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Background: TiaoShenGongJlian (TSGJ) decoction, a traditional Chinese medicine for breast cancer, has unknown active com-
pounds, targets, and mechanisms. This study identifies TSGJ’s key targets and compounds for breast cancer treatment through network
pharmacology, machine learning, and experimental validation.

Methods: Bioactive components and targets of TSGJ were identified from the TCMSP database, and breast cancer-related targets
from GeneCards, PharmGkb, and RNA-seq datasets. Intersection of these targets revealed therapeutic targets of TSGJ. PPI analysis
was performed via STRING, and machine learning methods (SVM, RF, GLM, XGBoost) identified key targets, validated by
GSE70905, GSE70947, GSE22820, and TCGA-BRCA datasets. Pathway analyses and molecular docking were performed. TSGJ
and core compounds’ effectiveness was confirmed by MTT and RT-qPCR assays.

Results: 160 common targets of TSGJ were identified, with 30 hub targets from PPI analysis. Five predictive targets (HIF1A, CASPS,
FOS, EGFR, PPARG) were screened via SVM. Their diagnostic, biomarker, immune, and clinical values were validated. Quercetin,
luteolin, and baicalein were identified as core components. Molecular docking confirmed their strong affinities with predicted targets.
These compounds modulated key targets and induced cytotoxicity in breast cancer cell lines in a similar way as TSGJ.
Conclusion: This study reveals the main active components and targets of TSGJ against breast cancer, supporting its potential for
breast cancer prevention and treatment.

Keywords: TiaoShenGongJian decoction, traditional Chinese medicine, breast cancer, network pharmacology, machine learning,
molecular mechanisms

Introduction

Breast cancer, a life-threatening disease with limited therapeutic potential, ranks among the most prevalent malignant
tumors affecting women and is the most frequently diagnosed cancer, as well as the leading cause of cancer-related
mortality in women." Currently, radiotherapy, chemotherapy, and surgery remain the primary treatments for breast
cancer.> However, for patients with advanced cancer, characterized by metastasis or recurrence post-surgery, conven-
tional treatments are effective in only 25-35% of cases.” Cytotoxic chemotherapy drugs, such as taxanes, capecitabine, or

anthracyclines, continue to be the mainstay of systemic treatment for most patients, yet they achieve favorable outcomes
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Graphical Abstract
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in only about one-third of cases.”® Chemotherapy drugs are nonselective, causing the destruction of both normal and
cancer cells, which results in significant side effects.’

Recently, complementary and alternative therapies with minimal side effects, particularly traditional Chinese med-
icines (TCMs), have been increasingly studied as adjuvant therapies for cancer patients.® With a history spanning over
2000 years, TCM offers a well-developed theoretical framework for the diagnosis, prevention, and treatment of various
ailments. TCM provides essential guidelines for treating numerous complex and challenging conditions.” In cancer
treatment, TCM has become an indispensable adjunctive therapy due to its natural ingredients, wide availability,
affordability, and minimal side effects, especially for patients who cannot tolerate Western medications.'
TiaoShenGonglJian (TSGJ) decoction, primarily composed of six herbs: Chaihu (Bupleurum chinense DC)., Baishao
(Paeonia lactiflora Pall)., Xiakucao (Prumella vulgaris L)., Dangshen (Codonopsis pilosula (Franch). Nannf).,
Wangbuliuxing (Gypsophila vaccaria (L). Sm)., and Huangqin (Scutellaria baicalensis Georgi), was originally proposed
by Liu Shaowu, the founder of the theory of three parts and six diseases and a prominent TCM expert.'' These herbs has
been widely used to treat various advanced cancers, including breast cancer, nasopharyngeal carcinoma, esophageal
cancer, and lymphoma.'>'® However, its inherent mechanisms remain unknown, as comprehensive or systematic
analyses of the signaling pathways and key targets involved in the action of TSGJ are lacking. As a traditional medicinal
formula, TSGJ possesses multiple bioactive components, targets, and regulatory pathways. Therefore, traditional single-
target pharmacological models are insufficient for in-depth studies.'’

