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Abstract 

Background: Breast cancer (BC) has emerged as the second most common cancer globally, making 

the exploration of its molecular mechanisms and novel therapeutic targets an urgent priority. 

Objectives: This study aimed to identify key genes mediating the anti-BC effects of apigenin through 

bioinformatics analysis. 

Methods: Weighted gene co-expression network analysis (WGCNA) was used to identify 

BC-associated gene modules (turquoise, yellow, and brown). Genes from these modules were 

intersected with differentially expressed genes (DEGs) from apigenin-treated BC cells, and then 

protein-protein interaction (PPI) analysis was performed to identify hub genes. The TCGA‑BRCA 

dataset, the Gene Expression Profiling Interactive Analysis (GEPIA), and the Human Protein 

Atlas were employed for expression validation, as well as for prognostic and 

immune-infiltration analyses. KEGG enrichment analysis, molecular docking, and Western blotting 

were carried out to elucidate pathways, ligand-binding affinities, and the changes of 

protein-level expression. 

Results: The intersection analysis and PPI screening jointly identified 10 hub genes. Validation using 

TCGA-BRCA, GEPIA, and the Human Protein Atlas confirmed that these genes exhibited distinct 

expression patterns between tumor and normal tissues, along with significant 

associations with survival outcomes and immune-cell infiltration. KEGG enrichment analysis 

suggested that these hub genes are involved in arginine and proline metabolism, as well 

as in cancer-related pathways. Molecular docking and Western blotting demonstrated that 

apigenin exhibits high binding affinity for IPO4, RRP9, and METTL1, and that the downregulation of 

their protein expression accompanies this. 

Conclusion: The 10 hub genes could serve as potential prognostic biomarkers and candidate 

therapeutic targets for apigenin-based BC therapy, thereby providing mechanistic insights into the 

antitumor effects mediated by this traditional Chinese medicine (TCM) monomer. 

Keywords: Breast cancer, Apigenin, Hub genes, WGCNA, Bioinformatics 
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1. Introduction 

Breast cancer (BC) is one of the most common malignant tumors affecting women, arising 

primarily from breast tissue and typically manifesting with symptoms including breast lumps, skin 

changes, and nipple discharge.  Although patient survival rates have improved modestly as a result 

of the continuous advances in early diagnosis and treatment of BC, both incidence and 

mortality continue to rise, particularly among middle-aged and elderly women [1]. In 2022, there were 

2.3 million new cases and 670,000 female breast cancer deaths worldwide. In half of the countries 

surveyed, the annual rate increased by 1-5%. By 2050, the number of new cases and deaths is expected 

to increase by 38% and 68%, respectively [2]. Although radiotherapy and chemotherapy have made 

remarkable advances in BC treatment in recent years, most current drugs continue 

to exhibit considerable toxic side effects and drug resistance [3; 4]. Therefore, it is imperative to 

further identify risk factors that influence the occurrence and progression of BC and to develop 

therapeutic strategies. 

Apigenin is a natural flavonoid compound with the chemical name 4',5,7-trihydroxyflavone. It 

exhibits diverse pharmacological effects, encompassing neuromodulation [5], hypoglycemic activity, 

anti-apoptotic properties, anti-inflammatory and antioxidant properties [6]. Previous studies have 

shown that the anti‑cancer mechanisms of apigenin include suppression of cell migration and invasion, 

induction of cell‑cycle arrest, promotion of apoptosis, and interference with tumor‑associated signaling 

pathways [7; 8]. Apigenin has been shown to suppress highly metastatic human triple-negative BC by 

interfering with YAP/TAZ transcription activity [9]. Collectively, these findings indicate 

that apigenin possesses significant anti-tumor potential as a bioflavonoid. Nevertheless, systematic 

investigations into the mechanism of apigenin in BC are still limited, and its key molecular targets and 

regulatory networks remain to be elucidated. This knowledge gap severely limits its clinical translation 

and practical application. 

In recent years, the rapid progress in bioinformatics has provided powerful tools for integrating 

multi-omics data and identifying key genes associated with diseases. Gene chips and microarrays 

have been widely used to screen for differentially expressed genes (DEGs) [10]. Weighted Gene Co-

expression Network Analysis (WGCNA) identifies gene modules that are highly correlated with 

clinical features in high-throughput expression data, thereby facilitating the discovery of functional 

synergistic networks underlying disease pathogenesis. Furthermore, by integrating expression analysis, 
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protein interaction networks, and multi-database validation, hub genes that play pivotal roles in disease 

progression and drug response can be systematically identified. 

On this basis, the present study aims to systematically identify potential molecular targets of 

apigenin in BC by integrating bioinformatics approaches with experimental validation, and 

to evaluate their clinical significance. WGCNA was employed to identify key gene modules from BC 

cell expression data. Intersection of these modules with the genes differentially 

expressed following apigenin intervention then yielded a set of candidate hub genes. Subsequently, 
multi-omics databases were used to validate their expression patterns, prognostic significance, 

and their associations with immune cell infiltration and DNA methylation. Finally, molecular docking 

and Western blot analysis were performed to verify the binding affinity 

and expression regulation of the key targets, thereby offering targeted therapeutic insights into the 

application of traditional Chinese medicine (TCM) in cancer treatment (Figure 1). 

                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                              

2. Materials and methods 

2.1 Data preparation 

The BC datasets GSE48213, GSE119552, and GSE33447 were obtained from NCBI Gene 

Expression Omnibus (GEO)[11]. GSE48213 contains high-throughput sequencing expression profiles 

from 56 BC cell lines, generated using the Illumina Genome Analyzer IIx platform. GSE119552 

comprises gene expression data from MCF-7 breast cancer cells after 24 h treatment with E2, 

zearalenone, or apigenin. Each treatment condition was performed in four independent replicates. The 

expression profiles from apigenin-treated and untreated MCF-7 tumor cells were then screened and 

analyzed. The platform is Agilent-039494 SurePrint G3 Human GE v2 8x60K Microarray 039381. 

