuous variables was assessed using 
the Shapiro–Wilk test. Differences between two groups were 
analyzed using the unpaired Student’s t-test for approximately 
normally distributed data. The Wilcoxon rank-sum (Mann–
Whitney U) test was applied for non-normally distributed 

data. One- or two-way ANOVA followed by Tukey’s post 
hoc test was used for comparisons involving more than two 
groups in in vitro drug-sensitivity assays. All cell-based in 
vitro experiments were independently repeated at least three 
times in triplicate and data are presented as the mean ± SEM 
unless otherwise indicated in the figure legends. Two-sided 
P values < 0.05 were considered statistically significant and 
detailed P values and sample sizes are reported in the main 
and supplementary figure legends. P values were adjusted 
for multiple testing using the Benjamini-Hochberg method 
to control the false discovery rate (FDR) for high-throughput 
omics data analyses, including differential gene expression, 
pathway enrichment analysis, and genome-wide mutation 
frequency comparisons. A significance threshold of adjusted 
P < 0.05 (or q-value < 0.25 for GSEA, as per standard recom-
mendations) was applied. Raw P values derived from Fisher’s 
exact test or the Wilcoxon rank-sum test are reported for 
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Figure 1  Clinicopathologic characteristics and study workflow for TNBC LAR and non-LAR subtypes. (A) Schematic diagram of the overall 
study design and analytical workflow. (B, C) Distribution of clinicopathologic variables between LAR and non-LAR subtypes, presented as ridge 
plots. (B) Patient age at the time of diagnosis, (C) Ki-67 proliferation index. (D) Bar plot demonstrates comparison of lymph node status (N 
stage) between LAR and non-LAR subtypes. (E, F) Distribution of clinicopathologic variables between LAR and non-LAR subtypes, presented 
as ridge plots of (E) sTILs and (F) iTILs. (G) Bar plot demonstrates comparison of histologic grade (Grade) between LAR and non-LAR subtypes. 
iTILs, intratumoral tumor-infiltrating lymphocytes; sTILs, stromal tumor-infiltrating lymphocytes. Continuous variables were compared using 
the Wilcoxon rank-sum test, and categorical variables were compared using the χ2 or Fisher’s exact test, as appropriate. Significance levels are 
denoted as follows: ns, not significant; *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.
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comparisons of baseline clinical characteristics. All figures 
were created by R software (http://www.R-project.org, ver-
sion 3.5.2), Sangerbox Tools28, and BioGDP29. All statistical 
analyses were performed with R software or GraphPad Prism 
software (version 9.0).

Result
Clinical and pathologic characteristics of 
TNBC patients with LAR and non-LAR 
subtypes

The study design and analytical workflow are summarized in 
Figure 1A. We first analyzed and compared the clinicopatho-
logic characteristics between patients with LAR and non-LAR 
subtypes. Significant differences were demonstrated between 
the two groups with respect to age at the time of diagnosis, 
menopausal status, histologic grade, Ki-67 proliferation index, 
and lymph node status.

Patients with the LAR subtype were generally older with 
51.85% diagnosed at >60 years of age compared to 19.71% in 
the non-LAR subtype (P < 0.001; Table S1). Consequently, 
most LAR cases occurred in postmenopausal women, whereas 
pre- and post-menopausal cases were nearly equal among 
non-LAR patients (80.25% vs. 56.99%; P < 0.001). Analysis of 
the Ki-67 proliferation index showed that LAR tumors exhib-
ited a significantly lower proliferative activity than non-LAR 
tumors. Among LAR patients, 17.28% had a Ki-67 index <14% 
compared to 5.02% in non-LAR cases (P < 0.001). Despite this 
lower proliferative index, no significant difference was detected 
in tumor size between the two groups (35.80% vs. 36.56%; 
P = 1). Greater than one-half of the LAR tumors had lymph 
node metastasis (54.32%), whereas only 35.48% of non-LAR 
cases exhibited nodal involvement (P < 0.001). These findings 
collectively suggested that the LAR subtype is associated with 
older age, postmenopausal status, better differentiation, lower 
proliferative activity, and a higher likelihood of lymph node 
metastasis compared to the non-LAR subtype, while showing 
no significant differences in stromal tumor-infiltrating lym-
phocytes (sTILs) and intratumoral tumor-infiltrating lympho-
cytes (iTILs). Although TNBCs are generally characterized by 
poor differentiation, there was a significant difference in his-
tologic grade distribution between the two subtypes (Figure 
1B – 1G). In the LAR group, 32.10% of tumors were grade 
≤2 compared to only 13.62% in the non-LAR group (P < 
0.001), indicating that LAR tumors are more likely to be well-
differentiated. In LAR patients with WES data, ERBB2-mutant 
tumors alone exhibited a non-significant trend toward occur-
rence in older, post-menopausal women compared to ERBB2 
wild-type cases with no clear differences in tumor size, Ki-67, 
grade or nodal status, which likely reflected the limited num-
ber of mutant cases (Table S2).