Network pharmacology has emerged as a powerful discipline to address the limitations of traditional single-target
pharmacological models, particularly in the context of TCM’s complex bioactive components, multiple targets, and intricate
regulatory pathways. This rapidly growing field aims to reveal the intricate connections between targets, compounds, and
diseases from a comprehensive viewpoint, making it highly suitable for studying the multifaceted nature of TCM.'® It has
proven particularly effective in investigating the “multiple-components and multiple-targets” mechanism of TCM.'"
Significant advancements have been made in understanding the role of TCM in preventing and treating breast cancer.”* %2
However, network pharmacology approaches may fall short in capturing the dynamic nature of disease progression and
processing large datasets efficiently. To address these limitations, the integration of other approaches has become essential.

Machine learning, a key aspect of artificial intelligence, is essential for handling complex biological data, aiding in disease
diagnosis,”® and drug screening.?* By incorporating machine learning algorithms, analytical models can achieve enhanced
prediction accuracy and provide detailed analyses of disease targets.”> The integration of network pharmacology with machine
learning offers distinct advantages in identifying key targets and elucidating the pharmacological mechanisms of TCM in
treating diverse diseases.’®*’ This combined approach provides a promising framework for quantifying relationships between
TCM components and diseases, offering a novel route for exploring TCM mechanisms. Consequently, such methodologies are
invaluable for the comprehensive and systematic analysis required to understand the treatment mechanisms of traditional
formulas like TSGJ, thereby addressing the deficiencies of conventional single-target pharmacological models.

In our study, we used network pharmacology to investigate the bioactive ingredients and targets of TSGJ for treating
breast cancer. We identified potential targets and analyzed them using machine learning algorithms for gene analysis and
feature selection. The best algorithm helped pinpoint key diagnostic targets of TSGJ, enhancing our understanding of its
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core compounds and their role in breast cancer. Additionally, molecular docking provided insights into the binding
interactions of these compounds with the targets. Finally, the cellular effect of the TSGJ and core compounds was
validated through MTT, RT-qPCR. This workflow is illustrated in Figure 1.
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Figure | A visual workflow outlining the analysis process employed in this study.
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Materials and Methods

Screening of Herbal Bioactive Compounds and Targets in TSGJ Decoction
The bioactive compounds and corresponding targets associated with TSGJ decoction were collected from the Traditional
Chinese Medicine Systems Pharmacology Database (TCMSP, https://tcmsp-e.com/index.php) with the following filter

parameters: oral bioavailability (OB > 30%) and drug likeness (DL > 0.18). Then, the UniProt database (https://www.
uniprot.org/) was used to convert the obtained target names into standard gene symbol IDs.*®

Screening of Breast Cancer-Related Targets

In the initial step, we utilized the keyword “breast cancer” to retrieve the relevant targets associated with breast cancer
from various well-known medical databases, including Genecards (http://www.genecards.org/), PharmGkb (https:/www.
pharmgkb.org/), DisGeNET (https://www.disgenet.org/browser/0/1/0/C0678222/), OMIM (https://omim.org/), Drugbank
(https://www.drugbank.ca/), and TTD (https://db.idrblab.net/ttd/). The thresholds were, respectively set at relevance score
>10 in Genecards database®® and Score gda >0.1 in DisGeNET database® to obtain a more focused and manageable set

of disease targets for the subsequent research.
Second, potential genes associated with breast cancer were screened in the Gene Expression Omnibus (GEO, https://
www.ncbi.nlm.nih.gov/geo/) database based on bioinformatics approaches. Here, we utilized the GSE139038 (24 normal

samples, 41 tumor samples) and GSE162228 (24 normal samples, 109 tumor samples) datasets to perform differentially
expressed gene analysis and weighted gene coexpression network analysis (WGCNA). The expression data were
normalized and merged by the “sva” package in R language. A | log2 (fold change) | > 1 and adjusted p value < 0.05
were used to screen for DEGs in the GEO datasets through the use of the “limma” package in R software. Furthermore,
the “WGCNA” package in R was used to identify the main gene modules associated with breast cancer in the GEO
datasets. A similar matrix was formed based on the gene expression data within the GEO datasets. By setting an
appropriate soft power be § value, the topological overlap matrix (TOM) and TOM-based dissimilarity were obtained to
profile the gene coexpression modules with a minimum of 60 genes in each module. To identify hub genes within each
module, we set the criteria of module membership (MM > 0.8) and gene significance (GS > 0.5).*! Finally, the hub genes
from the WGCNA were intersected with the differentially expressed genes to obtain genes with high potential for
association with breast cancer. All the targets from the above databases were combined to identify breast cancer-related
targets.