GSE33447 comprises 8 breast tumor tissues and 8 matched non-tumor breast tissues. This dataset was 

generated using the Agilent-028004 SurePrint G3 Human GE 8×60K Microarray. Following the 

download of normalized data, custom R scripts were utilized to map probe IDs to gene symbols. To 

construct a gene-level expression matrix, expression values from multiple probes mapping to the same 

gene were averaged. To mitigate potential batch effects arising from different data sources, 

the removeBatchEffect function from the limma package was applied. Survival differences across 

patient groups stratified by gene expression levels were evaluated using the Kaplan–Meier method and 

log-rank tests. Furthermore, statistically significant fold changes were visualized in a volcano plot 
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generated with the ggplot2 package (False discovery rate < 0.05 and |log2(fold-change)| > 1). All the 

aforementioned data processing and analyses were conducted within the R environment. 

2.2 Construction of WGCNA 

The expression data was preprocessed and normalized using R. The WGCNA R package 

was employed to construct the gene co-expression network. Initially, outliers in the 

RNA expression data were filtered out. Genes were sorted by their standard deviation (SD) values, and 

the top 5,000 genes were retained for WGCNA analysis. Soft‑thresholding applies continuous 

element‑wise thresholding to the adjacency matrix via a power function, and the selection of the β 

parameter affects the module detection results. To achieve a scale-free network topology, a β value of 

9 was selected, yielding a scale-free fit index of R² = 0.85. The adjacency matrix was then 

transformed into a topological overlap matrix (TOM) to quantify network connectivity. 

Furthermore, average-linkage hierarchical clustering was performed based on the 

TOM dissimilarity measure, and the resulting dendrogram was further analyzed for module 

identification. 

2.3 Identification of Clinically Significant Modules 

Co-expression modules are highly topologically overlapping and share similar gene sets

—genes within a module exhibit higher co-expression. Two key metrics were used to identif

y modules significantly associated with clinical features. The module eigengene (ME) is defi

ned as the first principal component of a given module and serves to summarize the express

ion profile of that module across each sample. Module membership (MM) is the correlation 

coefficient between genes and module characteristic genes. Finally, the correlation coefficient

s between each ME and the clinical traits were calculated to identify the modules most stron

gly associated with the clinical features of interest. 

2.4 Identification of key genes 

Prior to analysis, probe IDs in each dataset were converted to corresponding gene symb

ols. The Limma package was employed to identify DEGs from the expression matrix compari

ng apigenin-treated with untreated MCF-7 tumor cells. Two thresholds were selected: False d

iscovery rate < 0.05 and |log2 (fold-change)| > 1, and a volcano plot was generated accordin

gly. Subsequently, based on the DEGs, hierarchical clustering analysis of their expression val

ues was performed and visualized as a heatmap with centered Pearson correlation. Finally, th
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e overlap between the DEGs and the significant gene modules was determined. 

2.5 Function enrichment analysis 

The Database for Annotation, Visualization and Integrated Discovery (DAVID)[12] is a p

ublicly available bioinformatics resource that integrates diverse biological data and analytical 

tools to provide systematic and comprehensive functional annotation for large gene or protei

n lists. DAVID was used to perform functional annotation of the identified key genes. The e

nrichment results were visualized using R software. 

2.6 Protein-protein interaction (PPI) network analysis and hub gene screening 

The STRING database is a platform that predicts potential PPIs. These interactions enco

mpass both direct physical binding between proteins and indirect functional associations[13]. 

Analyzing the interactions and functional relationships among key genes can provide valuabl

e insights into disease pathogenesis and progression. The PPI network was constructed and v

isualized using Cytoscape (v. 3.5.0). It has been reported that protein expression levels are p

ositively correlated with the functional significance of their corresponding genes. Thus, highly

 expressed genes are more likely to represent key functional genes. CytoHubba, a Cytoscap

e plugin, was used to identify hub nodes within the PPI network. The top 10 genes, ranked 

by their node degrees, were designated as hub genes. 

2.7 Validation of hub genes 

Gene Expression Profiling Interactive Analysis (GEPIA)[14] is an online database that enables 

analysis of RNA-sequencing expression data derived from 9,736 tumor and 8,587 normal samples in 

the TCGA and GTEx projects. The expression levels of the hub genes in TCGA-BRCA were 

visualized with the GEPIA platform. Protein-level expression of the hub genes was further validated 

using the Human Protein Atlas portal[15]. 

2.8 Association between hub genes and tumor‑infiltrating immune cells 

Tumor Immune Estimation Resource (TIMER)[16] is an online tool that utilizes RNA-se

q expression data to estimate immune cell infiltration levels in tumor microenvironments. Thi

s tool was employed to investigate the correlations between the 10 hub genes and the abund

ance of tumor-infiltrating immune cells, including B cells, CD4⁺ T cells, CD8⁺ T cells, neutr

ophils, macrophages, and dendritic cells. 

2.9 Methylation analyses of hub genes 
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The UALCAN portal is a comprehensive, user-friendly, and interactive web-based resour

ce for the analysis of cancer multi-omics data. The platform enables the assessment of epige

netic gene regulation via promoter DNA methylation[17]. Specifically, the methylation level

s of the hub genes were compared between tumor and normal tissues, and the correlation be

tween their expression and corresponding methylation levels was evaluated using the methylat

ion data available in the TCGA-BRCA dataset. 

2.10 Genetical alteration of hub genes 

The cBioPortal for Cancer Genomics is a comprehensive platform that facilitates the exploration 

and visualization of multidimensional cancer genomics data across genes, samples, and data 

types[18]. It supports cancer research by enabling the integration and interpretation of genetic, 

epigenetic, transcriptomic, and proteomic data. Through its interactive query interface, the platform 

provides comprehensive genomic profiles, allowing researchers to explore and compare genetic 

alterations across different samples.  

2.11 Molecular Docking 

The molecular structure of the active component apigenin was constructed using ChemDraw, 

saved in PDBQT format, and used as the docking ligand. Crystal structures of ten target proteins 

(including MRTO4 and BYSL) were obtained from the RCSB Protein Data Bank (PDB)[19]. The 

protein structures were prepared for docking by removing free water molecules, adding hydrogen 

atoms, and calculating Gasteiger charges. Molecular docking was performed using AutoDockTools 

(ADT) software. A docking grid encompassing the predicted active site of each protein was defined, 

followed by docking simulations that generated DLG result files. The 3D conformation exhibiting the 

highest binding affinity and the most stable intermolecular interactions was selected. This 

conformation was exported as a PDBQT file, and the docking results were visualized using PyMOL. 