Genomic landscape of the TNBC LAR subtype 
and comparison with the non-LAR subtype

The somatic mutation landscapes of 56 LAR tumors were 
characterized and compared to 188 non-LAR tumors to delin-
eate the genomic drivers of the LAR subtype (Figures  2A and 
S1A). The overall landscape of the LAR subtype was domi-
nated by high-frequency mutations in TP53 (61%), PIK3CA 
(50%), PTEN (18%), KMT2C (16%), and TTN (12%). Next, a 
comparative analysis of mutation frequencies between the two 
subtypes was performed (Figure 2B). This analysis revealed 
a striking enrichment of oncogenic mutations within the 
LAR cohort. Most notably, activating mutations in PIK3CA 
were significantly more prevalent in the LAR subtype than in 
the non-LAR subtype (50% vs. 9%; P < 0.001). Furthermore, 
somatic mutations in ERBB2, a clinically actionable target, 
were identified in 9% of LAR cases but were completely absent 
from the non-LAR group (P < 0.001; Table S3) and additional 
ERBB2 mutations from TCGA selected for functional valida-
tion based on their in-frame structural alterations. Conversely, 
TP53 mutations, while common in both subtypes, were sig-
nificantly less frequent in LAR tumors compared to non-LAR 
tumors (61% vs. 79%; P = 0.008).

Despite these differences in specific driver genes, the over-
all tumor mutation burden (TMB) was not significantly dif-
ferent between the two subtypes with a median TMB of 0.84 
mutations/Mb in the LAR group and 1.18 mutations/Mb in 
the non-LAR group (Figure S1B and S1C). Analysis of the 
VAF demonstrated that key driver mutations, including TP53, 
PIK3CA, and ERBB2, exhibited a median VAF between 0.2 
and 0.5, suggesting that these are clonal events, in contrast 
to the broader VAF distribution in the non-LAR subtype 
(Figures 2C and S1D). Somatic interaction analysis within 
the LAR cohort revealed patterns of co-mutation and mutual 
exclusivity (Figures 2D and S1E). A significant co-occurrence 
was noted between mutations in ATR and TTN (P < 0.01), two 
critical components of the DNA damage response and PI3K 
signaling pathways, respectively.

The genomic and transcriptomic status of key genes within 
the PI3K-AKT-mTOR signaling pathway were investigated 
given the profound enrichment of PIK3CA mutations. CNV 
analysis revealed that the LAR subtype exhibited a significantly 
lower frequency of copy number loss and deletion in PIK3R1 
compared to the non-LAR group. In addition, the LAR sub-
type displayed a higher frequency of PDPK1 and AKT1 gains 
and amplifications (Figure 2E). mRNA expression analysis 
confirmed activation of this pathway at the transcriptomic 
level, which was consistent with the genomic data (Figure 2F). 
PIK3R1, PDPK1, AKT1, TSC2, and MTOR expression was, on 
average, significantly higher in the LAR subtype than the non-
LAR subtype (P < 0.001 for all), supporting the hypothesis that 
dysregulation of the PI3K-AKT pathway is a hallmark charac-
teristic of the TNBC LAR subtype.
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Figure 2  Genomic landscape of the LAR subtype of TNBC and multi-omic analysis of the PI3K-AKT pathway. (A) Oncoplot visualizing the 
somatic mutation landscape of the LAR subtype. (B) Bar plot comparing the high-frequency mutations between the LAR and non-LAR sub-
types. (C) VAFs for key driver mutations identified in the LAR subtype. (D) Correlation heatmap illustrating patterns of co-occurrence and 
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Functional validation of ERBB2 mutations in 
LAR models identifies differential pathway 
activation and TKI response

Based on the finding that ERBB2 somatic mutations are sig-
nificantly enriched in the LAR subtype, we next sought to 
functionally characterize these specific mutations. Stable 
ERBB2-mutant lines were generated in the LAR cell context 
(MDA-MB-453) and in MCF-10A to interrogate signaling 
output, growth phenotypes, and TKI response.

First, we assessed activation of the HER2 signaling path-
way via western blot. All tested mutations increased HER2-
axis phosphorylation to varying degrees (Figure 3A). In 
MDA-MB-453 cells, V777L and L755S enhanced HER2 
Tyr1221 and downstream AKT Ser473 phosphorylation with 
minimal effect on HER2 Tyr1248. D769Y increased both 
Tyr1221/Tyr1248 and augmented PLCγ Tyr783 and p44/42. 
MAPK Thr202, E698_P699delinsA, and Y1127_A1129del 
boosted Tyr1221/Tyr1248 and PLCγ phosphorylation. G660_
V665dup preferentially enhanced Tyr1248, PLCγ, and p44/42 
MAPK. In MCF-10A cells, V777L, D769Y, and G660_V665dup 
robustly increased Tyr1221/Tyr1248 and PLCγ. L755S as well 
as E698_P699delinsA produced moderate increases with 
downstream AKT activation. These data collectively supported 
E698_P699delinsA, V777L, and L755S as activating alterations 
in this setting. An immunofluorescence assay showed that 
ERBB2 mutations had no significant effect on the subcellular 
localization of the HER2 protein (Figure S1F).