TSGJ Therapeutic Targets and protein—protein Interaction (PPI) Network
A Venn diagram of the TSGJ targets and the breast cancer-related targets was drawn using the “Venn” package in R. The
protein family class information of the intersected targets was queried from DisGeNET (https://www.disgenet.org/) and

then presented as a pie chart. To better understand the interactions between bioactive compounds and disease targets, we
used Cytoscape 3.8.0 software to construct a comprehensive network showing the connections between herbal com-
pounds and their corresponding disease targets. Additionally, the intersecting targets of herbal compounds and breast
cancer were imported into the STRING platform (https://string-db.org/) to construct a protein—protein interaction (PPI)

network by setting confidence scores > 0.4, setting the protein type as “Homo sapiens”, and hiding disconnected nodes.
The PPI network was then downloaded and uploaded to Cytoscape for topological analysis.

The hub genes were chosen systematically by evaluating various network centrality measures, including degree (DC),
eigenvector (EC), betweenness (BC), closeness (CC), LAC, and network (NC), through the CytoNCA plugin in
Cytoscape. These measures assessed the significance of nodes (genes) within the PPI network, allowing us to identify
the most influential genes as core candidates. Genes with higher centrality values, representing higher connectivity and
importance in the network, were considered hub genes.*?

Construction of Machine Learning Models to Screen Disease-Predictive Genes
Four machine learning models, namely, extreme gradient boosting (XGBoost), support vector machine (SVM), random
forest (RF) and generalized linear model (GLM), were established to select the key predictive genes of breast cancer
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within the hub genes of the PPI network. XGBoost is an ensemble machine learning method based on gradient boosting
that handles various types of data both in classification and regression problems.*> SVM, a powerful supervised
algorithm, aims to determine the hyperplane that effectively separates the data points in the feature space to ensure
optimal model performance and robust results.>* RF is another ensemble method that operates by building decision trees
to make predictions.”> The GLM generalizes multiple linear regression models, and its interpretability is significantly
enhanced, particularly when forward feature selection is employed to build the model.*® First, the four packages “caret”,
“randomforest”, “dalex” and ‘“xgboost” in R were used to build the above models. Then, the GSE139038 and
GSE162228 datasets were randomly split into a training set and a test set at a proportion of 3:1. The models were fit
in the training set by 5-fold cross-validation under default parameters. After that, the model accuracy was evaluated in
the test set and could be visualized by the residual distribution and box line. The ROC curves of the four models were
also plotted using the “pROC” package in R. Consequently, the permutation-based feature importance of the optimal

model was used to screen out the top 5 key predictive genes related to breast cancer.

Gene Expression and Diagnostic Analysis

The expression of the 5 key genes was visualized by a “limma” boxplot in R to show the difference between normal
samples and tumor samples from the GSE139038 and GSE162228 datasets. The ROC curves were plotted to evaluate the
diagnostic sensitivity and specificity of each gene. Furthermore, the analysis was also performed based on two other
external validation datasets: the GSE70905 (47 normal samples, 47 tumor samples) and GSE70947 (148 normal samples,
148 tumor samples) datasets.

Nomogram Model Construction and Disease-Related Biomarker Correlation

The five genes from the optimal machine learning model were regarded as predictors for constructing a nomogram model
using the “rms” R package for evaluating the occurrence of breast cancer. Every predictor could obtain a score based on
the expression level to sum the total score to represent the risk of the disease. The predictive power of the nomogram
model was evaluated using calibration curves and decision curve analysis (DCA). In addition, the ROC curves of the
model were drawn to assess the accuracy of the prediction within two external GEO databases.>” Moreover, we included
an additional external dataset, GSE22820 (10 normal samples, 176 tumor samples), to determine the associations
between the predictor genes and 3 well-established biomarkers of breast cancer, namely, ER (ESR1), PR (PGR), and
HER2 (ERBB2), which have been extensively studied and reported in the literature.*® Spearman correlation analysis was
implemented on the expression data, and statistical significance was considered at a threshold of p < 0.05.

Assessment of the Correlations Between the Immune Cell Content and Predictor
Gene Expression

The “CIBERSORT” R package was used to analyze the levels of infiltrating immune cells in breast cancer samples and
normal tissue samples. A violin plot was subsequently constructed to visualize the differences between these two groups.
To further identify the correlations between the 5 predictor genes and immune cells, correlation coefficients were
calculated and are presented in a heatmap.

