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Abstract 

Background:  The clinical utility of integrated proteogenomic biomarkers for predict-
ing chemotherapy response in triple-negative breast cancer remains underexplored. 
We prospectively analyzed paired baseline and post-treatment tumor samples from 50 
patients with stage II–III TNBC treated with anthracycline- and taxane-based neoadju-
vant chemotherapy, integrating whole-exome sequencing, RNA sequencing, global 
proteomics, and phosphoproteomics.

Results:  Non-negative matrix factorization clustering identifies five proteogenomic 
subtypes. The immune-enriched subtype demonstrates the highest pathologic com-
plete response rate (55.6%), whereas no pathologic complete response was observed 
in the xenobiotic metabolism or epithelial–mesenchymal transition subtypes. 
Immune-related pathways are enriched in tumors with pathologic complete response, 
while epithelial–mesenchymal transition pathways are enriched in non-pathologic 
complete response tumors. The estrogen response pathway is selectively enriched 
in non-pathologic complete response tumors at the proteomic level and inversely 
correlated with immune activation. Post-translational modification and in vitro analy-
ses suggest estrogen-linked GRK2 activation contributes to chemotherapy resistance. 
ITGB8 copy number loss is associated with higher pathologic complete response rates 
and immune activation, while non-pathologic complete response tumors of the immu-
nomodulatory subtype show increased expression of AKR1C2 and ABCA13. Comparison 
of baseline and post-treatment tumors reveals AURKB pathway activation in residual 
disease, with Aurora B kinase inhibition synergizing with paclitaxel. A predictive 
model incorporating these biomarkers outperforms RNA-based models in predicting 
response.
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Conclusion:  Integrative proteogenomic profiling enables robust prediction of chemo-
therapy resistance in triple-negative breast cancer and identifies actionable biomarkers 
providing a framework for advancing personalized therapeutic strategies.

Keywords:  Triple-negative breast cancer, Neoadjuvant chemotherapy, 
Proteogenomics, Chemotherapy response, Biomarker

Background
Triple-negative breast cancer (TNBC) is a highly aggressive and clinically challenging 
breast cancer subtype, characterized by the absence of estrogen receptor (ER), proges-
terone receptor (PR), and human epidermal growth factor receptor 2 (HER2) expres-
sion [1]. TNBC constitutes approximately 10–15% of all breast cancer cases and has 
high mortality rates and frequent chemotherapy resistance [2]. Owing to the absence 
of hormone receptors and HER2 expression, patients with TNBC do not benefit from 
hormonal or HER2-targeted therapies, making cytotoxic chemotherapy the mainstay of 
systemic treatment [3].

Genomic studies indicate that TNBC rarely harbors recurrent somatic mutations ame-
nable to targeted biologic therapies. Distinct intrinsic molecular subtypes have been 
defined based on mRNA expression profiles, such as Lehmann classification [4–6]. 
Notably, several clinical studies have suggested correlations between these molecular 
subtypes and therapeutic responses, including IMpassion 130 and CIBOMA trials [7, 8]; 
however, the ASCO clinical guideline currently recommends no molecular biomarker to 
reliably predict chemotherapy response in patients with early-stage TNBC due to insuf-
ficient evidence [9]. Moreover, observed clinical outcomes often conflict with proposed 
subtype pathogenesis [10]. For example, adjuvant platinum chemotherapy failed to dem-
onstrate clinical benefit in basal-like TNBC in EA1131 study and androgen receptor 
antagonists yielded little activity in luminal androgen receptor (LAR) subtype [11, 12]. 
Recent advancements have led to the approval of novel molecularly targeted therapies, 
including immune checkpoint inhibitors (anti-PD-1/PD-L1 blockade) and antibody–
drug conjugates targeting trophoblast cell surface antigen 2 (TROP2) or HER2 [13, 14]. 
Nevertheless, the prognosis remains poor for those with recurrent or metastatic TNBC, 
underscoring the urgent need for improved strategies to prevent recurrence and guide 
treatment.

The KEYNOTE-522 trial established neoadjuvant chemotherapy comprising pem-
brolizumab combined with paclitaxel and carboplatin, followed by anthracycline and 
cyclophosphamide before surgery as the standard of care for patients with stage II–III 
TNBC [15–18]. Notably, pembrolizumab exhibits therapeutic benefit only when com-
bined with chemotherapy, reinforcing the role of anthracycline–taxane-based cytotoxic 
chemotherapy as the backbone of early- and advanced-stage TNBC treatment. Despite 
ongoing research, existing biomarkers, including PD-L1 and homologous recombi-
nation deficiency, have shown limited predictive value for chemotherapy response in 
clinical practice [19–21]. Therefore, alternative approaches, such as mass spectrometry 
(MS)-based proteomic and phosphoproteomic analyses, hold promise to better charac-
terize baseline and residual tumors on neoadjuvant chemotherapy and to identify pre-
dictive biomarkers for therapeutic response. Herein, we aimed to identify molecular 
factors associated with chemotherapy response and resistance through a comprehensive 
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proteogenomic analysis of patients with stage II–III TNBC treated with neoadjuvant 
chemotherapy, using matched baseline core biopsies and residual surgical tumor tissues.

Results
Patient cohort and proteogenomic analysis

Comprehensive proteogenomic analyses were conducted in 50 patients with TNBC 
treated with neoadjuvant chemotherapy using matched whole-exome sequencing 
(WES), RNA sequencing (RNA-seq), and tandem mass tag (TMT)-based MS for global 
and phosphoproteomic tumor profiling (Additional file 1: Fig. S1, S2A). The median age 
of patients was 48 years, with most presenting with clinical T2 stage (92%) and node-
negative (N0) disease (58%) (Additional file  1: Table  S1). The proteogenomic pathway 
analysis was performed on baseline tumors from 41 patients with complete baseline 
WES, RNA-seq, and TMT-MS datasets, and pre- and post-treatment tumor compari-
son analysis was performed for patients with matched protein TMT data (n = 22). At 
surgical pathology evaluation, 38% of patients (n = 19) achieved a pathological complete 
response (pCR). Progression during chemotherapy occurred in six (12%) patients and 
disease recurrence in seven (14%), with a median follow-up duration of 33.2  months 
(Additional file 1: Fig. S2B). Tumor purity estimates derived from RNA and proteomic 
data were highly correlated (Additional file  1: Fig. S2C). Overall, RNA and protein 
expression levels exhibited a moderate correlation; 93.8% of genes showed positive cor-
relations, and 62.0% of these were significant (P < 0.01), particularly among the genes 
involved in glucose, amino acid, and fatty-acid metabolism (Additional file 1: Fig. S2D, 
E). However, several gene sets demonstrated notable discrepancies between RNA and 
protein expression, including ribosome, oxidative phosphorylation, basal transcription 
factors, RNA polymerase, and spliceosome pathways (Additional file 1: Fig. S2E).

Comprehensive NMF clustering of patients with TNBC

We delineated molecular subtypes within the TNBC cohort through NMF clustering 
using an integrated multi-omics dataset, including copy number alterations (CNAs), 
transcriptomic expression, protein, and phosphoprotein expression derived from base-
line tumor samples (Fig. 1A). This analysis identified five distinct clusters with unique 
molecular features: "immune-enriched" (n = 9), "xenobiotic metabolism" (n = 2), "epithe-
lial-mesenchymal transition (EMT)" (n = 7), "MYC-dependent" (n = 12), and "mesenchy-
mal with estrogen signature" (n = 11) (Fig. 1A).

