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Abstract
Background  Tumor heterogeneity poses a major challenge to elucidating the mechanisms underlying tumor 
progression and metastasis. However, the cellular heterogeneity of triple-negative breast cancer (TNBC) remains 
incompletely understood.

Methods  We performed an integrated analysis of publicly available single-cell RNA sequencing (scRNA-seq) 
datasets from TNBC to identify distinct malignant cell subtypes. Multiple analytical approaches were then applied to 
comprehensively characterize the metastasis-related subtype. Subsequently, we validated GJB2 as a biomarker of this 
subtype and confirmed its association with epithelial–mesenchymal transition (EMT) in TNBC cell lines.

Results  Based on six scRNA-seq datasets from GSE180286 and GSE161529, we constructed a comprehensive 
landscape of malignant-cell heterogeneity in TNBC and identified three malignant cell subtypes: an EMT-Subtype, a 
secretory-like subtype (Sec-like Subtype), and a metabolic subtype (Metab-Subtype). We further identified GJB2 as a 
marker of the EMT-Subtype. Enrichment analyses indicated that GJB2 was closely associated with the TGF-β signaling 
pathway, and this finding was further supported by in vitro functional assays.

Conclusion  By classifying malignant TNBC cells into three subtypes, we identified GJB2 as a marker of the EMT-
Subtype. Mechanistically, GJB2 may promote EMT through the TGF-β signaling pathway and therefore represent a 
potential therapeutic target in TNBC. Targeting the GJB2–TGF-β axis may provide a promising strategy for suppressing 
the highly metastatic behavior of TNBC.
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Introduction
TNBC, defined by the absence of estrogen receptor 
(ER), progesterone receptor (PR), and human epidermal 
growth factor receptor 2 (HER2), represents a biologi-
cally and clinically aggressive subtype of breast cancer. 
TNBC accounts for approximately 10–20% of all breast 
cancer cases and is closely associated with a markedly 
increased risk of distant metastasis, recurrence, and mor-
tality [1, 2].

Tumor metastasis is a dynamic and complex biological 
process that involves not only the progressive acquisi-
tion of invasive and migratory capabilities by tumor cells 
but also extensive interactions with components of the 
tumor microenvironment. Increasing evidence indicates 
that immune cells and stromal cells within the tumor 
microenvironment play essential roles in shaping tumor 
progression, metastatic dissemination, and therapeu-
tic responses. In particular, immune components such 
as tumor-associated macrophages, T lymphocytes, and 
other immune regulators can actively influence tumor 
evolution by modulating inflammation, immune eva-
sion, and metastatic niche formation. Recent studies 
have highlighted the importance of the tumor immune 
microenvironment in determining tumor heterogeneity 
and clinical outcomes in breast cancer and other malig-
nancies [3–5]. In parallel, a variety of signaling pathways, 
including EMT-related transcriptional programs, extra-
cellular matrix remodeling, and pro-metastatic signal-
ing pathways such as TGF-β, PI3K/AKT, and NF-κB, 
have been identified as key drivers of tumor invasion 
and metastasis [6, 7]. However, most of these insights are 
derived from bulk transcriptomic analyses, which aver-
age signals across heterogeneous cell populations and 
may obscure the contributions of highly invasive malig-
nant cell subsets [8].

GJB2, also known as gap junction beta-2, encodes con-
nexin 26 (Cx26), a member of the β-connexin family. It 
forms intercellular gap junction channels that medi-
ate the direct exchange of ions, metabolites, and second 
messengers between adjacent cells. GJB2 is located on 
chromosome 13q11–q12 and encodes a transmembrane 
protein of approximately 26  kDa with four transmem-
brane domains. This protein oligomerizes to form con-
nexons, which assemble at the plasma membrane into 
gap junction plaques [9]. GJB2 is one of the most well-
established causative genes in hereditary hearing loss, 
particularly DFNB1-associated deafness [10]. Recent 
studies have further suggested that dysregulation of GJB2 
expression or function is closely associated with tumor 
initiation and progression, and that GJB2 may exert 
either tumor-suppressive or oncogenic effects in a con-
text-dependent manner [11].

ScRNA-seq is a rapidly evolving high-throughput 
omics technology that enables the profiling of genomic, 

transcriptomic, and even epigenomic information at 
single-cell resolution [12]. Compared with conventional 
bulk sequencing, scRNA-seq does not average sig-
nals across large cell populations; instead, it labels and 
sequences thousands to tens of thousands of individual 
cells, allowing a refined characterization of transcrip-
tional heterogeneity between cells [13, 14].