2.12 Cell culture and transfection 

Human breast cancer cell lines MCF-7, MDA-MB-231 and SK-BR-3 were purchased from 

Procell (Wuhan, China; CL-0149, CL-0150B, CL-0211). According to the quality-control certificates 

provided by the supplier, all cell lines were authenticated by STR profiling and tested negative for 

mycoplasma contamination before delivery. MCF-7 and MDA-MB-231 cells were cultured in 

high-glucose DMEM medium (Procell, PM150210), while SK-BR-3 cells were maintained in 

McCoy’s 5A medium (Procell, CM-0211). All culture media were supplemented with 10% fetal bovine 
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serum (FBS, HyClone, SV30087.02) and 1% penicillin-streptomycin solution (P/S, Biosharp, 

BL505A). Cells were cultured at 37 °C with 5% CO₂ and saturated humidity. Apigenin (Yuanye, 

A10033) was dissolved in DMSO (Biosharp, BL165B) to prepare a 100 mM stock solution. The stock 

solution was sterile-filtered through a DMSO-compatible 0.22 μm filter, aliquoted away from light, 

stored at −20 °C, and protected from repeated freeze-thaw cycles. Before experiments, apigenin was 

diluted to the working concentrations with complete culture medium. 

Breast cancer cells (MCF-7, MDA-MB-231, SK-BR-3) in logarithmic growth phase were 

trypsinized and counted, then seeded into 6-well plates at a density of 2×10⁵ cells per well. When cell 

confluence reached approximately 70–80%, plasmid transfection was performed using 

Lipofectamine™ 3000 transfection reagent (Thermo Fisher Scientific, L3000008) following the 

manufacturer’s instructions. The full-length coding sequences of human IPO4, METTL1, and RRP9 

were individually cloned into the pcDNA3.1 vector to construct overexpression plasmids pcDNA3.1-

IPO4, pcDNA3.1-METTL1, and pcDNA3.1-RRP9, respectively. An empty pcDNA3.1 plasmid 

without target gene insertion was used as the negative control (Vector). Each overexpression plasmid 

or empty vector was transfected into the corresponding breast cancer cells. All plasmids were 

constructed and supplied by Yibeirui Biosciences (China). At 24 h post-transfection, the medium was 

replaced with fresh complete medium containing the designated concentration of apigenin, or with an 

equal volume of DMSO, for another 24 h of incubation. Cells were harvested afterwards for subsequent 

experiments. 

2.13 CCK-8 assay for detection of cell proliferative viability 

MCF-7, MDA-MB-231 and SK-BR-3 cells in logarithmic growth phase were trypsinized, 

counted and seeded into 96-well plates. MCF-7 and SK-BR-3 cells were seeded at a density of 5 × 10³ 

cells per well, while MDA-MB-231 cells were seeded at 3 × 10³ cells per well. Each well contained 

100 μL of complete medium. After cell attachment, the culture medium was replaced with fresh 

complete medium containing serially diluted apigenin; an equal volume of DMSO was added to the 

vehicle control group. Following 24 h of apigenin treatment, 10 μL of CCK-8 reagent (Beyotime, 

C0037) was added to each well, and the plates were incubated at 37 °C for 2 h. The absorbance at 450 

nm was subsequently measured using a microplate reader. Cell viability of each treatment group was 

normalized to the vehicle control group (defined as 100% viability). Based on the logarithmic values 

of apigenin concentrations on the X-axis, a four-parameter nonlinear regression model was used to fit 
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the dose–response curve and calculate the half-maximal inhibitory concentration (IC₅₀) in GraphPad 

Prism 10.6.1. 

2.14 Western blot 

Total protein was extracted from MCF‑7, MDA‑MB‑231, and SK‑BR‑3 cells following treatment 

with cell line- and experiment-specific concentrations of apigenin. The protein concentration of cell 

lysates was determined using the BCA protein assay kit (Beyotime, P0010). After sample loading, 

proteins were separated via 10% SDS-PAGE electrophoresis and then transferred onto Polyvinylidene 

Fluoride (PVDF) membranes (Millipore, IPVH00010) by wet transfer. The membranes were blocked 

for 2 h and subsequently incubated with primary antibodies overnight at 4 °C. Primary antibodies used 

included RRP9 (Abcam, ab168849), IPO4 (Proteintech, 67549-1-Ig), METTL1 (Immunoway, 

YN5872), and the internal reference GAPDH (ProMab, YM8394). The dilution ratio was 1:1000 for 

RRP9, IPO4 and METTL1, and 1:10000 for GAPDH. After overnight incubation at 4 °C, membranes 

were incubated with goat anti-rabbit IgG secondary antibody (Immunoway, RS0002) at room 

temperature for 2 h. Protein bands were visualized by chemiluminescence, and signal intensities were 

analyzed using ImageJ software. 

2.15 Statistical analysis 

Survival analysis of the hub genes was performed using GEPIA, and those with statistically 

significant results (log-rank P < 0.05) were retained, highlighting the potential critical roles of 

these genes. The LinkedOmics database provides multi-omic and clinical data across 32 cancer 

types, comprising up to 11,158 patients from TCGA project[20]. The LinkFinder module allows 

flexible exploration of associations between selected clinical traits and all other available attributes 

within a given cancer cohort. Survival Analysis can be performed using all samples in a selected cohort, 

or a subset of the samples. The predictive performance of the hub genes 

was further evaluated via receiver operating characteristic (ROC) curve analysis on the GSE33447 

dataset using R software.  