To evaluate how these proteogenomic clusters relate to established transcriptomic clas-
sifications, we applied both the Lehmann and Fudan TNBC subtype classification [6, 22]. 
These proteogenomic subtypes did not align with the Lehmann classification, with marked 
discrepancies observed in clusters 3, 4, and 5 (Fig. 1B). Comparison with the Fudan classifi-
cation showed that clusters 3 and 4 exhibited mixed subtype composition, containing BLIS, 
mesenchymal, and IM subtypes (Additional file 1: Fig. S3).

Evaluation of treatment response revealed that the "immune-enriched" cluster demon-
strated the highest pCR rate (55.6%; five of nine patients), while no pCRs were observed 
in the "xenobiotic metabolism" or "EMT" clusters (Fig.  1C). These findings suggest a 
strong influence of proteogenomic profiles on response to neoadjuvant chemotherapy. 
To further characterize the molecular programs underlying each cluster, we performed 
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Fig. 1  Comprehensive NMF clustering of patients with TNBC. A Heatmap illustrating comprehensive NMF 
clustering analysis using integrated datasets, including gene mutations, CNAs, RNA expression, and global 
and phosphoprotein expression profiles derived from baseline tumor tissues. Annotation tracks indicate the 
Lehmann classification, NMF clusters, and treatment response (pCR, non-pCR, and progression). For each 
molecular layer (RNA, protein, and phosphoprotein), representative Hallmark pathways enriched among 
differentially expressed genes are listed. Five distinct NMF clusters were identified: “immune-enriched” (n = 9), 
“xenobiotic metabolism” (n = 2), “EMT” (n = 7), “MYC-dependent” (n = 12), and “mesenchymal with estrogen 
signature” (n = 11). B Comparison of NMF-derived proteogenomic clusters with the RNA-seq-based Lehmann 
classification. C Bar plot showing pCR rates of patients with TNBC according to the NMF clusters. D Hallmark 
GSVA based on proteomic data, showing representative pathway enrichment patterns across NMF clusters, 
with clustering based on immune activation, cell cycle, metabolism, and EMT-related signatures. E Oncogenic 
signature (C6) GSVA based on proteomic data, showing distinct pathway enrichment patterns across NMF 
clusters. F Proportion of patients with germline BRCA1 or BRCA2 mutations in NMF clusters. See also Figure 
S2, S3, S4, and S5. EMT, epithelial-to-mesenchymal transition; NMF, non-negative matrix factorization; pCR, 
pathological complete response
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Hallmark gene set variation analysis (GSVA) based on both RNA and protein expres-
sion data. Cluster 1 showed enrichment of interferon (IFN) response and inflammatory 
pathways, cluster 3 demonstrated activation of EMT and angiogenesis, and cluster 4 
exhibited upregulation of E2F and MYC target pathways (Fig. 1D). Comparison of omics 
layers revealed that proteome-based GSVA results displayed higher inter-cluster vari-
ability (SD = 0.2449) than RNA-based GSVA (SD = 0.1162; P = 7.77 × 10⁻16, Additional 
file 1: Fig. S4A, B). In oncogenic signature (C6) GSVA analysis, cluster 4 showed E2F1 
and MYC signature upregulation (Fig. 1E), and STK33 signature upregulation was noted 
in the tumors of clusters 1,  2, and 3. For DNA-level comparison, the clusters 2 and 3 
were devoid of germline BRCA1/2 mutations, in contrast to the other clusters (Fig. 1F). 
Otherwise, no significant differences were identified in genomic alterations or CNAs 
across the clusters, despite the observed diversity in transcriptomic and proteomic 
characteristics.

To externally validate the clinical and biological relevance of our proteogenomic 
TNBC classification, we applied the transcriptomic signatures derived from each of 
the five NMF-defined clusters to an independent cohort from the METABRIC study 
(n = 258) [23]. Differentially expressed genes (adjusted P < 0.05 and |log2 fold change|> 1) 
specific to each NMF cluster in our cohort were used for k-means clustering of the 
METABRIC TNBC samples (Additional file  1: Fig. S5A). Of these, 197/258 tumors 
(76.3%) were assigned to one of the five clusters in accordance with our multi-omics 
analysis. Relapse-free survival analysis showed prognostic relevance of the classification 
also  in the METABRIC cohort, with Cluster 1 associated with the most favorable out-
come and Cluster 5 with the poorest prognosis (Additional file 1: Fig. S5B). Together, 
these findings demonstrate that our NMF-based proteogenomic classification is repro-
ducible in METABRIC datasets.

GSEA for predictors of pCR in patients with TNBC

We evaluated the molecular pathways associated with chemotherapy response in TNBC 
using RNA-seq and TMT-based proteomic data (Fig.  2A). Hallmark pathway GSVA 
revealed a consistent enrichment of EMT signatures in non-pCR tumors across tran-
scriptomic and proteomic datasets. In contrast, tumors from patients who achieved pCR 
demonstrated upregulation of immune-related pathways, including IFN-α response, 
IFN-γ response, allograft rejection, and inflammatory response, as well as cell cycle-
related pathways, such as E2F targets and G2M checkpoint signaling. These findings 
align with those of prior studies linking elevated immune infiltration and activity with 
improved chemotherapy response, while EMT and transforming growth factor (TGF)-β 
pathway activation have been associated with treatment resistance [24, 25].

Gene set enrichment analysis (GSEA) comparing patients with and without disease 
recurrence further supported these observations. Recurrent tumors were enriched for 
myogenesis and EMT pathways (Fig. 2B). Notably, several gene sets associated with 
poor treatment response, including the estrogen response pathway, were preferen-
tially identified in proteomic data but not in RNA-seq analyses (Fig. 2C, Additional 
file  1: Fig. S6A). Although estrogen response signatures were generally low across 
the cohort, differential proteomic analysis identified a subset of estrogen response 
genes, including DHRS2, SLC26A2, CLIC3, DHCR7, and HSPB8, that were higher in 
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non-pCR tumors (Fig. 2D, Additional file 1: Fig. S6B). When patients were stratified 
by estrogen response GSVA score, those with higher scores exhibited significantly 
lower pCR rates (14.3% vs 48.1%, P = 0.0328; Additional file 1: Fig. S6C). Estrogen sig-
natures were higher in clusters 2, 3, and 5 than in clusters 1 and 4 (Additional file 1: 
Fig. S6D, E). Estrogen signaling has been previously implicated in immune suppres-
sion across malignancies [26, 27]. In our analysis, estrogen signature expression was 
negatively associated with the ESTIMATE immune score, indicating reduced immune 
activity (Fig.  2E, Additional file  1: Fig. S6F). Moreover, although correlations were 
weak, estrogen response signatures were significantly inversely correlated with G2M 
checkpoint signature and positively correlated with EMT signature, suggesting that 
tumors exhibiting estrogen pathway activation have a modest tendency for low-pro-
liferative and EMT properties (Fig. 2E, Additional file 1: Fig. S6G). These results sug-
gest that proteome-level upregulation of estrogen response, undetectable at the RNA 
level, contributes to neoadjuvant chemotherapy resistance in patients with TNBC. 
Additionally, protein GSVA analysis using C6 oncogenic signatures showed that 
KRAS, ERBB2, and PTEN-downregulation signatures are upregulated in non-pCR 
patients, consistent with their contribution to TNBC pathogenesis (Fig. 2F).