Previous studies have proposed several transcriptome-
based classification frameworks for TNBC, including 
claudin-low-like [15], immunomodulatory [16], and 
immune-suppressed [17] categories. However, these sub-
type classification systems were largely derived from bulk 
transcriptomic profiles and may not fully capture malig-
nant-cell-state heterogeneity at single-cell resolution.

In this study, we integrated multiple scRNA-seq datas-
ets of TNBC to systematically characterize the heteroge-
neity of malignant epithelial cells at single-cell resolution. 
Moreover, our findings identify a potential therapeutic 
target for limiting TNBC metastasis.

Results
Identification of three subtypes within the TNBC 
malignant-cell heterogeneity landscape
To dissect the heterogeneity of TNBC tumor cells from 
a single-cell perspective, we analyzed six TNBC samples 
from the GSE161529 and GSE180286 datasets (Fig. 1A). 
After stringent quality control, batch effect correction, 
selection of highly variable genes, and principal compo-
nent analysis (Supplementary Fig.  1A–F), the cells were 
classified into seven major lineages, including epithelial 
cells, T cells, macrophages, B cells, fibroblasts, endothe-
lial cells, and mast cells (Fig. 1B).

Because breast carcinoma originates from epithelial 
cells, malignant cells were presumed to be of epithelial 
origin [18]. We employed inferCNV to infer chromo-
somal copy number alterations and thereby distinguish 
malignant from non-malignant cells, ultimately iden-
tifying 16,512 malignant cells (Fig.  1C, Table S1). These 
malignant cells were then subjected to a second round 
of PCA and UMAP dimensionality reduction, followed 
by unsupervised clustering at a resolution of 0.3, which 
yielded nine tumor cell clusters. To assess the relation-
ships among these clusters, we first calculated the aver-
age expression profile of each cluster, selected the 50 
genes with the highest standard deviation within each 
cluster, and took the union of these genes as a feature set. 
Based on this feature set, we computed pairwise Spear-
man correlation coefficients [19] between clusters and 
subsequently merged highly correlated clusters into three 
subtypes: Subtype 1 (clusters 0, 1, 2, 3, and 7), Subtype 
2 (clusters 4 and 8), and Subtype 3 (clusters 5 and 6) 
(Fig. 1D-F).

We further performed non-negative matrix factor-
ization (NMF) [20] on the malignant cells. Specifically, 
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Fig. 1  Single-cell transcriptome analysis of TNBC reveals three malignant cell subtypes. A Overview of the six TNBC scRNA-seq datasets included in this 
study. B tSNE plot showing major cell types after data integration. C CNV analysis of epithelial cells distinguishing malignant from non-malignant cells. D 
UMAP plot of malignant epithelial cells. E Spearman correlation matrix of the average expression profiles of the nine malignant cell clusters.(F) UMAP plot 
of malignant cells colored by the three merged subtypes. G Evaluation of NMF factorization rank showing that k = 3 was selected as the optimal number 
of programs. H Heatmap of NMF-derived gene expression modules across malignant cells
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50 malignant cells were randomly sampled from each 
cluster to construct an expression matrix, and candi-
date factorization ranks (k = 2–10) were evaluated based 
on cophenetic correlation coefficients and consensus 
matrices, from which k = 3 was selected as the optimal 
rank (Fig.  1G). Consistently, NMF also partitioned the 
malignant cells into three groups. Notably, these three 
NMF-derived groups showed a high concordance (79.2%) 
with the three subtypes defined by correlation-based 
clustering, and the heatmap (Fig.  1H) illustrated that 
NMF decomposed the malignant cell expression pro-
files into three stable gene modules. We next assessed 
the robustness of the NMF-based clustering by repeated 
resampling. Across 10 independent runs, the median 
concordance was 76.3%, further supporting the validity 
of the three-subtype classification.

Marker genes and functional characterization of the three 
TNBC malignant cell subtypes
The molecular characteristics of the three TNBC tumor 
cell subtypes were next examined. Using the Seurat 
FindAllMarkers function, we performed differential 
expression analysis by comparing each subtype with the 
remaining malignant cells and thereby identified subtype-
specific differentially expressed genes (DEGs) (Fig.  2A). 
The top DEGs in Subtype 1 were predominantly associ-
ated with invasion and metastasis, including S100A2 
[21] and MMP7 [22]. In contrast, the leading DEGs in 
Subtype 2 were mainly associated with glandular differ-
entiation and secretory functions, such as SUSD3 [23] 
and STC2 [24]. Subtype 3 was enriched for metabolism-
related genes, with top DEGs including MFSD2A [25] 
and ACOX2 [26].