Evaluation of Key Protein Expression and Clinical Prognostic Correlations
We used two public databases, namely, the HPA (https://www.proteinatlas.org/) and Kaplan—-Meier plotter (https://

kmplot.com) databases, to preliminarily validate the significance of the 5 identified key targets in breast cancer. The
immunohistochemical images of the 5 key target proteins expressed in normal tissue or breast cancer samples were
downloaded from the HPA database to represent protein expression differences. To further explore the effect of the key
targets on the prognosis of breast cancer patients, we analyzed the correlation between overall survival and the mRNA
expression data of 2976 patients through the Kaplan—Meier plotter database. In addition, mRNA expression data and
corresponding clinical information for breast cancer patients were obtained from the TCGA database (https://portal.gdc.
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cancer.gov/). The clinical prognostic impact of the key targets on three main prognostic factors, namely, age, tumor stage
and TNM stage, was evaluated within the TCGA-BRCA cohort.

GO and KEGG Enrichment Analysis

To identify the gene functions and signaling pathways of the compound-disease targets, enrichment analysis based on the
Gene Ontology (GO) database (https://gencontology.org/) and Kyoto Encyclopedia of Genes and Genomes (KEGG)

database (https://www.kegg.jp/) was carried out by using several R packages, including “ggplot2”, “org.Hs.eg.db”,

CEINNT3

“clusterProfiler”, “enrichplot”, and “pathview”. The GO analysis revealed three significant aspects, namely, biological
processes (BP), cell components (CC), and molecular functions (MF),and the top 5 main terms in each aspect were
collected. KEGG was adopted for the biological interpretation and systematic analysis of the genes to localize them to
signaling pathways. The top 20 terms with adjusted p values less than 0.05 were considered. Furthermore, the top 10 GO-
BP and KEGG pathways related to the 5 key genes were selected to profile their relationships in the Sankey plot with the
“ggsankey” R package.

Network of Key Gene—Compound—Herb Interactions and Molecular Docking

First, the 5 key gene—compound-herb network was visualized through a Sankey diagram to visualize the interrelationship
between the bioactive compounds of the herbs and the key genes. Molecular docking was then employed to precisely
determine the conformation of compounds within the specific binding site of the targets and assess their binding affinity.
The molecular docking procedure was mainly divided into 3 parts: (1) Preparation of the proteins: In this study, the
crystal structures of the 5 key targets were downloaded from the PDB database (https://www.rcsb.org/) in the PDB

format and then imported into PyMOL software to remove solvents and organics. Subsequently, the missing hydrogens
were added to the proteins using AutoDock Tools 1.5.6 software and exported in PDBQT format. (2) Preparation of
ligands: The 2D structures of the bioactive compounds were obtained from the PubChem database (https://pubchem.ncbi.

nlm.nih.gov/) in the sdf format. Then, Chem3D software was applied to perform energy minimization in the MM2 force
field, and the results were saved in 3D mol2 format. The PDBQT format was converted to AutoDock Tools 1.5.6
software. (3) Docking and calculation: First, the appropriate mating pockets covering the whole proteins for blind
docking were constructed with the “grid box” operation in AutoDock Tools 1.5.6 software. The configuration of the
mating box was saved for subsequent docking. The rigid docking of the ligands and proteins was performed with Vina
software, and the binding energy was calculated based on the Lamarckian genetic algorithm.>® After that, the optimal
conformation of the ligand—protein complex with the highest binding affinity was visualized by PyMOL software and the
interactions between them were analyzed by Discovery Studio software.

Determination of Compound Concentrations in TSGJ by HPLC

The TSGJ dry powder (100 mg, provided by Xinrong Biotechnology Co., Ltd.) was dissolved in 50 mL of methanol
using a 40-minute sonication to ensure complete dissolution. The resulting solution was centrifuged, and the supernatant
was filtered through a 0.22 pm syringe filter. For high-performance liquid chromatography (HPLC) analysis, 10 pL of the
filtrate was injected into the system. An appropriate amount of quercetin, luteolin, and baicalein standards was accurately
weighed and individually dissolved or mixed in 5 mL of methanol. These solutions were prepared and injected following
the same procedure. HPLC detection was performed using an Agilent C18 column (4.6 x 250 mm, 3 pm) with
acetonitrile and 0.1% phosphoric acid aqueous solution as mobile phases A and B, respectively. Gradient elution was
applied with a program transitioning from 20% to 42% mobile phase A and 80% to 58% mobile phase B over 35 minutes.
UV detection was conducted at a wavelength of 280 nm. The column temperature was maintained at 35°C, and the flow
rate was set to 0.8 mL/min.