To validate the association between estrogen signaling and chemotherapy response, we 
analyzed two independent TNBC proteogenomic datasets. In the Anurag et al. TNBC 
cohort [25], tumors with higher estrogen response GSVA scores (enrichment score > 0.1) 
exhibited a trend toward lower pCR rates, although the difference did not reach statis-
tical significance (P = 0.5585; Additional file  1: Fig. S7A). In the Gong and Jiang et  al. 
TNBC cohort [28], patients with high estrogen response GSVA scores showed signifi-
cantly shorter relapse-free survival compared with those with low scores (P = 0.0438; 
Additional file 1: Fig. S7B). These external validations support the prognostic relevance 
and potential role of proteome-level estrogen pathway activation in TNBC.

Fig. 2  Pathway signatures associated with chemotherapy response and recurrence in patients with TNBC. 
A Hallmark pathway enrichment analysis comparing non-pCR versus pCR tumors using RNA-seq and 
global protein TMT data. Pathways are plotted based on the − log10(FDR) values derived from RNA and 
protein GSEA. Pathways enriched in the non-pCR group are shown on the positive axis (RNA: right on the 
x-axis; protein: up on the y-axis), whereas those enriched in the pCR group are displayed on the negative 
axis (RNA: left on the x-axis; protein: down on the y-axis). Significance is represented by − log₁₀(FDR); color 
indicates statistical significance in RNA only (purple), protein only (yellow), or both (blue). B Hallmark 
pathway enrichment analysis of RNA-seq and proteomic data comparing tumors from patients with disease 
recurrence versus those without recurrence. Pathways enriched in the recurrence group are plotted on the 
positive axis (RNA: right on the x-axis; protein: up on the y-axis), whereas those enriched in the disease-free 
group appear on the negative axis (RNA: left on the x-axis; protein: down on the y-axis). C Bar plot illustrating 
significantly enriched signaling pathways identified by protein-based GSEA (defined by FDR < 0.05). 
Pathways enriched in non-pCR tumors are indicated in red, while pathways enriched in pCR tumors are in 
green. Estrogen response pathways are highlighted in orange. D Heatmap displaying protein expression 
of genes within the early estrogen response signature, comparing non-pCR and pCR tumors. The top 20 
genes with the highest expression in non-pCR tumors are shown. Asterisks (*) denote statistically significant 
differences (P < 0.05). E Correlation analysis between protein GSVA estrogen early response signature and the 
ESTIMATE immune score (left), G2M checkpoint signature (middle), and epithelial-mesenchymal transition 
(right), respectively. The R2 and p-values are calculated using Pearson’s correlation test. F Heatmap showing 
GSVA data of C6 oncogenic signature gene sets in pCR and non-pCR tumors. *P < 0.05 by Student’s t test 
with Welch’s adjustment for heteroscedasticity (D) or by Pearson’s correlation (E). See also Figure S6. EMT, 
epithelial-to-mesenchymal transition; FDR, false discovery rate; GSEA, gene set enrichment analysis; GSVA, 
gene set variation analysis; pCR, pathological complete response

(See figure on next page.)
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PTM signature predicts chemotherapy response

Next, we analyzed the post-translational modification (PTM) signatures to explore their 
association with neoadjuvant chemotherapy response in TNBC. PTM-set enrichment 
analysis (PTM-SEA) revealed significant enrichment of GRK2 and GRK5 signaling in 
non-pCR tumors, whereas GSK3β signaling and immune-related pathways, including 
IL2 and CCR7, were predominantly enriched in pCR tumors (Fig. 3A). Prior evidence 
indicates that estrogen signaling can induce GRK2 activation in various biological con-
texts [29, 30]. Consistent with these findings, the GRK2 PTM signature positively cor-
related with estrogen response signatures and negatively correlated with the ESTIMATE 

Fig. 2  (See legend on previous page.)
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immune score (Fig.  3B–D). The phosphoprotein expression profiles of GRK2 down-
stream pathway genes, including PRKRA, SQSTM1, and G3BP2, were upregulated in 
tumors of non-pCR patients (Fig. 3E). Further pathway analysis comparing GRK2-high 
(normalized enrichment score [NES] > 2) versus GRK2-low tumors revealed higher 
estrogen response in GRK2-high tumors, while immune-related signatures like allo-
graft rejection and IFN alpha/gamma response pathways were higher in the GRK2-low 
tumors, which were previously implicated in chemotherapy resistance and immunosup-
pression in TNBC (Fig. 3F) [31–33]. We validated the functional role of GRK2 through 
invitro assays, demonstrating that estradiol treatment increased GRK2 levels in MDA-
MB468 TNBC cells (Fig.  3G). Pharmacological inhibition by GRK2 (βARK) inhibitor 
also significantly enhanced paclitaxel sensitivity in the MDA-MB-231 cell line (Fig. 3H). 
Combination treatment with varying doses of GRK2 (βARK) inhibitor and paclitaxel in 
MDA-MB-231 cells resulted in synergistic inhibition of cell viability (Bliss synergy score 
8.08, Additional file 1: Fig. S8). These findings suggest a potential association between 
GRK2 activation and chemotherapy resistance in TNBC that warrants further mecha-
nistic investigation.

ITGB8 loss predicts favorable neoadjuvant chemotherapy response

To examine the impact of gene CNAs and corresponding protein expression changes 
on chemotherapy response in TNBC, we performed cytoband enrichment analysis. We 
aimed to identify CNA regions associated with upregulated genes in tumors exhibit-
ing either pCR or non-pCR in both transcriptomic and proteomic datasets (Additional 
file  1: Fig. S9A). Cytoband-based GSEA demonstrated that several regions exhibited 
coordinated amplification and upregulation of gene expression in non-pCR tumors, with 
the most prominent enrichment observed at chromosome 7p21 in both RNA and pro-
tein datasets (Fig. 4A, Additional file 1: Fig. S9B, C). We intersected the core enrichment 

(See figure on next page.)
Fig. 3  Estrogen-GRK2 pathway and its functional implications in TNBC chemoresistance. A Volcano plot 
showing enriched PTM pathways between the pCR and non-pCR groups by PTM-SEA. The x-axis represents 
the NES, and the y-axis shows the -log10(p-value). Only pathways meeting the significance threshold (|NES|> 5 
and p-value < 0.05) are color-coded (red: NES > 5 and blue: NES < −5), whereas nonsignificant pathways are 
shown in gray. B Correlation analysis between the GRK2 PTM-SEA NES and early estrogen response GSVA 
scores. C Correlation analysis between the GRK2 PTM-SEA NES and late estrogen response GSVA scores. D 
Correlation analysis between the GRK2 PTM-SEA NES and ESTIMATE immune scores. E Heatmap of in vitro 
kinase-to-phosphosite database (iKiP) GRK2 pathway-associated phosphosites used in the PTM-SEA analysis. 
Asterisks (*) denote statistically significant differences (P < 0.05) between the pCR and non-pCR group. 
F GSVA comparison of Hallmark pathways between GRK2 PTM-SEA score–high and score–low tumors. 
Estrogen response early (P = 0.0324) and allograft rejection (P = 0.0310) were significantly different, with 
estrogen response early and late pathways enriched in the GRK2-high group, whereas allograft rejection and 
interferon alpha/gamma response were higher in the GRK2-low group. Data are presented as mean ± SD. 
G Immunoblot showing GRK2 protein expression on estradiol treatment for 24 h in MDA-MB468 cell line. 
Protein size markers were indicated on the right side of the immunoblots. H Dose–response curve of 
relative proliferation of MDA-MB231 cells treated with paclitaxel and GRK2 inhibitor (βARK inhibitor, 4 μg/ml 
[15.2 nM]) plus paclitaxel in the in-vitro 3-(4,5-dimethylthiazol-2-yl)−2,5-diphenyltetrazolium bromide (MTT) 
assay. The x-axis is log10 (paclitaxel concentration). The results are from three biologic replicates, and the 
error bars indicate the standard error of the mean (SEM). *P < 0.05 by Student’s t test with Welch’s adjustment 
for heteroscedasticity (E) or by Pearson’s correlation (B, C, and D). See also Figure S8. GRK2i, GRK2 inhibitor; 
GSVA, gene set variation analysis; iKiP, in vitro kinase-to-phosphosite; NES, normalized enrichment score; 
pCR, pathological complete response; PTM, post-translational modification; PTM-SEA, post-translational 
modification set enrichment analysis
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genes from 7p21 with curated cell-surface proteins from the Cancer Surfaceome Atlas 
[34], to further refine candidate genes targetable by antibodies or antibody–drug conju-
gates. This integrative analysis revealed three overlapping genes: ITGB8, THSD7A, and 
TSPAN13 (Fig. 4B). Among them, ITGB8 exhibited the highest CNA difference between 
pCR and non-pCR tumors, prompting its selection for further evaluation, and ITGB8 
was one of the most overexpressed integrin genes in non-pCR tumors (Additional file 1: 
Fig. S10A).