To further delineate the biological characteristics of 
the three malignant subtypes, we performed GO enrich-
ment analysis [27] based on the top 50 DEGs (Table S2) 
of each subtype and observed markedly distinct enrich-
ment patterns in biological processes. Subtype 1 was sig-
nificantly enriched in invasion- and metastasis-related 
pathways. Consistently, GSVA [28] revealed higher path-
way activity scores for EMT and TGF-β signaling in this 
subtype; therefore, we designated it as the “EMT-Sub-
type”. DEGs in Subtype 2 were mainly enriched in glan-
dular development and secretory functions, and GSVA 
further revealed increased activity of secretion-related 
pathways, leading us to define this cluster as the Sec-like 
Subtype. In contrast, Subtype 3 displayed strong enrich-
ment in metabolic and biosynthetic processes, with 
GSVA indicating higher scores in energy metabolism and 
mTORC1-related pathways; accordingly, we termed it the 
“Metab-Subtype” (Fig. 2B–C).

DE-ERGs and molecular characterization in TNBC patients
To investigate the dysregulation of EMT-related genes 
in TNBC, we first retrieved 200 EMT-related genes 
(ERGs) from the MSigDB database [19] (Table S3). Using 
expression data from 117 TNBC samples and 113 nor-
mal breast tissue samples in the TCGA cohort, we per-
formed differential expression analysis and identified 
6,056 DEGs (|log2FC|> 1, p < 0.05). Among the 200 EMT 
genes, 99 were differentially expressed in the TCGA 
cohort (Fig.  3A), of which 58 were upregulated and 41 
were downregulated in TNBC (Table S4), indicating that 
EMT-related programs are profoundly dysregulated in 
TNBC. To further expand the EMT-related gene set, we 
used these 99 differentially expressed EMT genes as seed 
genes and performed Pearson correlation analysis, iden-
tifying 7,389 significantly associated EMT-related genes 
(DE-ERGs) (|R|> 0.5, p < 0.001; Table S5). Among these, 
133 genes were themselves significantly differentially 
expressed, including 75 upregulated and 58 downregu-
lated genes in tumor tissues (|log2FC|> 4, p < 0.05; Table 
S6).

Identification of GJB2 as an EMT-associated molecular 
marker in TNBC
To identify potential molecular targets that could effec-
tively inhibit TNBC metastasis, we focused on the top-
ranked DEGs within the EMT subtype. Integrating our 
previous analyses, we found that GJB2 emerged as a 
particularly noteworthy gene: it ranked among the lead-
ing DEGs in the EMT subtype and was also one of the 
significantly differentially expressed EMT-related genes 
(DE-ERGs) (|log2FC|> 4, p < 0.05). This finding was fur-
ther supported by analysis of the GEPIA2 database 
(Fig. 3B). ROC curve analysis based on the TCGA cohort 
demonstrated that GJB2 exhibited strong diagnostic per-
formance for distinguishing TNBC tissues from normal 
breast tissues, with an AUC of 0.943 (Fig.  3C). In addi-
tion, Kaplan–Meier Plotter analysis ​(​​​h​t​t​p​s​:​/​/​k​m​p​l​o​t​.​c​o​
m​/​a​n​a​l​y​s​i​s​/​​​​​) showed that elevated GJB2 expression was 
significantly associated with unfavorable overall survival 
(OS) and distant metastasis-free survival (DMFS) in 
patients with TNBC (Fig.  3D–E). These results indicate 
that GJB2 may have potential diagnostic and prognostic 
value in TNBC.