The oncogenic potential of these mutations was investi-
gated next. E698_P699delinsA, V777L, L755S, and D769Y 
markedly increased clonogenic growth in MDA-MB-453 cells, 
whereas G660_V665dup and Y1127_A1129del had a minimal 
impact (Figure 3B and 3C). In 3D spheroid cultures, which 
better mimic in vivo growth conditions, L755S enhanced 
spheroid formation in MCF-10A cells and E698_P699delinsA 
induced an irregular, dysmorphic acinar structure consistent 
with a more aggressive phenotype. V777L/Y1127_A1129del/
G660_V665dup produced spheroids comparable to wild-type 
(Figure 3D and 3E).

Finally, the therapeutic potential of four different HER2 
TKIs against these activating mutations was assessed. Drug 
sensitivity assays in MDA-MB-453 cells revealed distinct 
response profiles. All mutations, except L755S, conferred sen-
sitivity to lapatinib. Conversely, all mutations, except D769Y, 

showed sensitivity to neratinib, with V777L and Y1127_
A1129del the most sensitive. No significant inhibition was 
observed for afatinib or pyrotinib across any of the mutant cell 
lines (Table S4).

Taken together, these results functionally validated ERBB2 
mutations in the LAR subtype as oncogenic drivers that acti-
vate HER2 signaling and promote malignant growth. Indeed, 
ERBB2 mutations confer distinct sensitivity and resistance 
patterns to TKIs, identifying L755S as a potential lapatinib-
resistance mutation and highlighting neratinib as a promising 
agent for other LAR-associated ERBB2 mutants, including the 
novel, highly aggressive E698_P699delinsA mutation.

The TNBC LAR subtype is characterized 
by a senescent phenotype and an immune-
suppressed microenvironment

Although actionable ERBB2 mutations constitute a key vulner-
ability in a subset of LAR tumors, the relatively low prevalence 
prompted us to interrogate the broader transcriptomic land-
scape to identify therapeutic targets with wider applicability.

GSEA was performed on the differential expression 
between the LAR and non-LAR subtypes, which revealed 
that in addition to the expected upregulation of the andro-
gen response pathway (NES = 2.39; P < 0.001), LAR tumors 
were significantly enriched for metabolic pathways, including 
fatty acid metabolism (NES = 2.30; P < 0.001) and bile acid 
metabolism (NES = 1.96; P < 0.001; Figure 4A). Conversely, 
pathways related to the cell cycle and MYC targets were signif-
icantly downregulated in LAR tumors (Figure 4B). GO analy-
sis further confirmed this metabolic reprogramming, showing 
upregulation of pathways, such as tyrosine metabolism and 
steroid hormone biosynthesis (Figure S1G and S1H).

We hypothesized that these tumors are characterized by 
a cellular senescence program given that the LAR subtype 
patients are often older and have a chemoresistant phenotype. 
We first examined the expression of key genes associated with 
the SASP. A differential expression heatmap and bubble plot 
confirmed that multiple canonical SASP genes (e.g., IL-6, 
IL-8, IL-1A, MMP3, and CSF2) were upregulated in the LAR 
subtype relative to the non-LAR subtype (Figure 4C). To val-
idate this at the pathway level, ssGSEA was performed using 
senescence-associated gene sets from MSigDB. This analysis 
demonstrated that scores for GOBP cellular, WP cell, and 

mutual exclusivity among frequently mutated genes in the LAR subtype. (E) Proportional stacked bar plot comparing the distribution of CNV 
status (amplification, gain, neutral, loss, and deletion) for key PI3K-AKT pathway genes (PIK3R1, PDPK1, AKT1, KMT2C, and MTOR) between 
LAR and non-LAR subtypes. (F) Boxplots comparing the corresponding mRNA expression of the PI3K-AKT pathway genes from the LAR and 
non-LAR subtypes. CNV, copy number variation; VAFs, variant allele frequencies. Significance of mutation frequency differences was deter-
mined by Fisher’s exact test with P values adjusted using the Benjamini-Hochberg method to control the FDR. Significance levels are denoted 
as follows: ns, not significant; *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.
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Figure 3  Functional validation and therapeutic targeting of LAR-associated ERBB2 mutations. (A) Western blot analysis of HER2-PI3K-AKT 
pathway activation in MDA-MB-453 and MCF-10A cell lines stably expressing empty vector (EV), wild-type (WT) ERBB2, or specified ERBB2 
mutations. (B) Representative images of colony formation assays for MDA-MB-453 cells expressing EV, WT ERBB2, or ERBB2 mutations, 
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Reactome cellular senescence were significantly elevated in 
LAR tumors (Figure 4D–F). In contrast, pathways indicating 
negative regulation of senescence were decreased (Figure 4G).