ITGB8 can suppress anti-tumor immunity via TGF-β signaling in colorectal and breast 
cancers, and its genetic loss induces autoimmune-like phenotypes in mouse models, 

Fig. 3  (See legend on previous page.)
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suggesting a tumor-suppressive role for the ITGB8-TGFβ axis in TNBC [35–37]. ITGB8 
RNA and protein expression  levels correlated with ITGB8 copy number (Additional 
file 1: Fig. S10B, C), and an inverse relationship was observed between ITGB8 copy num-
ber and pCR rates; specifically, patients exhibiting ITGB8 loss in both copies had a pCR 
rate of 80.0%, while those exhibiting a single copy gain of ITGB8 had a pCR rate of 0% 
(80.0% vs. 41.7% vs. 12.6% vs. 0.0%, P = 0.036; Fig. 4C). Consistently, tumors with ITGB8 
loss demonstrated upregulation of the IFN-α and IFN-γ response pathways and down-
regulation of the E2F and G2M checkpoint signatures in GSEA analyses (Fig. 4D). PTM-
SEA further revealed enrichment of activated T cell-associated protein signatures, such 
as IL-3 and CCR7 pathways, in tumors with ITGB8 loss compared to tumors without 
ITGB8 copy loss (Fig. 4E). Tumors exhibiting ITGB8 gain also showed a low ESTIMATE 
immune score, suggesting lower immune cell infiltration (Additional file 1: Fig. S10D).

To experimentally validate the transcriptional consequences of ITGB8 gain, we per-
formed RNA-sequencing in MDA-MB-468 cells overexpressing ITGB8 (ITGB8-OE) 
compared with mock (pEGFP)-transfected controls. GSVA of Hallmark pathways 
revealed that ITGB8 overexpression led to broad downregulation of inflammatory and 
immune response programs, including TNF-α signaling via NF-κB, IFN-α response, 
and IFN-γ response (Additional file  1: Fig. S11A). Consistent with these results, 
GSEA showed significantly negative enrichment for IFN-α response (NES = − 1.73, 
FDR = 0.0050), IFN-γ response (NES = − 2.31, FDR < 0.0001), inflammatory response 
(NES = − 2.52, FDR < 0.0001), and TNF-α signaling via NF-κB (NES = − 3.06, 
FDR < 0.0001) in ITGB8-OE cells relative to control (Additional file 1: Fig. S11B). These 
findings show that ITGB8 activation can transcriptionally repress immune and inflam-
matory signaling.

Finally, validation using the TCGA TNBC cohort data showed improved overall sur-
vival for patients with ITGB8 copy number loss compared with that of patients without 
loss, supporting the prognostic relevance of ITGB8 genomic alterations (Fig. 4F) [38]. 
These results suggest that changes in ITGB8 copy number modulate anti-tumor immune 
responses in TNBC through the ITGB8-TGFβ axis.

Fig. 4  ITGB8 CNAs and their association with chemotherapy response of TNBC. A Bar plot showing 
enrichment scores in the cytoband-based GSEA identifying chromosome 7p21 overlapping in transcriptomic 
and proteomic data. B Venn diagram showing the overlap between core enrichment genes from the 
7p21 cytoband identified in transcriptomic and proteomic datasets and surface proteins curated from the 
Cancer Surfaceome Atlas. ITGB8, THSD7A, and TSPAN13 were shared across all datasets, with ITGB8 exhibiting 
the highest copy number difference between pCR and non-pCR tumors. C Bar plot showing pCR rates 
according to the ITGB8 copy number status. D Hallmark pathway enrichment analysis comparing tumors 
with ITGB8 copy number loss versus those without loss using RNA-seq and tandem mass tag (TMT)-based 
global proteomic data. Pathways are plotted according to their − log₁₀(FDR) values derived from RNA- and 
protein-level GSEA. Pathways enriched in the ITGB8 loss group are shown on the positive axis (RNA: right 
on the x-axis; protein: up on the y-axis), whereas those enriched in the no-loss group are displayed on the 
negative axis (RNA: left on the x-axis; protein: down on the y-axis). Significance is represented by − log₁₀(FDR); 
color indicates statistical significance in RNA only (purple), protein only (orange), or both (blue). E Volcano 
plot showing enriched PTM pathways comparing the tumors with ITGB8 copy number loss versus no loss. 
F Kaplan–Meier survival analysis for overall survival according to the ITGB8 copy number in the TCGA TNBC 
cohort (n = 154). The P-value was calculated using the log-rank test. See also Figure S9, S10, and S11. CN, copy 
number; GSEA, gene set enrichment analysis; NES, normalized enrichment score; pCR, pathological complete 
response; PTM, post-translational modification

(See figure on next page.)
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Doxorubicin metabolism and drug efflux gene upregulation as resistance mechanisms

pCR was associated with elevated immune-related signatures; however, a substan-
tial proportion of patients classified within the Lehmann IM subtype (36.8%) did not 
achieve pCR. To investigate potential resistance mechanisms in this group, we ana-
lyzed transcriptomic and proteomic data of the IM subtype. At the transcriptomic-level, 
we identified significant mRNA upregulation of AKR1C2, a member of the aldo–keto 
reductase family involved in doxorubicin metabolism, and ABCA13, an ATP-binding 
cassette transporter linked to drug efflux, in non-pCR patients (Fig.  5A). These genes 

Fig. 4  (See legend on previous page.)
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have previously been implicated in chemotherapy resistance and poor survival outcomes 
in other malignancies, such as ovarian cancer [39, 40]. Next, we examined AKR1C2 
and ABCA13 expression across the five NMF-defined TNBC clusters. AKR1C2 was 
most highly expressed in cluster 2, characterized by xenobiotic response pathways, and 
ABCA13 was enriched in clusters 4 and 5 (Fig.  5B). A heatmap integrating transcrip-
tomic and proteomic data confirmed consistent expression of xenobiotic metabolism 
genes across these clusters (Fig. 5C, Additional file 1: Fig. S12A).