Statistical analyses were performed using SPSS 27.0 software, and graphs were generated with 

GraphPad Prism 10.6.1 software. All in vitro experiments in this study were conducted with 

independent replicates. All data are expressed as mean ± standard deviation ( 𝑥̅ ± s). Statistical 

differences among multiple groups were evaluated using one-way analysis of variance followed by 

Tukey’s multiple-comparisons test. P < 0.05 was considered statistically significant. 
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3 Results 

3.1 Construction of Weighted Gene Co-Expression Network 

Sample clustering was first performed to identify potential outliers (Figure 2A). Soft threshold 

selection is an essential step in constructing a weighted gene co-expression network.  The 

soft-thresholding power was evaluated over the range 1 to 20 to balance scale-free topology fit and 

average connectivity. A scale-free topology fit index of R² = 0.85 was achieved at a soft-thresholding 

power of β = 9 (Figure 2B–C). Using this power value, a hierarchical clustering tree (dendrogram) was 

constructed based on the top 5000 genes ranked by standard deviation, yielding 7 distinct 

co-expression modules. The seven modules contained 2808 (turquoise), 1231 (blue), 458 (brown), 168 

(yellow), 151 (green), 122 (red), and 62 (gray) genes (Figure 2D). Genes that could not be assigned to 

any other module were grouped into the gray module, which was excluded from subsequent analyses. 

The interaction analysis among co-expressed genes across modules was presented in Figure 2E. The 

horizontal and vertical axes were color-coded to represent different modules. The intensity of red 

coloration in the heatmap reflects the connectivity strength between modules. No strong interactions 

were observed among modules, indicating that they are highly independent of one another. 

3.2 Identification of Clinically Significant Modules 

For each module, we summarize the expression of the gene co-expression eigengene (i.e., the 

module to which the first component belongs). The correlation between each module eigengene and 

BC molecular subtypes was then calculated. A heatmap was generated to visualize the associations 

between module eigengenes and BC molecular subtypes. The brown, yellow, and turquoise modules 

exhibit the highest correlation with BC molecular subtypes and are therefore selected as clinically 

significant modules (Figure 3A–D). 

3.3 Identification of DEGs and functional enrichment    

Differential expression analysis of GSE119552 identified a total of 319 DEGs, comprising 242 

down-regulated and 77 up-regulated genes. A heatmap was generated to visualize the expression 

patterns of the DEGs (Figure 4A). The volcano plot displays the DEGs, with red and blue points 

indicating up-regulated and down-regulated genes, respectively (Figure 4B). A total of 101 genes 

overlapped between the three clinically significant modules and the DEGs from GSE119552 (Figure 

4C). Gene Ontology (GO) enrichment analysis revealed that, under the cellular component (CC) 

category, the key genes were predominantly enriched in the nucleus, cytosol, nucleoplasm, anchored 
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component of plasma membrane, preribosome, large ribosomal subunit precursor, cytoplasm, 

membrane, MCM complex, and perinuclear region of cytoplasm (Figure 4E). For the molecular 

function (MF) category, the key genes were mainly enriched in protein binding, transcription factor 

binding, poly(A) RNA binding, identical protein binding, chromatin DNA binding, core promoter 

binding, protein dimerization activity, and neutral amino acid transmembrane transporter activity 

(Figure 4E). KEGG pathway analysis revealed that these key genes were primarily involved in arginine 

and proline metabolism, bladder cancer, and central carbon metabolism in cancer (Figure 4D). 

Additionally, the biological process (BP) category indicated enrichment in processes including amino 

acid transport, negative regulation of transcription, cellular response to hypoxia, rRNA processing, 

cellular response to epidermal growth factor stimulus, and negative regulation of the intrinsic apoptotic 

signaling pathway in response to hydrogen peroxide (Figure 4E). 

3.4 Validation of hub genes 

The expression levels of the hub genes differ between tumor and normal samples. To validate 

these findings, we further analyzed TCGA-BRCA data, which revealed that MYBBP1A was 

significantly downregulated in tumor tissues, whereas the remaining nine hub genes exhibited 

significantly higher expression (Figure 5A–J). In addition, immunohistochemistry (IHC) staining data 

from the Human Protein Atlas were used to assess the protein expression of the hub genes, with 

representative patient samples shown in Figure 6A–I. The IHC results were generally consistent with 

the transcriptional expression patterns. Collectively, these findings support the reliability of the hub 

gene identification strategy. 

3.5 Survival Analysis and ROC Evaluation 

Prognostic assessment is a critical aspect of tumor biology and has garnered extensive research 

interest. To evaluate the prognostic relevance of the 10 hub genes potential targeted by apigenin, 

survival analysis was performed (Figure 7A–J). Patients were stratified into high- and low-expression 

groups according to the median expression level of each hub gene, and the Cox proportional-hazards 

model was applied for survival analysis. Survival analysis revealed that the expression levels of these 

10 genes were significantly associated with overall survival (OS) and patient survival duration. The 

association between these hub genes and BC prognosis suggests that they may participate in 

tumorigenesis and that their expression is potentially modifiable by apigenin. To further evaluate the 

potential of the hub genes as prognostic biomarkers for BC, receiver operating characteristic (ROC) 
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curves were generated, and the area under the curve (AUC) was calculated (Figure 8A–G). The results 

indicated that seven of the hub genes exhibited high predictive accuracy. Notably, MRTO4, BYSL, 

RRS1, NOP2, RRP9, METTL1, and IPO4 demonstrated superior predictive performance. 

3.6 Effect of Hub gene expression on immune cells 

Tumor-infiltrating immune cells play a critical role in the pathogenesis of BC. In this study, the 

TIMER online tool was employed to examine the correlations between the hub genes and tumor purity 

as well as immune cell composition in BC (Figure 9A–J). The analysis revealed that RRP9 was 

significantly correlated with tumor purity in BC. Regarding immune cell associations, NOP2 was 

correlated with neutrophils; RRS1 with CD8⁺ T cells and macrophages; RRP9 with CD8⁺ T cells and 

neutrophils; MYBBP1A with CD8⁺ and CD4⁺ T cells; EXOSC5 with CD8⁺ T cells, macrophages, 

neutrophils, and dendritic cells (though weakly with CD4⁺ T cells); and IPO4 with CD8⁺ T cells and 

macrophages. 