To further delineate the intrinsic biology of the LAR subtype 
and its relation to senescence and prognosis, WGCNA was per-
formed exclusively on LAR tumor transcriptomes. This anal-
ysis identified distinct modules of highly co-expressed genes. 
Module eigengenes (MEs) were correlated with clinical traits 
and key modules associated with LAR features and relapse-
free survival (RFS) were identified (Figure 4H). Enrichment-
network analysis was then performed on hub genes from these 
clinically relevant modules. This analysis revealed two bio-
logical super clusters. The first cluster was strongly enriched 
for senescence-associated processes, including DNA-damage 
checkpoint, cell-cycle arrest, and histone modification/chro-
matin organization. The second cluster was characterized by 
profound downregulation of immune pathways. Key pro-
cesses, including T-cell activation, B cell-mediated immunity, 
and regulation of type I interferon production, were negatively 
correlated with the senescent phenotype (Figure 4I).

Taken together, these transcriptomic analyses converge on 
a key finding. Specifically, the LAR subtype is defined by a 
robust cellular senescence program coupled to a “cold,” immu-
nosuppressed TME. This dual phenotype may underlie the 
characteristic low proliferation, high metastatic potential, and 
chemoresistance of the TNBC LAR subtype.

Development and validation of a LAR-
senescence signature (LAR-S)

Based on the transcriptomic findings that the LAR subtype 
exhibits a robust cellular senescence program, we sought 
to develop a prognostic signature derived from these senes-
cence-associated genes from MsigDB (Table S5). The FUSCC-
TNBC cohort was used as the discovery dataset, randomly 
partitioning the cohort into a training set (70%) and an inter-
nal validation set (30%). An extensive machine-learning pipe-
line with the Mime package was used to evaluate 101 survival 
modeling algorithm combinations. The concordance index 
(C-index) for each model in the training and validation sets 
is shown in Figure 5A. The LASSO + random survival for-
est (RSF) combination was selected as the optimal model and 
yielded the LAR-S signature, demonstrating robust predictive 
performance (C-index = 0.89 in the training set; C-index = 

0.68 in the internal validation set). To identify the most critical 
drivers within this signature, the variable importance (VIMP) 
derived from the optimal RSF model was analyzed (Figure 
5B). The analysis revealed that genes, such as LTC4S, PDHA2, 
MYL4, ABCG4, and RRP8, were among the top contributors to 
the predictive accuracy of the model (Table S6).

We next validated the prognostic performance of the LAR-S 
score. Patients in each cohort were stratified into high- and 
low-risk groups based on the optimal cut-off derived from the 
FUSCC-TNBC training set. Kaplan–Meier analysis confirmed 
that low-risk patients had significantly better relapse-free 
survival (RFS) in the FUSCC-TNBC cohort (P = 0.03, HR = 
0.44, 95% CI = 0.21–0.95; Figure 5C). The prognostic value 
of the signature was independently validated in two external 
cohorts. Low-risk patients showed significantly better overall 
survival (OS) in the TCGA cohort (P = 0.01, HR = 0.35, 95% 
CI = 0.15–0.82; Figure 5D) and the METABRIC cohort (P = 
0.02, HR = 0.67, 95% CI = 0.48–0.94; Figure 5E). To further 
assess whether the LAR-S signature serves as an independent 
prognostic indicator, multivariate Cox regression analysis was 
performed incorporating key clinicopathologic factors and 
molecular subtype (Figure 5F). The LAR-S score remained a 
significant predictor of relapse-free survival (HR = 1.33, 95% 
CI = 1.02–1.64; P < 0.05), independent of traditional clinical 
parameters. These findings confirmed that the LAR-S signa-
ture captures prognostic information beyond conventional 
pathologic variables and can serve as a robust, independent 
biomarker for outcome stratification in TNBC.

Finally, the association between the LAR-S signature and 
established molecular subtypes was investigated. The high-
risk LAR-S group was predominantly composed of LAR tum-
ors in the FUSCC-TNBC cohort (78.5%), whereas the low-risk 
group was enriched for non-LAR tumors (81.5%; Figure 5G). 
This association was validated in the TCGA cohort, where 
71.5% of LAR tumors were high-risk and 76.5% of non-LAR 
tumors were low risk (Figure 5H).

Immune contexture of LAR tumors and 
clinical implications of the LAR-S signature

The immune landscape of the LAR subtype was investigated 
given that the LAR-S signature is derived from senescence-
associated genes, which are known to modulate the TME. 
The IOBR package was used to analyze bulk transcriptomic 

assessing oncogenic transformation potential. (C) Bar plot quantifying the colony formation. Data are presented as the mean ± SD from three 
independent experiments. (D) Representative images of 3D spheroid cultures of MCF-10A cells harboring different ERBB2 constructs, treated 
with vehicle (DMSO) or a panel of HER2 TKIs (lapatinib, neratinib, afatinib, and pyrotinib). (E) Heatmap summarizing relative viability under TKI 
treatment 3D spheroid cultures. EV, empty vector; WT, wild-type; TKIs, tyrosine kinase inhibitors. Data are presented as mean ± SD. Statistical 
significance was determined using one-way ANOVA followed by Tukey’s multiple comparisons test. Significance levels are denoted as follows: 
ns, not significant; *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001. Scale bar: 200 μm.
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Figure 4  Transcriptomic profiling reveals a distinct cellular senescence signature in the LAR subtype. (A, B) GSEA plots for representative 
hallmark pathways (A) upregulation and (B) downregulation in the LAR subtype compared to the non-LAR subtype. Significant pathways were 
identified based on an FDR q-value < 0.25. (C) Expression analysis of SASP genes. Left: Heatmap displaying the normalized expression of SASP 
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data using multiple deconvolution algorithms (CIBERSORT, 
EPIC, MCP, and TIMER). This analysis revealed that the LAR 
subtype generally exhibits an immunosuppressed phenotype 
that is characterized by significantly lower infiltration of 
immune-activating cells, such as NK and CD8+ T cells, com-
pared to the non-LAR subtype (Figure 6A).