To validate these findings in an independent cohort, we examined AKR1C2 and 
ABCA13 expression in the METABRIC TNBC IM subtype cohort (n = 58). Elevated 
AKR1C2 expression was significantly associated with worse relapse-free survival (RFS; 
P = 0.0033; Additional file  1: Fig. S7C). ABCA13 expression showed a trend toward 
worse survival in the high expression group within the METABRIC IM cohort, but this 
association did not reach statistical significance (P = 0.2225; Additional file 1: Fig. S7D). 
Collectively, these findings suggest that upregulation of drug metabolism and efflux 
pathways, particularly through AKR1C2 and ABCA13, contributes to chemotherapy 
resistance in immune-enriched TNBC tumors.

Proteogenomic comparison of baseline and post‑treatment tumors reveals AURKB 

as a candidate resistance target

We next evaluated molecular adaptations associated with resistance to neoadjuvant 
chemotherapy through a paired analysis of baseline and residual (post-treatment) 
tumor samples (n = 22). GSEA of proteomic data revealed the enrichment of EMT 
and myogenesis signatures in residual tumors after neoadjuvant chemotherapy 
(Fig. 5D). Differential gene expression analysis further showed upregulation of EMT, 
myogenesis, and xenobiotic metabolism pathway genes in residual tumors (Pro-
tein: Fig.  5E, Additional file  1: Fig. S12B, RNA: Additional file  1: Fig. S12C). PTM-
SEA revealed enrichment of key phosphoprotein signaling signatures, including 
CGK2, Aurora kinase B (AURKB), and MAP3K3, in post-treatment tumors (Fig. 5F). 

(See figure on next page.)
Fig. 5  Identification of chemotherapy resistance mechanisms in the IM subtype and baseline and 
post-treatment tumor comparison. A Volcano plot showing differentially expressed mRNAs between non-pCR 
and pCR tumors in the Lehmann classification IM subtype. B Violin plot showing mRNA expression levels of 
AKR1C2 and ABCA13 stratified by the five NMF clusters. C Heatmap comparing mRNA expression of xenobiotic 
metabolism genes across the TNBC cohort. D Hallmark pathway enrichment analysis comparing baseline versus 
post-treatment samples using phosphoproteomic and global proteomic data. Pathways are plotted according 
to their − log₁₀(FDR) values derived from GSEA of phosphoprotein expression (x-axis) and protein expression 
(y-axis). Pathways enriched in the post-treatment group are shown on the positive axis (phosphoprotein: right 
on the x-axis; protein: up on the y-axis), whereas those enriched in the baseline group appear on the negative 
axis (phosphoprotein: left on the x-axis; protein: down on the y-axis). Significance is represented by − log₁₀(FDR); 
color indicates statistical significance in the protein layer only (orange) or in both phosphoprotein and protein 
layers (blue). E Bar plot showing the enriched Hallmark pathways in DEGs between post-treatment and baseline 
samples in global protein expression data. The top five gene signatures are described. F Volcano plot showing 
enriched PTM signatures in baseline versus post-treatment tumor samples via the PTM-SEA analysis. G Dose–
response curve of relative proliferation of MDA-MB468 cells treated with paclitaxel and barasertib (Aurora 
kinase B inhibitor, 10 nM) plus paclitaxel in the in-vitro MTT assay. The x-axis is log10 (paclitaxel concentration). 
The results are from three biologic replicates, and the error bars indicate SEM. See also Figure S12. GSEA, gene 
set enrichment analysis; NMF, non-negative matrix factorization; pCR, pathological complete response; PTM, 
post-translational modification; TMT, tandem mass tag
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AURKB emerged as a particularly compelling target given its reported role in cell 
cycle regulation and chemotherapy resistance in TNBC [41, 42]. Functional validation 
in MDA-MB-468 cells demonstrated that the Aurora kinase B inhibitor barasertib 
significantly enhanced the cytotoxic effect of paclitaxel, supporting a synergistic 
interaction (Fig.  5G). Barasertib also decreased cell viability in doxorubicin-treated 
MDA-MB231 and HCC1937 TNBC cells (Additional file 1: Fig. S13A, B). In addition, 
barasertib decreased cell viability in combination with paclitaxel in a  breast cancer 
organoid derived from a TNBC patient (SBO-72) (Additional file 1: Fig. S13C). These 

Fig. 5  (See legend on previous page.)
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findings suggest that AURKB is a therapeutic target to overcome residual disease and 
chemoresistance in patients with TNBC.

Proteogenomic biomarker prediction model for neoadjuvant chemotherapy response 

in patients with TNBC

We integrated proteogenomic predictive factors in patients with TNBC to constitute the 
prediction model for neoadjuvant chemotherapy. We used five resistance factors: estro-
gen response early signature (global protein level), GRK2 signature (PTM-SEA NES > 2), 
no ITGB8 copy number loss (0 or 1 + in GISTIC), AKR1C2 (RNA level), and ABCA13 
(RNA level). The expression  levels of the  five resistance factors did not differ accord-
ing to the stroma proportion of tumor tissues and ESTIMATE stroma score (Addi-
tional file 1: Fig. S14). At least one resistance factor was identified in 80.7% of non-pCR 
patients (21 of 26; Fig. 6A), and 10 of these 21 patients had ≥ 2 resistance factors. In con-
trast, only 26.7% of pCR patients had one resistance factor. We generated the logistic 
regression model using continuous values for the five factors. In our proteogenomic pre-
diction model, the AUC was 0.946, which was superior to that of the Lehmann classifica-
tion (AUC = 0.781) or Lehmann classification plus the ESTIMATE immune score model 
(AUC = 0.818; Fig.  6B). Regarding individual cases, a 51-year-old woman (T39) with 
TNBC had three resistance factors (no ITGB8 loss, high estrogen signature, and high 
GRK2 signature) and showed progression on neoadjuvant paclitaxel/carboplatin chemo-
therapy (Fig. 6C). The patient underwent surgery and received adjuvant chemotherapy 
but had distant disease recurrence with lung metastasis 5 months post-surgery. Another 
45-year-old woman (T47) with TNBC had one resistance factor (no ITGB8 loss) and 
received neoadjuvant chemotherapy followed by surgery. The surgical tumor pathology 
showed non-pCR status, and capecitabine adjuvant chemotherapy was administered 
(Fig. 6D). She experienced distant disease recurrence 12 months post-surgery.

Discussion
TNBC tumors exhibit multifaceted heterogeneity across genomic, transcriptomic, and 
proteomic levels, compounded by the complexity of their tumor microenvironment, 
characterized by diverse immune and stromal interactions [1–3]. Previous molecular 
classification strategies predominantly utilized RNA profiling or DNA mutation sig-
natures [4–6]. Alternatively, comprehensive proteogenomic analyses offer deeper bio-
logical insights, identifying previously unrecognized mechanisms of chemotherapy 
resistance. In this study, we prospectively collected paired baseline and post-treatment 
tumor samples from patients with TNBC treated with neoadjuvant chemotherapy. By 
integrating WES, RNA-seq, and TMT-based proteomic profiling data, we identified five 
distinct NMF clusters correlated with varying pCR rates, and these clusters did not over-
lap with the previously established Lehmann classification. The proteogenomic analysis 
highlighted novel resistance factors, including estrogen signaling, GRK2 PTM signature 
activation, ITGB8 copy number, and upregulation of drug-efflux and metabolism genes 
(ABCA13 and AKR1C2). Using these identified proteogenomic features, we developed 
a predictive model for pCR following neoadjuvant chemotherapy. Additionally, AURKB 
emerged as a promising therapeutic target in residual tumors post-chemotherapy. 
These findings provide novel insights into the molecular determinants of chemotherapy 
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response in TNBC and support the integration of proteogenomic profiling into clinical 
strategies for response prediction and therapeutic targeting.