Cell Culture and Chemical Reagents

The human breast cancer cell lines MDA-MB-231 (ATCC) were cultured with RPMI1640 containing 10% FBS, 2 mm
L-glutamine, and 1% Penicillin (10000 U/mL)-Streptomycin (10000 pg/mL) at 37 °C with 5% CO,. MCF-10A cells
(ATCC) were incubated with DMEM/F12 medium including 10% FBS, 2 mm L-glutamine, 10 nug/mL human insulin and
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1% Penicillin (10000 U/mL)-Streptomycin (10000 pg/mL) at 37 °C with 5% CO,. Quercetin (CAS No: 117-39-5, > 98%
purity), Luteolin (CAS No: 491-70-3, > 98% purity), Baicalein (CAS No: 491-67-8, > 98% purity) were purchased from
Sigma Aldrich and then dissolved in 0.5% dimethyl sulfoxide (DMSO) for drug administration. The composite solution
of the three compounds (QLB solution) was prepared by mixing quercetin, luteolin, and baicalein at ratio of 1.5:1.5:1, to
match their respective levels in the TSGJ solution.

Cell Viability Assay

The MDA-MB-231 cells and MCF-10A cells (100 pL, 5x10° cells) were seeded on a 96-well plate and were respectively
treated with different concentrations of TSGJ solutions (0, 0.5, 1, 1.5, 2, 2.5, 3, 4 mg/mL), and equivalent composite
QLB solution (0, 15, 30, 45, 60, 75, 90, 120 pg/mL) for 48 h. The 0.5% DMSO was taken to dissolve all the drugs and
0.5% DMSO as a control group to subtract the effect of DMSO. Then, the culture medium was replaced by 100 uLL MTT
(0.5 mg/mL in PBS) and kept culture for additional 4h. After that, the MTT solution was removed and 100 pL DMSO
was added to completely dissolve the formazan crystals. The absorbance intensity was detected by Varioskan Flash plate
reader (Thermo Fisher Scientific, USA) at 570 nm. All the experiments were performed with 6 duplicates in 3
independent times.

RT-qPCR Analysis

The MDA-MB-231 cells and MCF-10A cells (2x10° cells) were seeded on a 6-well plate and respectively treated with
TSGIJ solutions (2 mg/mL), and equivalent composite QLB solution (60 pg/mL) for 48 h. Subsequently, total RNA was
extracted from the cells using a Trizol kit and converted into cDNA with a reverse transcription kit. The expression of the
associated genes was detected using the SYBR kit and normalized to GAPDH (endogenous control). Non-treated MDA-
MB-231 cells and MCF-10A cells were also measured. The primers for each gene are listed in Supplementary Table 1.

Results
Screening of TSGJ Bioactive Compounds and Targets

The herbal composition of the TSGJ decoction and their detailed information are listed in Table 1. By searching each herb in
the TCMSP database, bioactive compounds with OB > 30% and DL > 0.18 were obtained. A total of 87 TSGJ compounds
were collected, 17 from Chaihu, 13 from Baishao, 11 from Xiakucao, 21 from Dangshen, 4 from Wangbuliuxing, and 36
from Huanggin (Supplementary Table 2), and an upset plot was drawn to further illustrate the composition of the herb

compounds (Supplementary Figure 1). Then, the 223 corresponding targets of TSGJ associated with the compounds were

identified, and their gene symbol IDs were obtained from the UniProt database (Supplementary Table 3).