We hypothesized that the LAR-S signature, which is strongly 
correlated with the LAR subtype (Figure 5F and 5G), could 
serve as a surrogate of this immunosuppressed state and pre-
dict response to immunotherapy. Furthermore, we analyzed 
the publicly available I-SPY2 clinical trial cohort, focusing on 
TNBC patients who received ICI therapy. We first compared 
LAR-S scores between patients who achieved a pathologic 
complete response (pCR) and those who did not (non-pCR). 
As hypothesized, the non-pCR group exhibited significantly 
higher LAR-S scores than the pCR group (P < 0.001), indi-
cating that a high senescence score is associated with reduced 
ICIs responsiveness (Figure 6B). To probe the biological 
basis of this reduced responsiveness, we visualized ssGSEA 
scores for the LAR-S signature and multiple canonical senes-
cence-associated pathways, including SASP, senescence and 
autophagy in the I-SPY2 cohort. The heatmap demonstrated 
that non-pCR patients consistently displayed higher enrich-
ment across senescence-related pathways than pCR patients 
(Figure 6C). We then explored the relationship between 
LAR-S and TME immune pathways specifically within the 
pCR group. Correlation analysis revealed a negative associa-
tion between LAR-S and immune-activating pathways (Figure 
6D). Specifically, higher LAR-S scores correlated with lower 
T-cell mediated immunity, an IFN-γ response, and STAT1 sig-
naling (P < 0.05). These findings reinforce the notion that the 
senescence signature captures a TME phenotype characterized 
by profound immunosuppression and attenuated T-cell activa-
tion, which helps explain the reduced ICI responsiveness.

Based on the finding that the high-risk LAR phenotype 
is characterized by both senescence and immunosuppres-
sion, we hypothesized that pharmacologic modulation of 
senescence could resensitize LAR tumors to immunother-
apy. First, LAR patient-derived organoids (PDOs) were 
collected from our center and drug-sensitivity assays were 
performed. Treatment with a senescence-targeting agent 
significantly reduced viability and inhibited growth in LAR 

subtype PDOs, supporting a dependency on the senescent 
state (Figure 6E and 6F). Finally, this finding was translated 
in vivo using a TS/V orthotopic xenograft model. Mice were 
treated with vehicle control, NMN (an NAD+ precursor 
used here as a senescence-modulating agent), anti-PD-1, 
or the combination of NMN plus anti-PD-1 therapy. While 
both monotherapies partially delayed progression, the com-
bination produced a markedly greater suppression of tumor 
growth. The tumor weight in the combination group was sig-
nificantly lower than the control (P < 0.0001), and anti-PD-1 
(P < 0.0001) and NMN monotherapy groups (P = 0.0007) at 
the endpoint, whereas the difference between anti-PD-1 and 
NMN alone was not significant (P = 0.52), indicating that 
senescence modulation with NMN can overcome resistance 
and synergize with anti-PD-1 checkpoint blockade in LAR 
tumors (Figure 6G–I).

Discussion
TNBC presents a significant clinical challenge due to inher-
ent heterogeneity and aggressive nature. The identification 
of molecular subtypes, including the LAR subtype, has been 
a critical step towards precision oncology. However, the LAR 
subtype remains an enigma. Specifically, the LAR subtype 
is clinically defined by features of lower proliferation (low 
Ki-67) and older age, yet the LAR subtype exhibits high rates 
of lymph node metastasis and profound resistance to conven-
tional neoadjuvant chemotherapy30. This paradox highlights 
a clear unmet need for effective, subtype-specific therapeutic 
strategies.

The most intuitive target in LAR subtype, the AR, has 
unfortunately been shown limited efficacy in clinical trials. 
Studies with AR antagonists, like enzalutamide, bicalutamide, 
and darolutamide, have resulted in only modest response rates 
[clinical benefit rate (CBR) < 30%], suggesting AR signaling 
is not the sole oncogenic driver, especially when patients are 
selected by AR IHC positivity alone7,8,31. Other strategies tar-
geting associated pathways, such as CDK4/6 or PI3K inhib-
itors, are also under active investigation but have not yet 
become a standard of care, further necessitating the discovery 
of novel therapeutic vulnerabilities32-34.