The relationship between GJB2 and EMT-related sig-
naling in TNBC was further clarified by evaluating the 
association between GJB2 expression and Hallmark path-
way activity in TNBC samples from the TCGA-BRCA 
cohort. Correlation analysis revealed that GJB2 was posi-
tively associated with the EMT Hallmark and multiple 
EMT-related signaling pathways, with several pathways 
exhibiting a significant positive Pearson correlation with 
GJB2 (Fig.  3F). Moreover, TNBC samples were strati-
fied into GJB2-high and GJB2-low groups based on its 

https://kmplot.com/analysis/
https://kmplot.com/analysis/
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Fig. 2  Molecular signatures and pathway enrichment of TNBC tumor cell subtypes. A Heatmap of subtype-specific marker genes identified by differential 
expression analysis. B GO biological process enrichment analysis of the top 50 marker genes for each subtype. C Heatmap of GSVA scores for representa-
tive pathways across the three malignant cell subtypes
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Fig. 3 (See legend on next page.)
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expression, and GSVA scores of selected Hallmark path-
ways were compared between these two groups (Fig. 3G). 
Collectively, these findings support the notion that GJB2 
is an EMT-associated gene in TNBC.

GJB2 is best known for its pivotal role in autosomal 
recessive hereditary deafness and has been extensively 
studied in the field of genetic hearing loss. However, sys-
tematic investigations of GJB2 in breast cancer are still 
lacking, and reports in other tumor types remain rela-
tively limited.

Single-gene GSEA was performed on bulk transcrip-
tomic data from 117 TNBC samples in the TCGA cohort, 
and the top five Hallmark gene sets with the most sig-
nificant positive enrichment (NES > 0) were displayed 
(Fig.  3H). In this analysis, high GJB2 expression was 
significantly enriched in the EMT and TGF-β Hallmark 
pathways. Together with the strong positive correlation 
between GJB2 expression and TGF-β pathway activity in 
TCGA-BRCA TNBC samples, these findings suggest that 
GJB2 may mediate EMT in TNBC through the TGF-β 
pathway and serve as a potential EMT-related biomarker.

GJB2 promotes EMT through the TGF-β/Smad pathway
We next experimentally validated the role of GJB2 in 
TGF-β–driven EMT in breast cancer cells. To evaluate 
the subtype specificity of GJB2 expression, we compared 
GJB2 levels between TNBC and non-TNBC breast can-
cer cell lines. Western blot analysis showed that GJB2 
expression was consistently higher in TNBC cell lines, 
whereas non-TNBC breast cancer cell lines exhibited 
relatively low GJB2 expression (Fig. 4A). Based on these 
findings, MDA-MB-231 and MDA-MB-436 cells, which 
displayed relatively high endogenous GJB2 expression, 
were selected for subsequent loss-of-function experi-
ments. GJB2 knockdown increased E-cadherin expres-
sion while decreasing N-cadherin, vimentin, Snail, and 
Slug, suggesting a mesenchymal-to-epithelial phenotypic 
reversal (Fig.  4B). In addition, GJB2 knockdown mark-
edly reduced the ratio of phosphorylated Smad2/3 to 
total Smad2/3, indicating attenuation of TGF-β/Smad 
signaling. Treatment with exogenous TGF-β1 partially 
restored Smad2/3 phosphorylation, suggesting that GJB2 
promotes EMT through activation of the TGF-β path-
way (Fig. 4C). Consistent with these findings, Transwell 
migration assays (Fig.  4D and F) and wound-healing 
assays (Fig.  4E and G) further demonstrated that GJB2 

knockdown significantly impaired migratory capacity, 
whereas exogenous TGF-β1 treatment partially rescued 
this effect.

Discussion
In this study, we used a multi-omics strategy to sys-
tematically dissect the lineage heterogeneity of malig-
nant epithelial cells in TNBC and to identify potentially 
actionable molecular targets. By integrating six publicly 
available scRNA-seq datasets of TNBC, inferring CNV 
profiles in epithelial cells, and applying NMF-based 
unsupervised clustering, we delineated three malignant 
cell subtypes with distinct transcriptional and functional 
programs: an EMT-Subtype, a Sec-like Subtype, and a 
Metab-Subtype. Focusing on the EMT-Subtype, we iden-
tified GJB2 as a subtype-specific marker gene that was 
markedly upregulated in TNBC tissues relative to normal 
breast tissues, strongly correlated with multiple EMT-
related gene programs, and among the most significantly 
dysregulated EMT-related genes (ERGs). Concordant 
evidence from single-gene GSEA, GSVA, and in vitro 
functional assays in TNBC cell lines demonstrated that 
high GJB2 expression is closely associated with activation 
of EMT and the TGF-β/Smad signaling pathway, as well 
as enhanced migratory capacity, supporting the role of 
GJB2 as an EMT-related biomarker and a potential thera-
peutic target in TNBC.