Screening of Breast Cancer-Related Targets

First, we identified thousands of targets associated with breast cancer that satisfied the screening criteria from 6 databases,

namely, DisGeNET (672), DrugBank (193), GeneCards (2229), OMIM (31), PharmGkb (295), and TTD (105).
Furthermore, potential breast cancer-related targets could also be identified through bioinformatics approaches. The

cutoff criteria were a | log2 (fold change) | > 1 and an adjusted p value < 0.05. We identified 487 DEGs in the tumor

samples, including 148 upregulated and 339 downregulated genes (Figure 2A and B). In addition, WGCNA was

Table | Detailed Information on the Herbs Included in the Decoction

Chinese name Latin name English name Amount (g) | Place of origin
Chaihu Bupleurum chinense DC. Bupleurum Root 15 Gansu, China
Baishao Paeonia lactiflora Pall. White Peony Root 30 Anhui, China
Xiakucao Prunella vulgaris L. Common Selfheal Fruit-Spike 30 Henan, China
Dangshen Codonopsis pilosula (Franch.) Nannf. Codonopsis 30 Shanxi, China
Wangbuliuxing Gypsophila vaccaria (L.) Sm. Cowherb Seed 15 Hebei, China
Huanggqin Scutellaria baicalensis Georgi Chinese Skullcap 15 Shanxi, China

OncoTargets and Therapy 2025:18 htps: 55
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Figure 2 Identification of breast cancer-related targets. (A) Heatmap of DEGs. The top 50 upregulated and downregulated genes are shown. (B) Volcano plot of DEGs. (C)
Clustering gene dendrogram based on the dissimilarity measurement. (D) Analysis of the scale-free topology model fit for various soft power values. (E) The relationship
map between the modules and clinical traits. (F) Scatter plot of the genes in the blue module. (G) Venn diagram showing the genes that overlapped between DEGs and
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conducted to identify the critical gene modules highly related to breast cancer. Distinct gene modules were classified
according to the gene cooperative expression data. The genes exhibiting highly coordinated expression were assigned to
the same module (Figure 2C). We obtained an appropriate soft power 3 value of 3 on the basis of scale independence and
mean connectivity (Figure 2D) and then divided 5712 genes into 10 modules with at least 60 genes in each module.
Subsequently, an analysis of the similarity and adjacency between gene modules and clinical traits (normal and tumor)
was performed. Finally, the blue module (1679 genes) demonstrated the strongest correlation (r = £ 0.64, p = 1e-24) with
breast cancer (Figure 2E). Considering the defined cutoff standards (MM > 0.8 and GS > 0.5), 41 genes were identified as
candidate hub genes significantly enriched in the blue module (Figure 2F). Next, we performed an intersection of the
DEGs and the hub genes from WGCNA, which led to the identification of 41 overlapping genes. These genes were
considered relevant pathogenic genes in the breast cancer samples extracted from the GEO database (Figure 2G).
Subsequently, by merging them with the target genes screened from the above 6 databases, we obtained a union set
containing 2832 nonrepetitive targets closely associated with breast cancer (Figure 2H).

Analysis of the Therapeutic Targets of TSGJ and the Associated PPl Network

By intersecting the 2832 breast cancer-related targets and the 223 herbal compound targets of TSGJ, a total of 160
common targets were identified as therapeutic targets of TSGJ for breast cancer (Figure 3A). Through the DisGeNet
database, we classified the therapeutic targets into different types, and we found that the target attributes were diverse,
indicating that TSGJ exerts multilayer modulatory effects on breast cancer.*> Among them, enzymes and kinases were
the most common (Figure 3B). Then, an herbal compound-gene network was constructed to determine the associations
between the targets and associated bioactive compounds of TSGJ (Figure 3C). The network consisted of 222 nodes,
representing a total of 66 bioactive compounds and 160 targets. The edges in the network establish meaningful
connections between these nodes, indicating the relationships that exist between the bioactive compounds and their
associated targets. The 66 bioactive compounds were derived from 6 herbs containing TSGJ, each of which was labeled
with a different color.

The PPI network was constructed by introducing the above targets into the STRING database, and the hub genes were
selected through network topology analysis on the basis of 6 parameters (DC, EC, BC, CC, LAC, and NC; see Methods).
With the CytoNCA plugin, three clusters of target modules were constructed. First, the PPI network of the 160 targets
consisted of 160 nodes and 3422 interaction edges (Figure 3D). By filtering the nodes with 6 parameters greater than the
average values, 61 targets with 1363 interaction edges were identified (Figure 3E). After further filtering with the same
method, 30 targets were screened out as the hub genes with high with high connectivity and significance in the network
(Figure 3F).