Integrating MS-based proteomics with RNA-seq and WES provides more compre-
hensive tumor characterization, adding protein-level expression data. Proteomics also 
uniquely captures PTMs, including protein phosphorylation profiles, which are unde-
tectable by genomic or transcriptomic approaches. Krug et al. reported a proteogenomic 
analysis of breast cancers excavating more sophisticated molecular contexts regarding 
ERBB2 amplicon, RB activity, and DNA damage response [43]. However, dedicated pro-
teogenomic studies of the TNBC subtype are few. Anurag et al. analyzed baseline tumor 

Fig. 6  Integration of proteogenomic biomarkers of predicting chemotherapy response in TNBC. A Heatmap 
summarizing the expression of key resistance-associated biomarkers, including estrogen response GSVA 
scores, GRK2 PTM-SEA scores, ITGB8 copy number status, and AKR1C2 and ABCA13 expression across the TNBC 
cohort. Patients are annotated by pCR status, NMF cluster, and the Lehmann subtype classification. B Receiver 
operating characteristic curve comparing the predictive performance of the integrative proteogenomic 
model versus the RNA-based Lehmann classification for pCR. C Representative case highlighting clinical 
and molecular characteristics. This patient, classified as non-pCR, exhibited elevated estrogen response and 
GRK2 signaling and a diploid ITGB8 copy number status and belonged to NMF Cluster 3 and the basal-like 2 
Lehmann subtype. D A patient with TNBC who did not achieve pCR following neoadjuvant chemotherapy. 
This patient exhibited a diploid ITGB8 copy number status and was classified as belonging to NMF Cluster 3 
and the mesenchymal stem-like subtype based on the Lehmann classification. adj, adjuvant; AUC, area under 
curve; GSVA, gene set variation analysis; NMF, non-negative matrix factorization; PTM-SEA, post-translational 
modification set enrichment analysis



Page 16 of 25Lee et al. Genome Biology          (2026) 27:125 

samples of patients with TNBC receiving carboplatin and docetaxel neoadjuvant chem-
otherapy and identified LIG1 deletion as a potential biomarker for poor chemotherapy 
response [25]. Gong and Jiang et al., analyzed proteogenomic landscape of TNBC and 
identified distinct targetable pathways according to the molecular subtypes (iCluster), 
including NAE1, FASN, and AKT signaling [28]. These two studies and our study per-
formed mass spectrometry-based proteomic analysis and consistently found that activa-
tion of immune signature is related to pCR with favorable outcome and expression of 
EMT signature in TNBC clusters. Each study also uncovered unique resistance mecha-
nisms—such as LIG1 deletion, NAE1, and fatty-acid–metabolism (FASN/AKT) activa-
tion, and estrogen-signaling pathways. We suggest that differences in treatment settings 
(neoadjuvant versus adjuvant) and population-specific molecular features, including 
ethnic variation, may account for the observed discrepancies. The different clinical and 
molecular characteristics of Asian patients with breast cancer [44, 45] and different pro-
portion of carboplatin use in the neoadjuvant chemotherapy regimens (Our study: 12% 
and Anurag et al.,: 100%) may have contributed to the differences between our study and 
that of Anurag et al. Distinctive aspects of our study include: (1) the focus on an Asian 
TNBC cohort, (2) investigation of anthracycline- and taxane-based neoadjuvant chemo-
therapy response, and (3) incorporation of both pre- and post-treatment tumor samples 
for longitudinal proteogenomic profiling.

Consistent with previous studies, our baseline analyses confirmed that immune-
related signatures positively correlated with pCR, whereas EMT and myogenesis signa-
tures negatively correlated [25, 46, 47]. Furthermore, our proteomic analysis uniquely 
identified protein estrogen response signatures to be significantly associated with non-
pCR status. Considering the inverse correlation between estrogen and immune signa-
tures, estrogen signaling in TNBC potentially hinders the anti-tumor immune response 
similar to that in hormone receptor-positive breast cancers [48]. Furthermore, we 
observed that estrogen-associated GRK2 activation correlates with chemotherapy resist-
ance signatures, suggesting a possible role for this pathway that needs further validation. 
As all TNBC cases studied were negative for ER/PR via IHC, our findings emphasize the 
clinical relevance of detecting estrogen signaling through proteomic methods.

Frequent CNAs represent a hallmark of TNBC; however, their association with chem-
otherapy response remains unclear. Our analysis identified chromosome 7p21 CNAs to 
be significantly associated with treatment response. Specifically, the membrane integrin 
family protein ITGB8 exhibited the highest CNA difference between pCR and non-pCR 
tumors. Increased ITGB8 copy number negatively correlated with pCR rates, and pre-
vious research suggested that ITGB8 facilitates immune evasion by promoting TGF-β 
signaling and subsequent suppression of CD8 + T-cell function [49]. We observed 
enhanced immune activation signatures in tumors with ITGB8 loss compared to those 
in tumors with gain or diploid ITGB8 copy number status, correlating with improved 
survival in TCGA cohorts. As ITGB8 and other integrins are expressed on the cancer 
cell membrane, they represent potential targets for developing antibody–drug conju-
gates. Accordingly, integrin beta protein-targeting antibody–drug conjugates are already 
under development for solid tumors [50].

Our study further highlights the significance of drug metabolism and efflux-related 
genes in chemotherapy resistance. The tumor-infiltrating lymphocyte density and 
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immune score of TNBC tumors correlate well with pCR after neoadjuvant chemother-
apy [51, 52]. However, a small subset of the IM subtype TNBC still shows poor response 
to neoadjuvant chemotherapy. Increased expression of ABCA13 and AKR1C2 within 
the Lehmann IM subtype tumors was associated with neoadjuvant chemotherapy resist-
ance. ABCA13 is a member of ATP-binding cassette transporters that regulate the 
efflux of chemotherapy drugs from cancer cells, causing multi-drug resistance. ABCA13 
upregulation or amplification was associated with poor survival in ovarian and bladder 
cancers, and a study also reported poor survival of patients with breast cancer and single 
nucleotide polymorphism in ABCA13 [39, 53, 54]. AKR1C2 belongs to the aldo–keto 
reductase family, which regulates xenobiotic and anthracycline metabolism. The role of 
the aldo–keto reductase family in chemotherapy resistance has been previously reported 
[55]. Our analysis also showed that AKR1C2 expression was upregulated in cluster 2, 
potentially causing resistance to cytotoxic chemotherapy.

Residual disease following neoadjuvant chemotherapy (non-pCR) significantly pre-
dicts poor prognosis [56, 57]. Our phosphoproteomic analysis revealed that AURKB, 
which is involved in cell division and TNBC pathogenesis, was notably upregulated at 
the PTM level in residual tumors. AURKB activation emerged as a key characteristic of 
residual TNBC, and our data suggest that targeting AURKB may synergize with pacli-
taxel therapy.