Compared with conventional bulk transcriptomic 
profiling, scRNA-seq enables the resolution of cellular 
subpopulations with distinct lineage origins, differentia-
tion states, and functional phenotypes at the single-cell 
level. In multiple solid tumors, scRNA-seq studies have 
revealed EMT-like cells, stem/progenitor-like popu-
lations, and immune-evasive cell subsets, and have 
proposed numerous novel molecular markers and thera-
peutic targets on this basis. For example, Sun et al. used 
single-cell RNA sequencing to compare endothelial cells 
from breast cancer and normal breast tissue, and identi-
fied a gene expression signature specific to tumor-asso-
ciated endothelial cells, which may serve as a potential 
vascular-targeting biomarker [29]. In HR +/HER2 − met-
astatic breast cancer, Luo et al. compared scRNA-seq 
profiles of tumor cells before and after CDK4/6 inhibitor 
treatment and identified a set of molecular biomarkers 
capable of predicting late progression, thereby providing 

(See figure on previous page.)
Fig. 3  GJB2 is associated with diagnostic/prognostic value and EMT-related signaling in TNBC. A Differential expression analysis of Hallmark EMT-related 
genes between TCGA TNBC tumors and normal breast tissues, identifying significantly dysregulated EMT-related genes. B Boxplot showing GJB2 mRNA 
expression in TNBC and normal breast tissues based on the GEPIA2 database. C Receiver operating characteristic (ROC) curve evaluating the diagnostic 
performance of GJB2 for distinguishing TNBC tissues from normal breast tissues in the TCGA cohort. D Kaplan–Meier analysis of overall survival (OS) ac-
cording to GJB2 expression in patients with TNBC. E Kaplan–Meier analysis of distant metastasis-free survival (DMFS) according to GJB2 expression in 
patients with TNBC. F Correlation analysis between GJB2 expression and Hallmark pathway activity scores in TCGA TNBC samples. G Comparison of GSVA 
scores for selected Hallmark pathways between GJB2-high and GJB2-low TNBC groups. H Single-gene GSEA of GJB2 in TCGA TNBC samples, showing 
enrichment of EMT- and TGF-β-related Hallmark pathways
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potential targets for individualized therapy and resistance 
monitoring [30].

GJB2 encodes connexin 26, a member of the gap junc-
tion protein family, and is one of the best-established 
causative genes in autosomal recessive non-syndromic 
sensorineural hearing loss. Beyond non-syndromic deaf-
ness, GJB2 abnormalities have also been implicated in 
several syndromes characterized by skin hyperkeratosis 
combined with hearing loss [31]. Increasing evidence 
indicates that GJB2 and GJB2-mediated gap junctions 
exert context-dependent dual roles in tumorigenesis and 
tumor progression: in some tumor types, GJB2 appears 
to have tumor-suppressive properties [32], whereas in 
others, such as lung adenocarcinoma [33] and colorectal 
cancer [34], high GJB2 expression is associated with poor 
prognosis. In breast tissue, GJB2 is markedly upregu-
lated during pregnancy and lactation [35]. Early studies 
reported hypermethylation of the GJB2 promoter region, 
suggesting a potential tumor-suppressive role [36]; how-
ever, subsequent work showed that in a subset of breast 
cancers, particularly those with aggressive phenotypes, 
GJB2 mRNA and protein levels are significantly elevated 
and correlate with lymph node metastasis and advanced 
clinical stage [37].

It should be noted that this study has several limita-
tions. First, although we demonstrated at the cellular 
level that GJB2 promotes EMT and migration through 
the TGF-β/Smad pathway, in vivo evidence from animal 
models is still lacking to evaluate the efficacy and safety 
of targeting GJB2 to inhibit distant TNBC metastasis. 
Second, it will be necessary to validate the association 
between GJB2 expression, metastatic risk, and clinical 
outcomes in larger, independent TNBC cohorts with 
detailed metastasis and follow-up information, and to 
systematically assess its sensitivity and specificity as a 
diagnostic and prognostic biomarker.

Conclusion
Overall, we systematically delineated the heterogeneity 
of malignant epithelial cells in TNBC and identified GJB2 
as a marker of the EMT-Subtype. Elevated GJB2 expres-
sion was closely associated with EMT and may represent 
a potential therapeutic target in TNBC.