Construction of Machine Learning Models and Screening of Disease-Predictive Genes
Here, to further identify disease-predictive genes with high diagnostic value, four machine learning models (XGBoost,
SVM, RF and GLM) were built based on the expression data of the 30 PPI hub genes in GEO datasets. The residual
distributions of the four models were analyzed and plotted through the “DALEX” package. The SVM model had the
lowest root mean square residual, and it also presented a relatively lower residual distribution (Figure 4A and B).
Subsequently, gene importance analysis was conducted for the four methods, and the top 5 important genes were ranked
according to feature importance (Figure 4C). And their feature importance values in each model were listed in

Supplementary Table 4. Next, receiver operating characteristic (ROC) curves for the four models were generated

using 5-fold cross-validation to comprehensively evaluate their discriminative performance. The SVM model displayed
the highest performance, with an area under the curve (AUC) of 0.948, followed by RF at 0.943, XGBoost at 0.902, and
GLM at 0.867 (Figure 4D). In summary, the SVM model was considered the optimal model for identifying disease with
the highest accuracy. The five most important genes (HIF1A, CASPS, FOS, EGFR, and PPARG) were screened through
the SVM model for use as predictors of breast cancer and were utilized to better illustrate the correlations among herbal

compounds, predictor genes and breast cancer for subsequent analysis.
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Expression and Validation Analysis of the Predictor Genes

To better understand the expression of the five predictor genes in the normal and breast cancer samples, we first analyzed
the expression levels of each gene in the GEO datasets for the machine learning models. The results showed that all five
genes were differentially expressed in the tumor samples, with a statistically significant p value < 0.001. Among them,
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CASPS8 and HIF1A were upregulated in the tumor samples, while FOS, EGFR, and PPARG were downregulated.
Furthermore, the ROC curves indicated that FOS exhibited the highest diagnostic accuracy, with an AUC of 0.823.
Moreover, the remaining four genes had AUC values above 0.650, making them equally promising predictors
(Figure 5A). To more accurately profile the expression levels of the five genes, we also used external GEO datasets
(GSE70905 and GSE70947) for validation. The expression data within these two datasets were normalized and merged
by the “limma” R package, after which the gene expression data were analyzed. Although there was no notable difference
in the expression of HIF1 A between normal and tumor samples, the trends in the expression of the remaining four genes
were highly consistent with the significant differences in AUC values, confirming the diagnostic value of these genes

(Figure 5B).
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We Constructed a Nomogram and Explored the Correlation of Gene Expression with

3 Existing Biomarkers

To make the prediction model as simple as possible, we constructed an SVM model and corresponding nomogram
model with the five predictor genes to estimate the incidence of breast cancer (Figure 6A). By testing the specific
expression values, a separate score interval was assigned to each gene. The sum of the scores for the five genes could
be used to predict the risk of breast cancer. The nomogram provided a clearer image to illustrate the effects of multiple
genes that act together in disease, and the gene expression levels were intuitively linked to the risk of disease
occurrence using numerical values. Then, the predictive effectiveness of the nomogram model was evaluated by
calibration curve analysis and DCA in the test set. Through the calibration curve, we observed that the margin between
the solid and dashed lines was very small, indicating that the error between disease prediction risk and actual risk was
minimal (Figure 6B). The red line for the model genes in the DCA graph was far from the rest of the lines, which
confirmed the high accuracy of the model and can serve as valuable support for making clinical treatment decisions
(Figure 6C). Additionally, the models validated on the external GEO datasets (GSE70905 and GSE70947) both
exhibited satisfactory performance, with high AUC values of 0.811 in the GSE70905 dataset and 0.898 in the
GSE70947 dataset, again suggesting that our diagnostic model was equally effective in distinguishing between normal
and breast cancer patients (Figure 6D and E).

Breast cancer diagnosis and characterization require the assessment of biomarker proteins present inside or on the
surface of tumor cells. The 3 most typical prognostic biomarkers in breast cancer are ER (ESR1), PR (PGR), and HER2
(ERBB2).*#4° The expression levels of these biomarkers can significantly impact treatment approaches for individuals
with breast cancer in clinical settings.*' Therefore, we also employed another external GSE22820 dataset to determine
the associations between the 5 predictor genes and the 3 biomarkers of breast cancer. We concluded that HIF1A and
EGFR were negatively correlated with ESR1 (HIF1A, R = —0.39; EGFR, R = —0.65), PGR (HIF1A, R = —0.36; EGFR,
R =-0.53), and ERBB2 (HIF1A, R =—0.21; EGFR, R = —-0.42), while CASP8, FOS and PPARG were weakly positively
correlated with ESR1 expression (CASP8, R = 0.15; FOS, R = 0.17; PPARG, R = 0.13); and PGR (FOS, R = 0.28;
PPARG, R = 0.18) (Supplementary Figure 2A-C). The results provided evidence of the exceptional pathological

diagnostic value of the 5 predictor genes.