By leveraging the identified proteogenomic biomarkers—estrogen signaling, GRK2 
activation, ITGB8 copy number status, and the expression of ABCA13 and AKR1C2—
we developed an integrative predictive model for pCR that outperformed existing RNA-
based approaches [58–60]. Currently, pembrolizumab plus cytotoxic chemotherapy, 
consisting of taxane/carboplatin followed by anthracycline and cyclophosphamide, rep-
resents the standard neoadjuvant therapy regimen for patients with stages II–III TNBC 
[15]. However, clinically validated pCR prediction biomarkers are lacking in patients 
with TNBC to date, and escalation and de-escalation of therapeutic modality are largely 
based on clinicopathologic characteristics including pCR status. Our proteogenomics-
based predictive model could inform personalized treatment, potentially allowing thera-
peutic de-escalation and avoidance of toxic agents for responsive tumors while guiding 
targeted escalation strategies for resistant tumors.

The key strengths of this study include prospective collection of paired baseline and 
post-treatment samples with comprehensive multi-omics profiling—spanning RNA, 
DNA, and protein levels. Nonetheless, the findings should be interpreted cautiously 
given the relatively small sample size, and further validation in an independent proteog-
enomic cohort is warranted. Additionally, no patients in this study received pembroli-
zumab-based neoadjuvant chemotherapy owing to approval timelines in South Korea. 
Despite these limitations, our study provides valuable insight into molecular mecha-
nisms underlying chemotherapy response, with potential applications for treating meta-
static TNBC.

Conclusions
Our study demonstrates the utility of proteogenomic profiling to predict neoadju-
vant chemotherapy response in TNBC. The key determinants of treatment outcome 
included estrogen response signature, GRK2 PTM activation, ITGB8 copy number, and 
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the expression of genes involved in drug efflux and metabolism, ABCA13 and AKR1C2. 
These factors constituted the non-pCR prediction model for neoadjuvant chemotherapy 
and may serve as potential molecular targets for future therapeutic development. Future 
clinical trials should investigate personalized neoadjuvant treatment strategies guided by 
proteogenomic markers to evaluate treatment escalation or de-escalation based on pre-
dicted response profiles.

Methods
Study design and participants

Fresh tumor biopsies were prospectively obtained from 50 patients diagnosed with clini-
cal stage II–III TNBC defined as ER-, PR-, and HER2-negative (0 or 1 + by immunohis-
tochemistry [IHC], or 2 + by IHC with a negative in-situ hybridization assay, CONSORT 
diagram in Additional file 1: Fig. S1) between September 2020 and July 2021. All base-
line biopsy tissues were obtained before starting neoadjuvant chemotherapy. Patients 
received anthracycline and taxane-based neoadjuvant chemotherapy regimens. Neoad-
juvant chemotherapy regimens were selected at the physician’s discretion and included: 
AC (doxorubicin 60  mg/m2 and cyclophosphamide 600  mg/m2, four cycles)-weekly 
paclitaxel (n = 36, weekly paclitaxel 80  mg/m2, 12 cycles), AC-docetaxel (n = 6, tri-
weekly docetaxel 75 mg/m2, four cycles), weekly paclitaxel plus carboplatin (area under 
the curve [AUC] 5, tri-weekly)-AC (n = 6), and FEC-docetaxel (n = 2). Only 44 patients 
completed the chemotherapy schedule, while six patients discontinued treatment due to 
disease progression. The pCR status at surgery was defined as ypT0 ypN0 determined by 
pathologic examination [61]. Post-treatment surgical tumor samples (n = 31) were col-
lected and analyzed for participants who did not achieve pCR. This study was approved 
by the Institutional Review Board (IRB) of Severance Hospital (IRB Number: 4–2020-
0473). The study for establishment of cancer organoids from TNBC patients was also 
approved by IRB of Severance Hospital (IRB Number: 4–2023-0098). This study adhered 
to the Declaration of Helsinki and Good Clinical Practice guidelines. The informed con-
sents were obtained from all enrolled patients.

Tissue sampling and proteogenomic analysis

The sample collection and multiomic analysis methods used in this study have been 
described previously [62]. Briefly, frozen tissue samples were washed with cold phos-
phate-buffered saline, snap-frozen in liquid nitrogen, and pulverized using the cryo-
PREP Tissue Disruption system (CP02, Covaris, Woburn, MA, USA). Tissue powder 
aliquots (10–20 mg) were used for DNA, RNA, and protein extractions. Genomic DNA 
was extracted using the MagNA Pure 24 system (Roche, Basel, Switzerland), and total 
RNA was isolated using the RNeasy Mini Kit on a QIAcube (Qiagen, Hilden, Germany). 
Proteins were extracted and labeled with TMT 11-plex reagents. Across the dataset, 
the comprehensive proteogenomic analysis identified copy number alteration of 25,988 
genes and the expression of 19,853 gene transcripts, 10,457 proteins, and 31,258 phos-
phorylation sites in 5,373 proteins. Full details regarding the proteogenomic sample 
preparation and analysis are provided in the Supplementary Methods.
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Data quality control and differential expression and pathway enrichment analysis

The Wilcoxon rank sum test in R identified genes (RNA), proteins, phosphosites, and 
phosphoproteins (mean of all sites on a given protein) that differed between pCR and 
non-pCR samples. MSigDB Hallmark and C6 oncogenic pathways (proteomics data) 
and PTM signature sets (phosphosite-level data) that showed enrichment in pCR or 
non-pCR tumors were identified using Gene set enrichment analysis (GSEA) [63] and 
post-translational modification set enrichment analysis (PTM-SEA) [64], respectively, 
by applying GSEA/PTM-SEA algorithms to signed log10(p-values) from the differen-
tial expression analysis. Additionally, gene set variation analysis (GSVA) was conducted 
using the ssGSEA R package [65, 66], utilizing the RNA, protein, and phosphoprotein 
data, and scores for Hallmark pathways were obtained for individual samples. Normal-
ized enrichment scores were utilized for visualization. The Wilcoxon signed rank test 
in R was used for paired differential analysis of on-treatment to baseline measurements 
for RNA, protein, and phosphoprotein data. The Lehmann transcriptomic subtypes 
were estimated by TNBCtype tool (https://​www.​vumc.​org/​piete​npol-​lab/​tools) [22]. The 
PAM50 model was applied to RNA-seq data to determine the representation of intrinsic 
subtypes [67].

Non‑negative matrix factorization (NMF) clustering and multi‑omics data integration

To define molecular subtypes within the TNBC cohort, we performed NMF clustering 
on an integrated multi-omics dataset derived from baseline tumor samples. The data-
set comprised four continuous data modalities: CNAs, RNA expression, global protein 
expression, and phosphoprotein expression.

Preprocessing for each data modality was conducted as follows to ensure comparabil-
ity and compatibility with NMF:

•	 Copy number alterations: Absolute copy number values obtained from GISTIC2 
outputs were used to maintain non-negativity.

•	 RNA, protein, and phosphoprotein expression: Each dataset was independently nor-
malized across samples to standardize dynamic ranges and distribution.

•	 Data integration: Because NMF requires non-negative input, a constant value was 
added to each normalized matrix. The four data matrices were concatenated by gene 
identifier to construct a unified feature matrix (features × samples).

Consensus NMF clustering was then applied using the "brunet" method for a range of 
clusters between k = 2 and 8 (rank = 2:8) with 50 iterations (nrun = 50) using the NMF R 
package (v 0.28) [68]. The optimal cluster number (k = 5) was selected based on cophe-
netic correlation coefficients, dispersion, and consensus clustering stability metrics.