Materials and methods
Single-cell data collection and basic analysis
Six TNBC scRNA-seq samples (GSM4909281, 
GSM4909282, GSM4909283, GSM4909284, 
GSM5457199, and GSM5457208) were downloaded 
from the GEO database, including four samples from 
GSE180286 and two from GSE161529 for integrated 
analysis. Raw count matrices were imported into the 
Seurat R package for processing and underwent stan-
dard quality control. Low-quality cells were filtered 

using the following thresholds: each gene expressed 
in ≥ 5 cells; ≥ 300 detected genes per cell; mitochondrial 
gene percentage < 20%; ribosomal gene percentage > 3%; 
hemoglobin gene percentage < 1%; and total detected 
genes ≤ 6000 per cell. Expression values were then nor-
malized, log-transformed, centered, and scaled to unit 
variance.

Highly variable genes (n = 3000) were selected using the 
variance-stabilizing transformation (VST) method and 
used as input for principal component analysis (PCA). 
Selected principal components were further corrected for 
batch effects using RunHarmony, and Harmony embed-
dings were visualized by UMAP. Shared nearest-neighbor 
graphs were constructed using FindNeighbors, followed 
by graph-based clustering with FindClusters. Clusters 
were manually annotated into seven major lineages based 
on canonical marker genes reported in the literature.

Identification of malignant cells
Copy number variation (CNV) profiles were inferred 
from scRNA-seq data using the inferCNV R package. 
T cells and macrophages were designated as reference 
populations, whereas epithelial cells were defined as the 
observation group. After denoising, epithelial cells exhib-
iting large-scale chromosomal gains and losses were clas-
sified as malignant, while those with relatively flat CNV 
patterns were considered non-malignant.

Transcriptional similarity analysis among malignant cell 
clusters
To evaluate transcriptional similarity across malignant 
clusters, the average gene expression profile of each clus-
ter was calculated. For each cluster, the top 50 genes with 
the highest standard deviation were selected, and their 
union was used as a feature gene set. Spearman correla-
tion coefficients were computed based on the expression 
of these genes across clusters to quantify pairwise simi-
larity. The resulting correlation matrix was subjected to 
hierarchical clustering to group clusters into transcrip-
tionally related subpopulations.

NMF clustering
NMF analysis was performed on downsampled malig-
nant cells, with 50 randomly selected cells from each 
cluster included for each run; all cells were retained when 
fewer than 50 were available. A log-normalized expres-
sion matrix was constructed from scRNA-seq data. The 
optimal factorization rank was determined by inspect-
ing rank plots and consensus heatmaps across candidate 
ranks, and k = 3 was selected. Final NMF modeling was 
performed with rank = 3 and repeated 10 times to obtain 
stable solutions.
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Fig. 4  Experimental validation of the role of GJB2 in EMT and migration in TNBC cells. A Western blot analysis of GJB2 protein expression in TNBC and 
non-TNBC breast cancer cell lines. B Western blot analysis of EMT-related proteins (E-cadherin, N-cadherin, vimentin, Snail, and Slug) in MDA-MB-231 cells 
transfected with siGJB2#1, or siGJB2#2. C Western blot analysis of total Smad2/3 and phosphorylated Smad2/3 in control and GJB2-knockdown MDA-
MB-231 cells with or without exogenous TGF-β1 treatment. D Representative images of Transwell migration assays. E Representative images of wound-
healing assays. F Quantification of migrated cells in the Transwell assay.). G Quantification of wound closure rates
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Identification of subtype-specific marker genes
Subtype-specific markers were identified using the 
FindAllMarkers function, with subtype identity used as 
the grouping variable. Genes significantly upregulated 
in a given subtype compared with the others were desig-
nated as positive marker genes.

GO enrichment analysis and GSVA scoring
GO functional enrichment of subtype-specific DEGs was 
performed using the clusterProfiler R package. To quan-
titatively compare functional differences across subtypes, 
GSVA analysis was conducted on the log-normalized 
matrix using the MSigDB Hallmark gene sets to generate 
pathway activity scores.

Correlation and differential expression analysis of EMT-
related genes
Differential expression analysis between TNBC and 
normal breast tissues from the TCGA-BRCA cohort 
was conducted using the limma package (|log2FC|> 1, 
p < 0.05) to identify TNBC-associated DEGs. These DEGs 
were intersected with MSigDB-defined EMT gene sets 
to obtain differentially expressed EMT-related genes 
(DE-ERGs). Using DE-ERGs as seed genes, Pearson cor-
relation coefficients were computed between each seed 
gene and all protein-coding genes in the normalized 
TCGA matrix. Genes significantly correlated with at least 
one DE-ERG (|R|> 0.5, p < 0.001) were defined as EMT-
related genes (ERGs).