3.7 Relationship between hub gene expression and methylation state 

To explore potential epigenetic mechanisms regulating gene expression in BC, the TCGA-BRCA 

methylation dataset was used to investigate the correlation between the expression levels of the 10 hub 

genes and their promoter methylation status (Figure 10). The results revealed that the methylation 

levels of MRTO4, BYSL, and EXOSC5 were significantly lower in BC tissues compared tonormal 

tissues, whereas RRS1, NOP2, RRP9, MYBBP1A, METTL1, NOP16, and IPO4 exhibited the 

opposite trend. 

3.8 Genetic alteration of hub genes 

The OncoPrint module of cBioPortal was used to display the genetic alteration status of the 10 

hub genes in patients from the TCGA-BRCA cohort. Overall, 24.4% of the patients harbored genetic 

alterations in at least one of the 10 hub genes, with the alteration frequency for each gene detailed in 

Figure 11A. RRS1 and NOP2 exhibited the highest alteration frequencies (9% and 4%, respectively), 

with amplification and deep deletion being the predominant alteration types. Across BC subtypes, 

amplification remains the most frequent alteration type (Figure 11B). Figure 11C-J provides a detailed 

summary of all mutations: MRTO4 harbored 1 missense mutation; BYSL had 2 truncating mutations; 

RRS1 had 2 missense mutations and 1 in-frame mutation; NOP2 had 6 missense mutations; RRP9 had 

1 missense, 2 truncating, and 1 in-frame mutation; MYBBP1A had 3 missense mutations; EXOSC5 

had 2 missense mutations; and IPO4 had 4 missense mutations. 
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3.9 Molecular Docking Analysis 

Molecular docking of apigenin with 10 target proteins was performed using the AutoDock Tool 

software. The calculated binding energies and hydrogen-bonding amino acid residues involved are 

summarized in Table 1. Lower binding energy indicates stronger binding affinity and greater docking 

stability. The receptor–ligand complexes were visualized using PyMOL to illustrate the optimal 

binding sites between apigenin and each protein receptor (Figure 12). Among them, the three target 

proteins, IPO4, METTL1 and RRP9, exhibited relatively low binding energies with apigenin, 

demonstrating the optimal binding affinities. Specifically, molecular docking results revealed that the 

binding energies of IPO4, METTL1, and RRP9 with apigenin were -8.0, -8.6, and -8.8 kcal/mol, 

respectively. Additionally, conformational analysis indicated that apigenin formed stable interaction 

networks with key amino acid residues within the binding pockets of these three target proteins (IPO4: 

ARG-765, LYS-276; METTL1: MET-142, SER-27; RRP9: SER-329, ALA-244, MET-407, SER-161). 

Based on the principle that a lower binding energy indicates a more stable ligand-receptor binding 

conformation, these three targets were selected for subsequent experimental validation. 

3.10 Apigenin inhibits the viability and downregulates the expression of IPO4, METTL1 and 

RRP9 of BC cells in vitro 

To investigate the effect of apigenin on the proliferative viability of breast cancer cells in vitro, 

human breast cancer cell lines MCF-7, MDA-MB-231 and SK-BR-3 were used in this study. As shown 

in Figure 13A–C, after 24 h of treatment with serially diluted apigenin, the viability of MCF-7, 

MDA-MB-231 and SK-BR-3 cells decreased gradually in a dose-dependent manner compared with 

the control group (P<0.05). Dose–response curves were plotted based on cell viability data to calculate 

the IC₅₀ (Figure 13D–F). The IC₅₀ value of apigenin for MCF-7, MDA-MB-231, and SK-BR-3 cells 

was 18.27 μM, 74.26 μM and 29.34 μM, respectively (Figure 13D–F). These results indicated that 

apigenin exerted prominent inhibitory effects on the growth of breast cancer cells. 

To further clarify the regulatory effect of apigenin on the protein expression of IPO4, METTL1 

and RRP9, gradient concentrations of apigenin were set according to the above IC₅₀ results: 2.5, 5 and 

10 μM for MCF-7 cells, 20, 40 and 60 μM for MDA-MB-231 cells, and 10, 15 and 20 μM for SK-BR-3 

cells (Figure 13G–I). Western blot quantification results (Figure 13J–L) revealed that apigenin 

treatment dose-dependently suppressed the protein levels of IPO4, METTL1, and RRP9 in MCF-7, 

MDA-MB-231, and SK-BR-3 cells, with statistically significant differences compared with the control 
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group (P<0.05, P<0.01, P<0.001). Collectively, IPO4, METTL1 and RRP9 may serve as potential 

molecular targets mediating the anti-tumor activity of apigenin. 

3.11 Apigenin inhibits the expression of key gene-related proteins in BC 

To verify that apigenin exerts its anti-tumor activity by targeting IPO4, METTL1, and RRP9, 

overexpression plasmids for IPO4, METTL1, and RRP9 were constructed for rescue assays, and the 

experimental design is shown in Figure 14A. As shown in Figure 14B–G, apigenin treatment markedly 

downregulated the protein expression levels of IPO4, METTL1, and RRP9 across all three breast 

cancer cell lines compared with the control group (P<0.05). Compared with the Apigenin group, the 

protein abundance of IPO4, METTL1, and RRP9 was significantly restored in the OE+Apigenin group, 

effectively reversing the inhibitory effect induced by apigenin (P<0.05). In addition, the relative 

protein expression was slightly decreased in the OE+Apigenin group when compared with the OE 

group. Collectively, these findings demonstrate that apigenin inhibits breast cancer progression via 

regulating IPO4, METTL1 and RRP9. 

4. Discussion 

BC, a malignant tumor arising in breast tissue, is one of the most diagnosed malignancies in 

women worldwide [21]. Its substantial tumor heterogeneity [22], drug resistance during advanced-

stage treatment [23], and intricate molecular regulatory mechanisms [24] remain major challenges for 

clinical diagnosis and treatment. Apigenin is a natural active constituent derived from TCM. It exhibits 

low toxicity and multi-target regulatory biological properties and has demonstrated promising 

application potential in anti-tumor research [25]. Nevertheless, the precise molecular mechanisms by 

which apigenin interferes with the initiation and progression of breast cancer have not yet been fully 

elucidated. 