genes across LAR and non-LAR samples. Right: Bubble plot visualizing the log2FC for each SASP gene. DEGs were defined by a |log2FC| > 1 
and an FDR-adjusted P < 0.05. (D–G) Boxplots comparing the ssGSEA enrichment scores for senescence-related gene sets: (D) GO BP: cellular 
senescence; (E) WikiPathways: cell senescence; (F) Reactome: cellular senescence; (G) GO BP: negative regulation of cellular senescence from 
MSigDB between LAR and non-LAR subtypes. (H) WGCNA performed on the LAR subtype cohort. The heatmap displays the Pearson corre-
lation coefficients and corresponding P values for module eigengenes (MEs, rows) against clinicopathological traits (columns). (I) Functional 
enrichment network of genes within the senescence-associated module. Nodes represent enriched pathways, sized by significance, and 
edges indicate gene overlap between terms. GSEA, gene set enrichment analysis; SASP, senescence-associated secretory phenotype; ssGSEA, 
single-sample GSEA; WGCNA, weighted gene co-expression network analysis. Significance levels are denoted as follows: ns, not significant;  
*P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.



386� Zhao et al. ERBB2 mutations and senescence in LAR TNBC

0.5
FUSCC-TNBC (RFS)
P = 0.03
HR = 0.44
95% CI (0.21, 0.95)

TCGA (OS)
P = 0.01
HR = 0.35
95% CI (0.15, 0.82)

METABRIC (OS)
P = 0.02
HR = 0.67
95% CI (0.48, 0.94)

0.8

1.0

Su
rv

iv
al

 p
ro

ba
bi

lit
y

0.0

0.3

0.5

0.8

1.0

Su
rv

iv
al

 p
ro

ba
bi

lit
y

0.0

Tumor size

Multivariable Cox model

Hazard ratio (log scale)

FUSCC-TNBC TCGA
Low risk

LAR
Training set

FUSCC-TNBC Value

Validation set
Mean C-index in all sets

C-index 0.9 0.8 0.7 0.6

Mean C-index in validation sets

Non-LAR LAR
0

25

50

75

100

Pe
rc

en
ta

ge
 (%

)

0

25

50

75

100
21.5% 28.5%

71.5%

76.5%

23.5%

78.5%

18.5%

81.5%

Pe
rc

en
ta

ge
 (%

)

Non-LAR

High risk

Subtype (ref. LAR)
LN positive

LAR-signature

Age

1.63 (0.90–2.97)
1.49 (0.70–3.19)
3.23 (1.76–5.94)
1.33 (1.02–1.64)
0.99 (0.97–1.02)

0.1 0.2 0.5 1 2 5 10

0.3

0.5

0.8

1.0

LTC4S
PDHA2
MYL4

ABCG4
RRP8
PGF

NOS1
APCG

en
e

NOD1
THBS1
BOLA2

S100A12
CSF3
BATF3

Su
rv

iv
al

 p
ro

ba
bi

lit
y

0.0

0.3

0.0 0.2 0.4

B

C

E

F

G H

D

A

Variable importance
0.6 0.8

Low risk High risk

Figure 5  Development and validation of a LAR-senescence signature (LAR-S). (A) Heatmap illustrating the performance of 101 machine 
learning model combinations, evaluated via 10-fold cross-validation in the training cohort to identify the optimal algorithm for signature 
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In this study we performed a comprehensive multi-omic 
and functional analysis to decipher the unique biology of the 
TNBC LAR subtype and identified new actionable targets. 
We uncovered two distinct, therapeutically relevant axes. 
First, validating and extending the foundational work by 
Jiang et al.4, we confirmed that a subset of LAR tumors (9% 
in our cohort) is uniquely enriched for somatic ERBB2 muta-
tions (Figures 2A and S1A). Importantly, these are non-am-
plified kinase domain mutations, distinct from the typical 
HER2+ breast cancer. Our functional analyses demonstrated 
that these mutations are not passenger events. In fact, these 
mutations are bona fide oncogenic drivers that differen-
tially activate the PI3K-AKT and PLCγ-MAPK pathways. 
These mutations confer distinct sensitivity profiles to HER2-
targeted TKIs (Figure 3D and 3E, Table S4). For exam-
ple, we identified L755S as a potential lapatinib-resistance 
mutation, while confirming V777L and the novel mutation, 
E698_P699delinsA, as sensitive to neratinib. This finding has 
immediate translational implications because and suggests 
that genomic screening for ERBB2 mutations, a practice not 
standard in HER2-negative disease, could identify a signifi-
cant fraction of LAR patients who may benefit from existing 
TKIs. This finding aligns with the growing recognition of 
ERBB2 mutations as actionable targets across various “HER2-
low” or “-negative” solid tumors35,36. Importantly, the ERBB2 
alterations observed in the FUSCC-TNBC cohort arise in 
ERBB2 non-amplified TNBC and are biologically distinct 
from classical HER2-positive breast cancer driven by ERBB2 
gene amplification and HER2 protein-overexpression. High-
level receptor overexpression promotes ligand-independent 
HER2 dimerization in ERBB2-amplified tumors and broad 
activation of PI3K-AKT and RAS-MAPK signaling, which 
is optimally targeted by trastuzumab-based antibody reg-
imens. By contrast, the TNBC LAR subtype in the current 
study harbors somatic kinase-domain ERBB2 mutations (for 
example, L755S and V777L) in the context of normal copy 
number, which is consistent with prior reports of activating 
HER2 mutations in HER2-negative breast cancer and associ-
ated with a distinct pattern of TKI sensitivity. Our functional 
data therefore support TKI-based precision therapy specif-
ically for the ERBB2 mutant (ERBB2 non-amplified TNBC 
LAR subtype), rather than extrapolation of antibody-based 
strategies used for ERBB2-amplified disease.