Single-gene GSEA
For each dataset, correlation coefficients between the 
target gene and all other genes were calculated and used 
to generate a preranked gene list. GSEA was then per-
formed on the preranked list using MSigDB gene sets. 
Enrichment significance was evaluated using the normal-
ized enrichment score (NES) and FDR q-value; pathways 
with FDR q < 0.25 were considered significantly enriched.

siRNA, cell transfection, and antibodies
Two siRNAs targeting human GJB2 were synthesized by 
GenePharma (Shanghai, China) and used for transient 
knockdown. The sequences were as follows: siGJB2-1 
(GJB2-Homo-391), sense: 5′-​G​C​U​G​C​A​A​G​A​A​C​G​U​G​U​
G​C​U​A​T​T-3′, antisense: 5′-​U​A​G​C​A​C​A​C​G​U​U​C​U​U​G​C​A​
G​C​T​T-3′; siGJB2-2 (GJB2-Homo-634), sense: 5′-​U​C​U​U​
C​U​U​C​C​G​G​G​U​C​A​U​C​U​U​T​T-3′, antisense: 5′-​A​A​G​A​U​
G​A​C​C​C​G​G​A​A​G​A​A​G​A​T​T-3′. A scrambled siRNA was 
used as a negative control (siNC). Transfection was per-
formed using a commercial transfection reagent accord-
ing to the manufacturer’s instructions. Antibodies used 
in this study included:GJB2 (16,960–1-AP, Proteintech, 
China), E-cadherin (20,874–1-AP, Proteintech, China), 
N-cadherin (22,018–1-AP, Proteintech, China), Vimentin 

(10,366–1-AP, Proteintech, China), Snail (13,099–1-
AP, Proteintech, China), Slug (12,129–1-AP, Protein-
tech, China), β-Actin (66,009–1-Ig, Proteintech, China), 
GAPDH (GB15004, Servicebio, China), Smad2/3 (HY-
P80893, MCE, China), P-Smad2/3 (HY-P86139, MCE, 
China).

Western blot
Cells were transfected with negative control siRNA (NC) 
or two independent siRNAs targeting GJB2 (siGJB2#1 
and siGJB2#2) and harvested after 72  h for protein 
extraction. For EMT marker detection, cells were lysed 
in RIPA buffer containing 1% protease and phosphatase 
inhibitor cocktail. To assess Smad pathway activation, 
NC- and GJB2-knockdown cells were serum-starved for 
24 h and then stimulated with recombinant human TGF-
β1 (2 ng/mL, 30 min) or left untreated before lysis. Pro-
tein lysates were denatured and separated by SDS-PAGE 
on 4–20% gradient gels.

Cell migration assay
Transwell chambers were used to assess cell migration. 
Briefly, digested cells were resuspended in serum-free 
DMEM and seeded into the upper chamber of 24-well 
Transwell inserts. The lower chamber was filled with 
DMEM containing 10% FBS to establish a serum gra-
dient as a chemoattractant. After 24  h, non-migrated 
cells on the upper surface were removed with a cotton 
swab, whereas migrated cells on the lower surface were 
fixed with 4% paraformaldehyde and stained with 0.5% 
crystal violet. Excess dye was washed away with PBS, 
and migrated cells were imaged and counted under a 
microscope.

Wound-healing assay
Cells (5 × 10^5 per well) were seeded into 6-well plates 
and grown in complete medium until reaching 90–100% 
confluence. A straight wound was created using a ster-
ile 200-µL pipette tip. Detached cells were removed by 
gentle washing with PBS, after which serum-free DMEM 
was added to minimize proliferation-driven effects dur-
ing wound closure.

Statistical analysis
Data are presented as mean ± SD from at least three inde-
pendent experiments. Statistical analyses were performed 
using GraphPad Prism 10.1.2 and R (version 4.5.2). 
Comparisons among groups were analyzed using two-
way ANOVA followed by Šídák’s multiple comparisons 
test, with comparisons made between selected columns 
within each row. Comparisons between two groups were 
performed using an unpaired two-tailed Student’s t-test. 
Statistical significance was defined as follows: ns, not sig-
nificant; *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.
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