In this study, a gene co-expression network was constructed from the GSE48213 dataset, and three 

clinically relevant modules (Turquoise, Yellow, and Brown) were identified as strongly associated with 

breast cancer subtypes. We narrowed down the range of candidate targets by performing intersection 

analysis between DEGs in apigenin-treated breast cancer cells and hub genes within these modules. 

PPI network analysis screened out ten core genes (MRTO4, BYSL, RRS1, NOP2, RRP9, MYBBP1A, 

EXOSC5, METTL1, NOP16 and IPO4). Meanwhile, the biological functions of hub genes were 

explored from three perspectives: metabolic reprogramming, epigenetic modification, and tumor 

immune microenvironment. Finally, IPO4, METTL1 and RRP9 were recognized as the core potential 
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targets mediating the anti-tumor activity of apigenin. This strategy effectively integrates the biological 

effects of apigenin and the molecular characteristics of breast cancer, laying a foundation for exploring 

the mechanism of action of this monomer. 

Apigenin is a naturally occurring flavonoid widely distributed in fruits and vegetables, which 

exerts potential anticancer effects against various malignancies[25], and it can inhibit the invasion of 

breast cancer cells by up to 92% [26]. BC cells are highly dependent on aberrant transcriptional 

programs and protein synthesis. Functional enrichment analysis in the present study revealed that these 

ten core genes are mainly involved in arginine/proline metabolism, cancer-associated signaling 

pathways, ribosome biogenesis, and RNA processing. Existing studies have demonstrated that arginine 

transfer between cancer cells and macrophages dominates arginine-driven breast cancer progression. 

This process activates the Peroxisome proliferator-activated receptor-γ (PPARG) pathway via 

TDG/p53-dependent DNA demethylation, promotes the immunosuppressive polarization of tumor-

associated macrophages, thereby dampening the anti-tumor activity of CD8⁺ T cells and accelerating 

the progression of breast cancer cells [27; 28]. Previous research has indicated that apigenin can 

directly target spermine oxidase (SMOX), decrease the spermidine/spermine (Spd/Spm) ratio, and 

suppress xenograft tumor growth[29]. Accordingly, whether apigenin regulates polyamine catabolism 

through arginine/proline metabolism warrants further investigation. 

To further characterize the expression profiles of the ten hub genes in breast tumors, we integrated 

the TCGA-BRCA dataset, GEPIA database and Human Protein Atlas to conduct cross-validation at 

the transcriptional and protein levels. The results revealed significant differential expression of all hub 

genes between breast cancer and normal breast tissues with distinct expression patterns. The tumor 

suppressor MYBBP1A was markedly downregulated in cancer tissues, whereas the other nine hub 

genes associated with ribosome function, RNA modification and nuclear transport exhibited tumor-

specific overexpression. MYBBP1A (Myb-binding protein 1a, also known as p160) is a 

multifunctional protein predominantly localized in the nucleolus. Accumulating evidence indicates 

that MYBBP1A expression is negatively correlated with breast tumorigenesis, and MYBBP1A 

suppresses breast tumorigenesis by reinforcing p53-dependent inactivation [30]. Moreover, apigenin 

can effectively upregulate p53 expression in breast cancer stem cells [31]. In addition, apigenin induces 

G0/G1 cell cycle arrest by activating tumor protein p53 in vascular smooth muscle cells (VSMCs) [32]. 

Collectively, these findings suggest that MYBBP1A serves as an important potential target through 
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which apigenin regulates the growth of breast cancer cells. 

Among the remaining upregulated hub genes, molecular docking with apigenin revealed that 

IPO4, METTL1 and RRP9 exhibited relatively lower binding energy to apigenin compared with other 

hub genes and formed stable interaction complexes. The oncogenic functions of RRP9, METTL1 and 

IPO4 have been validated in previous studies. RRP9 is highly expressed in breast cancer tissues. Using 

the PrimeView Human Gene Expression Array and IPA analysis, JUN was identified as a potential 

downstream target of RRP9, which facilitates breast cancer progression via the AKT signaling 

pathway[33]. In the present study, Western blot assays performed on MCF-7, MDA-MB-231, and SK-

BR-3 cell lines further confirmed the aberrant expression of RRP9, METTL1, and IPO4 in apigenin 

treated breast cancer cells. Moreover, rescue assays suggested apigenin inhibits breast cancer cell 

proliferation by targeting RRP9, METTL1, and IPO4. Collectively, our multi-omics validation results 

reaffirm the critical regulatory roles of these genes in breast cancer progression and support their 

potential as therapeutic targets for apigenin against BC. 

On this basis, survival analysis and ROC curve evaluation were further performed to explore the 

clinical prognostic value of these hub genes. Kaplan–Meier survival curves revealed that the 

expression levels of all 10 hub genes were significantly correlated with overall survival in breast cancer 

patients. Among them, seven genes, including MRTO4, BYSL, RRS1, NOP2, RRP9, METTL1 and 

IPO4, exhibited reliable prognostic discriminatory power; high expression of these genes was 

associated with poorer survival outcomes in patients. These findings indicate that this set of genes is 

not only involved in the molecular pathogenesis of breast cancer but can also serve as stable prognostic 

biomarkers. Previous multi-gene signature studies on breast cancer have suggested that compared with 

single molecular biomarkers, multi-gene signature models can reduce prediction bias caused by tumor 

molecular subtypes and clinical stages and markedly improve the accuracy of prognostic evaluation  