While ERBB2 mutations offer a clear path for a subset of 
patients, most LAR tumors lack this specific alteration. This 
prompted us to investigate the broader biological state that 
defines the LAR subtype. Our transcriptomic analysis pro-
vided a compelling answer. The LAR subtype is characterized 
by a robust cellular senescence program. This finding mecha-
nistically links several subtype-defining clinical features. The 
enrichment of pathways for cell cycle arrest, DNA damage 
checkpoint, and lipid metabolism37 associated with cellular 
senescence directly explains the low Ki-67 index and inherent 
resistance to cycle-dependent chemotherapy. Furthermore, 
upregulation of a potent SASP provides a powerful expla-
nation for the subtype aggressive, metastatic behavior. The 
SASP is known to remodel the TME by secreting inflam-
matory cytokines and proteases that promote invasion and 
angiogenesis38.

A critical consequence of this senescent phenotype, which 
we identified through WGCNA, is the establishment of an 
immune-suppressed or “cold” TME (Figure 4I). Our anal-
ysis showed that the senescence-associated modules were 
negatively correlated with T-cell activation, B-cell immunity, 
and Type I interferon responses. This was further validated 
by deconvolution analysis, which confirmed that LAR tum-
ors have lower infiltration of activating immune cells, such 
as M1 macrophages and CD8+ T cells, compared to non-LAR 
subtypes (Figure 6A). This SASP-driven immune exclusion 
provides a strong biological rationale for the poor response of 
LAR tumors not only to chemotherapy but also to ICIs.

Based on this central finding, we developed and vali-
dated a machine learning-derived LAR-senescence signature 
(LAR-S). This signature proved to be a robust prognostic 
tool, successfully stratifying patients into high- and low-risk 
groups in our FUSCC-TNBC cohort (RFS, P = 0.03) and in 
two independent external cohorts [TCGA (OS; P = 0.01) and 
METABRIC (OS; P = 0.02); Figure 5C–E]. More importantly 
than the prognostic value, the LAR-S score functions as a pre-
dictive biomarker. Biologically, the top-weighted genes in the 
LAR-S signature capture the intrinsic features of the senescent, 
androgen-dependent state. For example, LTC4S and ABCG4 
which can shape membrane signaling, inflammatory mediator 
production and SASP composition. PDHA2 and ABCG4 are 
implicated in mitochondrial respiration and sterol-transport, 
respectively. RNA processing and translational control 

construction based on senescence-related genes. (B) Bar plot of the top-ranked genes from the final prognostic model, ranked by VIMP for 
RFS. (C) Kaplan–Meier analysis of RFS for patients in the FUSCC-TNBC cohort, stratified into high- and low-risk groups by the optimal cut-off 
of the LAR-S score. (D, E) Kaplan–Meier analysis of OS validating the prognostic power of the LAR-S in the (D) TCGA cohort and (E) METABRIC 
cohort. (F) Multivariate Cox regression analysis incorporating tumor size, lymph-node status, age, molecular subtype (ref. LAR), and LAR-S 
signature. (G, H) Proportional stacked bar plot validating the association between LAR-S groups and subtypes in the (G) FUSCC-TNBC and 
(H) TCGA cohort. OS, overall survival; RFS, relapse-free survival; VIMP, variable importance. Significance levels are denoted as follows: ns, not 
significant; *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.
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(RRP8), processes that are increasingly implicated in stress 
responses and senescence programs. The inclusion of RRP8 
reflects the metabolic reprogramming required to sustain the 
highly secretory, senescent phenotype observed in the TNBC 
LAR subtype. Thus, the LAR-S signature serves not merely 
as a statistical tool but as a functional surrogate for the met-
abolic and inflammatory machinery driving this specific sub-
type. The LAR-S signature accurately identifies the high-risk, 
senescent phenotype, and as demonstrated in the I-SPY 2 trial 
data, patients in the non-pCR group had significantly higher 
LAR-S scores (Figure 6B). The signature was negatively cor-
related with T-cell mediated immunity and IFN-γ response 
pathways (Figure 6D). However, our analysis of the I-SPY 2 
cohort was limited by the availability of granular clinical data. 
Following the validation strategy described in recent studies25, 
we focused on the biological association between the molec-
ular signature and therapeutic response. While this approach 
supports the predictive potential of LAR-S, future prospective 
trials with strictly matched baselines are warranted to fully 
rule out confounding effects.