Cell culture

The TNBC cell lines, including MDA-MB-231 (HTB-26), MDA-MB-468 (HTB-132), 
and HCC1937 (CRL-2336), were purchased from the ATCC. Cells were cultured at 37℃ 
in 5% CO2 using the RPMI-1640 medium (Gibco, Thermo Fisher Scientific) and Dul-
becco’s Modified Eagle Medium supplemented with 10% fetal bovine serum (Gibco, 

https://www.vumc.org/pietenpol-lab/tools
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Thermo Fisher Scientific) and 1% penicillin–streptomycin (Gibco, Thermo Fisher Sci-
entific). Doxorubicin (Sigma-Aldrich, St. Louis, MO, USA, cat# D1515) and carboplatin 
(Selleckchem, Houston, TX, USA, cat# S1215) were dissolved in distilled water, and the 
Aurora B kinase inhibitor (Barasertib, Selleckchem, cat# S1147) was dissolved in dime-
thyl sulfoxide (DMSO). β-estradiol (Sigma-Aldrich, cat# E2257) was dissolved in 100% 
ethanol and advanced DMEM/F-12 (Gibco, Thermo Fisher Scientific). All cell lines were 
authenticated by short tandem repeat profiling and were periodically tested for myco-
plasma contamination.

Immunoblotting

For immunoblotting, cells were lysed using RIPA lysis buffer supplementation with pro-
tease and phosphatase inhibitor cocktails (Sigma Aldrich). The cell lysates were centri-
fuged for 10 min at 4 °C at 13,000 × g. Supernatants containing 10–40 µg protein were 
resolved by sodium dodecyl sulfate–polyacrylamide gel electrophoresis and transferred 
to nitrocellulose membranes. After blocking with 5% skim milk for 1  h at room tem-
perature, each membrane was incubated overnight at 4  °C with primary antibodies. 
Subsequently, each membrane was incubated with secondary antibodies for 1 h at room 
temperature. The protein bands were detected by enhanced chemiluminescence (Amer-
sham Biosciences, Uppsala, Sweden) using a luminescent image analyzer (LAS-3000, 
Fuji Photo Film, Tokyo, Japan). The following primary and secondary antibodies were 
used: GRK2 mouse (Santa Cruz Biotech, Santa Cruz, CA, USA, cat# sc-13143), β-actin 
rabbit (AbClon, Seoul, South Korea, cat# AbC-2002), and Anti-mouse IgG, HRP-linked 
Antibody (Enzo Life Sciences, Farmingdale, NY, USA, cat# ADI-SAB-100), Anti-rabbit 
IgG, HRP-linked Antibody (Enzo Life Sciences, cat# ADI-SAB-300).

Cell viability assay

TNBC cell lines (MDA-MB-231, MDA-MB-468, and HCC1937) were seeded at a density 
of 6 × 103 cells per well in 96-well plates to assess the synergistic effect of the drug com-
bination. Cells were then treated with a combination of either a GRK2 inhibitor (βARK1 
inhibitor, Sigma-Aldrich, 24269–96-3) or an Aurora B kinase inhibitor (barasertib, Sell-
eckchem, Houston, TX, USA) and a concentration gradient of paclitaxel (0–50 nM) for 
72 h. Cell viability was determined by measuring absorbance at 570 nm after incubation 
with 3-(4,5-dimethylthiazol-2-yl)−2,5-diphenyltetrazolium bromide (MTT) (5 mg/mL) 
for 2 h. The potential synergistic effect of the GRK2 inhibitor and paclitaxel was evalu-
ated by assessing the cell viability of the MDA-MB-231 cell line through MTT assay after 
combination treatment with various concentrations of the GRK2 inhibitor and pacli-
taxel over 72 h, followed by analysis of the bliss synergy score using SynergyFinder 3.0 
software.

cDNA Transfection

TNBC cell lines were transfected with a pEGFP-C2-entry plasmid or GFP-tagged human 
integrin β8 plasmid. Integrin β8-GFP was a gift from Bianxiao Cui (Addgene plasmid # 
205093; http://​n2t.​net/​addge​ne:​205093; RRID: Addgene205093). Each parental cell line 
was seeded in a 6-well plate (Corning) at a density of 3–5 × 105 cells/well. When the 
cells reached 70–80% confluence, 1–2 µg of plasmid DNA was transfected into the cells 

http://n2t.net/addgene:205093
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using Lipofectamine LTX (Thermo Fisher Scientific) according to the manufacturer’s 
protocol. After 4 h, the medium was replaced with medium containing geneticin (G418, 
0.4–1 mg/mL) (Thermo Fisher Scientific). G418 was used to select plasmid-transfected 
cells, which subsequently formed stable clones. Stable cell lines with a low passage num-
ber were cryopreserved and used in the experiments.

Drug treatment of breast cancer organoids

The breast cancer organoids were established from surgical tissues of patients with 
breast cancer in Yonsei Cancer Center, as previously reported [69]. Organoids were 
harvested and dissociated into single cells using TrypLE™ Express (Gibco). Cell pellets 
were resuspended in AdDF + + + medium (Advanced DMEM/F12 supplemented with 
1 × GlutaMAX and 10 mM HEPES), followed by filtration through a 70-µm strainer. A 
total of 1.5 × 104 cells were embedded in 20 µl BME domes and seeded in 48-well plates. 
To assess pharmacologic interactions, breast cancer organoids were treated for 72 h with 
barasertib in combination with doxorubicin or carboplatin. Organoid viability was quan-
tified using the CellTiter-Glo® 3D ATP assay (Promega).

3D culture and drug treatment

TNBC cell lines (MDA-MB-231 and MDA-MB-468) were seeded in BME2 (90%) at a 
density of 1 × 104 cells per well in 48-well plates and allowed to form organoids over 
1–2 days. The media was supplemented with Type 2 medium. Type 2 organoid medium 
for 3D culture was formulated based on the composition previously reported [70], 
including supplementation with EGF, FGF-2, and B27, with Y-27632 (10 μM) added dur-
ing the initial seeding period only. After 1–2 days of culture, the Y-27632 (ROCK inhib-
itor) was removed from the media, and the organoids were treated with paclitaxel or 
doxorubicin at the indicated concentrations for 3 days. To measure cell viability, culture 
medium was removed and 300ul fresh advanced DMEM/F12 medium was added to each 
well at day 3. Each well was treated with 150ul CellTiter-Glo® 3D (Promega, G9681) and 
incubated for 10 min. The mixture was transferred to 96-well white wall plates. Lumi-
nescence was recorded by BertholdTech CENTRO (Embedded version: 2.05).

Statistical analysis

Comparisons of continuous variables between groups were conducted using the Stu-
dent’s t-test. Correlations between two continuous variables were assessed using Pear-
son’s correlation coefficient, with corresponding p-values and R2 values reported. 
Overall survival of both the study cohort and The Cancer Genome Atlas (TCGA) dataset 
was estimated using Kaplan–Meier survival curves, and statistical significance was eval-
uated with the log-rank test. To develop a predictive model for non-pCR, logistic regres-
sion analysis was employed, incorporating selected proteogenomic biomarkers. The data 
analyses were performed using R version 4.3.1 (R Foundation for Statistical Computing), 
GraphPad Prism (GraphPad, La Jolla, CA, USA), SPSS (SPSS, Chicago, IL, USA) and 
GENE-E (Broad Institute, Cambridge, MA, USA). All p-values were calculated as two-
sided, and significance was defined as P < 0.05.
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