[34; 35]. The seven genes with high prognostic efficacy identified in this study are strong candidates 

for constructing an apigenin-related risk prediction model for breast cancer. Meanwhile, TIMER 

immune infiltration correlation analysis demonstrated that the expression levels of multiple hub genes 

were significantly associated with the abundance of intratumoral immune cells. For instance, RRP9 

expression was correlated with the infiltration of CD8⁺ effector T cells, and NOP2 expression was 

linked to tumor-associated neutrophil infiltration. This suggests that this ribosome-regulatory gene 

network participates in shaping the tumor immune microenvironment via multiple pathways. 
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The tumor immune microenvironment plays a pivotal role in breast cancer progression and 

therapeutic response [36]. Accordingly, apigenin modulates the tumor immune microenvironment by 

regulating the expression of core genes, which offers a novel research direction for investigating its 

immunomodulatory effects. Studies have demonstrated that apigenin possesses favorable binding 

affinity with proteins associated with ferroptosis and glycolysis. In vivo and in vitro experiments 

further verified that apigenin suppresses tumor growth in 4T1 xenograft mice by modulating the 

expression of ferroptosis- and glycolysis-related proteins [37]. Moreover, apigenin can regulate 

alternative splicing and reprogram cancer-associated spliced isoforms (ASI) into isoforms detected in 

normal non-tumor tissues. Specifically, it affects the splicing of anti-apoptotic genes, attenuates tumor 

proliferation, and thereby restrains triple-negative breast cancer (TNBC) growth in vivo [8]. Consistent 

with these reports, our study also confirmed that apigenin exerts potent inhibitory effects on MCF-7, 

MDA-MB-231 and SK-BR-3 cells. Collectively, this evidence indicates that apigenin exerts anti-breast 

cancer effects via multiple pathways. Nevertheless, the molecular targets and functional network of 

apigenin in breast cancer remain poorly defined, hindering its clinical translation and application. 

Aberrant activation of ribosome biogenesis represents an early event during breast tumorigenesis 

and persists throughout tumor progression[38]. Among the core genes screened in this study, MRTO4, 

RRS1, NOP2, RRP9, EXOSC5, METTL1, NOP16 and IPO4 are all ribosome-related genes. Sustained 

hyperactivation of ribosomal pathways in tumor cells markedly accelerates global protein synthesis, 

providing material support for tumor proliferation and invasion. Accumulating evidence reveals that 

c-MYC-mediated ribosome biogenesis confers resistance to docetaxel chemotherapy in TNBC [39], 

further highlighting that ribosomal pathways act as critical drivers of malignant progression and drug 

resistance in breast cancer. In vitro studies have reported that apigenin can directly target ribosomal 

protein S9 to downregulate cyclin-dependent kinase 1 (CDK1), arresting the growth of human colon 

cancer cells at the G2/M phase [40]. Additionally, ribosomal protein RPS9 is aberrantly overexpressed 

in TNBC and closely associated with malignant tumor phenotypes [41]. Combined with the pathway 

enrichment results of the present study, we reasonably hypothesize that apigenin suppresses breast 

cancer cell proliferation by targeting ribosome-related core genes. Collectively, all enrichment findings 

suggest that the anti-tumor activity of apigenin relies on disrupting essential biological programs in 

breast cancer cells, including ribosome biogenesis and RNA modification. 

This study identified key genes with significant dysregulation in DNA methylation. Methylation 
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analysis revealed that the core genes exhibit distinct epigenetic regulatory patterns in BC. MRTO4, 

BYSL and EXOSC5 display promoter hypomethylation in BC tissues, whereas RRS1, NOP2 and 

RRP9 are characterized by hypermethylation. DNA methylation serves as a crucial epigenetic 

mechanism in the initiation and progression of breast cancer, facilitating tumor development by 

modulating the expression of pivotal genes [42]. Existing studies have demonstrated that apigenin not 

only enhances DNA methylation of ubiquitin-like TNF-α promoter [43], but also regulates DNA and 

histone methylation associated with epigenetic modification [44]. Genomic alteration analysis 

indicated that 24.4% of breast cancer patients harbor mutations in these ten core genes. Among them, 

RRS1 and NOP2 possess the highest mutation frequencies (9% and 4%, respectively). Amplification 

and deep deletion constitute the predominant variant types, suggesting that genetic aberrations may 

drive the dysregulation of core genes in breast cancer. Current research regarding the effects of 

apigenin on DNA methylation remains limited. Collectively, our findings imply that the epigenetic 

effects of apigenin in breast cancer merit further exploration. 

Based on the results of molecular docking, conformational stability, biological functional 

correlation and clinical prognostic significance, IPO4, METTL1 and RRP9 were selected as priority 

candidates for experimental validation in the present study. Nevertheless, we acknowledge that other 

identified hub genes may also exert prognostic effects. Future studies are warranted to further validate 

these findings by integrating comprehensive clinical data from large-scale cohorts. 

The present study demonstrated that apigenin inhibited breast cancer cell viability and 

downregulated the protein expression of IPO4, METTL1, and RRP9 in vitro; nevertheless, several 

notable limitations should be acknowledged. Previous pharmacological studies have indicated that 

apigenin has pharmacokinetic limitations, including poor water solubility [45] and low oral 

bioavailability [46]. Accordingly, in vitro cellular data alone cannot fully reflect its in vivo exposure, 

metabolism, effective dosage, or antitumor activity. Given the complexity of the in vivo tumor 

microenvironment, further animal studies are required to determine whether apigenin can achieve 

sufficient tumor exposure and exert sustained antitumor effects under physiological conditions. Future 

studies should also systematically evaluate its biodistribution, pharmacokinetic profile, effective 

dosage, and systemic safety, including the maximum tolerated dose, therapeutic index, and potential 

long-term toxicity. Such investigations will be essential to validate the proposed molecular 

mechanisms and assess the translational potential of apigenin in breast cancer treatment. 
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5. Conclusion 

This study utilized the GSE48213 dataset to construct a gene co-expression network, identifying 

three clinically relevant modules (Turquoise, Yellow, Brown) highly associated with BC subtypes. By 

intersecting the DEGs from apigenin-treated BC cells with key genes in these modules, we narrowed 

the candidate target pool. Further PPI network analysis identified 10 core genes (MRTO4, BYSL, 

RRS1, NOP2, RRP9, MYBBP1A, EXOSC5, METTL1, NOP16, and IPO4). This strategy effectively 

integrates the biological effects of apigenin with the molecular characteristics of BC, laying the 

foundation for exploring the mechanism of action of this monomer. 
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Figure Legend 

Figure 1 Flowchart of the study. 

Figure 2 Construction of WGCNA Notes. 

(A) Hierarchical clustering of the GSE48213 samples to identify potential outliers. The top 5,000 genes ranked by standard 

deviation were included in the weighted gene co-expression network analysis. (B) Scale-free topology fit index across 

different soft-thresholding powers. (C) Mean connectivity across different soft-thresholding powers. (D) Gene clustering 

dendrogram with module assignments indicated by different colors. (E) Heatmap of the topological overlap matrix. 