This direct link between senescence, immune suppression, 
and therapeutic resistance forms the basis of our novel ther-
apeutic proposal. We proposed that pharmacologic modu-
lation of the senescent state could reverse the immune-cold 
phenotype and resensitize LAR tumors to immunotherapy. 
LAR patient-derived organoids showed clear dependence on 
the senescent program in vitro because treatment with a senes-
cence-modulating agent markedly suppressed growth (Figure 
6E and 6F). The in vivo experiments demonstrated a strong 
synergy between the senescence-modulating NAD+ precur-
sor, NMN, and anti-PD-1 blockade. Although either agent 
alone afforded only modest tumor control, the combination 
induced profound and sustained tumor regression (Figure 
6G and 6I). Mechanistically, the synergy between NMN and 
anti-PD-1 therapy is driven by the reversal of the senescence-
associated immunosuppressive microenvironment. Our 
validation experiments using flow cytometry demonstrated 
that NMN treatment dampens the pro-inflammatory SASP, 
which correlates with a marked reduction in M2-like mac-
rophage polarization and a robust restoration of CD8+ T cell 

infiltration (Figure S2). This reprogramming effectively con-
verts the “cold” immune landscape of LAR tumors into an 
immunologically “hot” state, thereby overcoming intrinsic 
resistance to checkpoint blockade. Furthermore, this strategy 
holds translational potential beyond LAR subtype of TNBC. 
This concept is consistent with emerging evidence from other 
malignancies, in which targeting senescent cells or modulat-
ing senescence-associated pathways enhances CD8+ T cell 
infiltration, alleviates immunosuppression, and improves the 
efficacy of immune checkpoint blockade in senescence-re-
lated immune-cold tumors39-43. These data provide preclini-
cal proof-of-concept that therapeutically targeting senescence 
can overcome immune evasion in LAR TNBC, in agreement 
with emerging evidence that senescence-directed interven-
tions reprogram the SASP-rich, immunosuppressive TME and 
thereby enhance the efficacy of ICIs.44,45.

In conclusion, the current study deciphered the complex 
and paradoxic biology of the TNBC LAR subtype. We have 
identified two distinct and actionable therapeutic vulnerabili-
ties. For the subset of patients with ERBB2 mutations, we have 
provided functional evidence supporting the use of specific 
TKIs. For the broader, chemo- and immune-resistant LAR 
population, we identified cellular senescence as a core pheno-
typic driver. We demonstrated that this senescent state is not 
only a marker of poor prognosis but also a key mechanism 
of immune evasion that can be therapeutically exploited. Our 
machine learning-derived LAR-S signature provides a much-
needed clinical tool to identify patients who would be prime 
candidates for this novel combination strategy, potentially 
expanding this therapeutic option beyond the LAR subtype to 
any senescent, immune-cold tumor. This work lays the foun-
dation for future clinical trials aimed at targeting senescence 
to unlock the potential of immunotherapy for these refractory 
cancers.

Conclusions
In summary, this study revealed that the TNBC LAR sub-
type is driven by two distinct yet targetable mechanisms: 

Figure 6  The LAR-S correlates with an immunosuppressive phenotype and implicates sensitivity of PD-1 blockade. (A) Heatmap comparing 
the relative abundance of TME immune cell infiltrates between LAR and non-LAR subtypes in the FUSCC-TNBC cohort, based on CIBERSORT, 
EPIC, MCP and TIMER. P values were calculated using the Wilcoxon rank-sum test and adjusted for multiple testing using the BH method. (B) 
Boxplot comparing the LAR-S scores between pCR and non-pCR patient groups in the I-SPY 2 cohort. (C) Heatmap displaying the ssGSEA 
score of the senescence-associated signature in the I-SPY 2 cohort, stratified by pCR vs. non-pCR. (D) Heatmap illustrating the correlation 
coefficients between the LAR-S score and the immune pathway signature in the pCR patient groups. (E) Representative brightfield images of 
PDOs on day 7 after drug treatment. NMN, 1 mM; navitoclax, 1 μM. (F) Therapeutic response of LAR PDOs following treatment with a senes-
cence inhibitor. Response is shown as relative cell viability. (G) Endpoint tumor weight for LAR xenografts, treated with vehicle control, NMN, 
anti-PD-1 antibody, or the combination therapy. (H) Tumor growth curves for LAR xenografts in mice. (I) Representative tumor images for LAR 
xenografts in mice. TME, tumor microenvironment; pCR, pathologic complete response; PDO, patient-derived organoids. Significance levels 
are denoted as follows: ns, not significant; *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001. Scale bar, 200 μm.
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ERBB2 kinase domain mutations; and a senescence-mediated, 
immune-suppressed phenotype. Functional and preclinical evi-
dence demonstrated that ERBB2 mutations confer sensitivity to 
specific TKIs, while a senescence-modulating agent synergizes 
with anti-PD-1 therapy to overcome resistance. The LAR-S 
signature offers a clinically applicable biomarker to identify 
patients who may benefit from these precision combination 
strategies, providing a translational foundation for future ther-
apeutic development in this refractory TNBC subtype.
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