Different colors on the horizontal and vertical axes represent different modules, and increasing color intensity indicates 

stronger connectivity between genes.  

Figure 3 Identification of key modules. 

(A) Module–trait relationship heatmap showing the correlations between module eigengenes and BC molecular subtypes. 

Each row represents a module eigengene, each column represents a molecular subtype, and each cell displays the 

corresponding correlation coefficient and P value. (B–D) Scatter plots of module membership versus gene significance, 

together with the corresponding gene-expression heatmaps, for the turquoise, yellow, and brown modules, respectively. 

Figure 4 Identification of key genes.  

DEGs of apigenin before and after treatment of breast cancer (GSE119552). Heatmap (A) and a volcano plot (B). (C) 

Identification of common genes between DEGs and the key modules (turquoise, yellow, and brown modules) by 

overlapping them. The 101 key genes in the three modules were also DEGs in GSE119552. (D-E) Functional annotation 

of key genes: Gene Ontology and pathway enrichment analysis of key genes by DAVID and visualisation by R. (F) PPI 

network analysis of key genes. (G) Ten hub genes were obtained from CytoHubba with PPI network analysis. 

Figure 5 Validation of hub genes at the transcriptional level.  

 (A-J) Validation of hub genes using TCGA-BRCA data in GEPIA showed that the expression status of 10 hub genes was 

correlated with disease status, indicating they play an essential role in promoting tumorigenesis.  

Figure 6 IHC of the 9 hub genes based on the Human Protein Atlas.  

(A-I) Validation of hub genes by the Human Protein Atlas database. There were no related IHC samples of EXOSC5 in the 

database. The translational expression levels of the remaining 9 hub genes were correlated with disease status, as they are 

differentially expressed in BC samples compared with non-cancerous samples. 

Figure 7 Survival analysis of hub genes.  

 (A-J) Kaplan-Meier curves of key genes in patients with BC. The red and blue curves represent the High-expression and 

Low- expression groups, respectively. 10 hub genes with the highest node degrees and significant results from the survival 
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analysis. They were MRTO4, BYSL, RRS1, NOP2, RRP9, MYBBP1A, EXOSC5, METTL1, NOP16, IPO4, respectively.  

Figure 8 Identification of hub genes. ROC curve analysis of the candidate hub genes in the GSE33447 dataset.   

Figure 9 Association of 10 hub gene expression with tumor purity and immune cells using the TCGA-BRCA dataset.  

Figure 10 Methylation analyses of hub genes.  

(A-J) Methylation levels of MRTO4, BYSL, RRS1, NOP2, RRP9, MYBBP1A, EXOSC5, METTL1, NOP16 and IPO4 in 

breast cancer and normal tissues.  

Figure 11 Genetic alterations associated with hub genes in TCGA-BRCA.  

(A) Summary of the frequencies and types of genetic alterations in the 10 hub genes in patients from the TCGA-BRCA 

cohort. (B) Frequencies and types of genetic alterations across BC subtypes. (C–J) Detailed mutation profiles of MRTO4, 

BYSL, RRS1, NOP2, RRP9, MYBBP1A, EXOSC5, and IPO4, respectively. 

Figure 12 Molecular docking of the interactions between apigenin and 10 target proteins. 

Figure 13. Apigenin inhibits the viability and downregulates the expression of IPO4, METTL1 and RRP9 in BC cells in 

vitro 

(A–C) The viability of MCF-7, MDA-MB-231, and SK-BR-3 cells after 24 h treatment with Apigenin by CCK-8 assay. 

(D–F) Calculated IC₅₀ values for apigenin in three BC cell lines. 

(G-I) Representative Western blot images of IPO4, METTL1, RRP9, and internal reference GAPDH in MCF-7, 

MDA-MB-231, and SK-BR-3 cells treated with apigenin. (J-L) Quantitative grayscale analysis for relative protein 

expression levels. All quantitative data are presented as the mean ± SD from three independent biological replicates (n = 

3). Statistical differences among multiple groups were evaluated using one-way analysis of variance followed by Tukey’s 

multiple-comparisons test. ns, not significant; *P < 0.05, **P < 0.01, and ***P < 0.001 versus the control group.   

Figure 14. Rescue experiments verify the regulatory effect of apigenin on IPO4, METTL1, and RRP9. 

(A) Schematic diagram of the rescue experiment. (B-D) Representative Western blot bands of IPO4, METTL1, RRP9, and 

the internal reference GAPDH in MCF-7, MDA-MB-231, and SK-BR-3 cells, respectively. (E-G) Quantitative grayscale 

analysis of the relative protein expression levels of target bands. Quantitative data are presented as the mean ± SD from 

three independent biological replicates (n = 3). Statistical differences among multiple groups were evaluated using one-

way analysis of variance followed by Tukey’s multiple-comparisons test. ns, not significant; *P < 0.05 versus the control 

group. 
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Table 1 The binding energy and hydrogen-bonded amino acids of apigenin after docking with 10 
target gene molecules 

 

 

 

 

Target gene UniProt KB binding energy
（kcal/mol） 

Hydrogen-bonded amino acids 

BYSL Q13895 -7.6 ASP-99, GLN-260, ASP-101, ASN-106 

EXOSC5 Q9NQT4 -7.8 GLU-226, LEU-28, GLU-14, HIS-30 

IPO4 Q8TEX9 -8.0 ARG-765, LYS-276 

METTL1 Q9UBP6 -8.6 MET-142, SER-27 

MYBBP1A Q9BQG0 -7.3 SER-483, LYS-6088, ARG-714 

MRTO4 Q9UKD2 -6.2 ARG-49 

NOP2 P46087 -7.8 GLU-575, ARG-406 

RRS1 Q15050 -6.5 ASN-185, ASN-192 

RRP9 O43818 -8.8 SER-329, ALA-244, MET-407, SER-161 

NOP16 Q9Y3C1 -7.1 LYS-58, GLU-67, ALA-57 
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