Correlations Between Immune Cell Infiltration and Predictor Genes

Immunotherapy is revolutionizing the treatment of breast cancer by boosting one’s own immune system to attack cancer
cells more efficiently. Certain immune-modulating drugs can significantly improve the survival rate of cancer patients.
Understanding the tumor immune microenvironment and intricate interaction networks is crucial for the development of
immunotherapy.*? In this study, we applied the CIBERSORT algorithm to compare immune cell variations between
normal and breast cancer samples. The relative proportions of 22 immune cell infiltrates in the normal control and tumor
treatment groups were calculated within the GSE139038 and GSE162228 datasets (Supplementary Figure 3A) and are

presented in a boxplot (Supplementary Figure 3B). The results revealed that the infiltration of memory B cells, activated

memory T cells, follicular helper T cells, gamma delta T cells, MO macrophages, M1 macrophages, and neutrophils
significantly increased, while the infiltration of naive B cells, plasma cells, CD8 T cells, resting NK cells, and monocytes
exhibited the opposite trend. Alterations in the immune microenvironment could be a significant factor contributing to the
onset of breast cancer, suggesting new insights for tumor immunotherapy. Analysis of the correlation between the 5
predictor genes and immune cells was also conducted to understand their immunoregulatory functions. The genes were
related to up to 16 out of 22 immune cells, including naive B cells, resting NK cells (positively related), neutrophils, and
follicular helper T cells (negatively related) (Supplementary Figure 3C). These correlation results suggested that the 5

genes also play a crucial role in regulating the tumor microenvironment of breast cancer patients.

Protein Expression and Clinical Prognostic Value of the Predictor Genes
The protein expression data for normal and breast cancer tissues were downloaded from the HPA database in the form of
immunohistochemical images. The images of the 5 identified predictor genes further confirmed the differential expression levels
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Figure 6 Construction and validation of the nomogram model. (A) Nomogram constructed based on the five predictor genes to predict the risk of breast cancer. Analysis
of the predictive efficiency of the nomogram model. (B) Calibration curve. (C) DCA diagram. ROC curves to assess the model accuracy based on GEO datasets. (D)
GSE70905. (E) GSE70947.

62 https: OncoTargets and Therapy 2025:18



Ying et al

between the normal and breast cancer samples; moreover, the expression levels of CASP8 and HIF1A were obviously greater in
the tumor samples than in the normal samples, and the expression levels of FOS, EGFR, and PPARG were slightly lower
(Supplementary Figure 4A). This result was consistent with the mRNA expression data shown in Figure 7. To assess the
prognostic values of the 5 predictor genes, the Kaplan—Meier plotter database and TCGA database were used to analyze the

relationships between gene expression and survival rate and disease progression, respectively. By evaluating the impacts of the
expression of these 5 genes on the survival rate of 2976 patients via the KM plot database, we observed that increased expression
of CASPS, HIF1A, and EGFR and decreased expression of FOS and PPARG led to a poor survival prognosis for breast cancer
patients (Supplementary Figure 4B). For a more in-depth analysis, we investigated the relationships between the mRNA

expression of 5 predictor genes and various clinicopathological features, including age, tumor stage and TNM stage, in the
TCGA database. The TCGA-BRCA cohort for breast cancer encompasses 1085 clinical records of patients with breast cancer.
Gene expression was strongly related to prognosis, among which CASP8 could affect tumor stage and T stage; FOS was related to
both tumor stage and TNM stage; EGFR was related to age and T stage; and PPARG was related to age, tumor stage, and TN stage
(Supplementary Figure SA-E). Collectively, the data presented above strongly indicated that the key predictor genes identified

through integrative network pharmacology and machine learning approaches play a crucial role in the onset and progression of
breast cancer. This preliminary confirmation underscores the reliability of the predictive outcomes derived from the approaches. In
subsequent steps, we could further determine the main herbal compounds through constructing an interaction network of the 5
predictor genes and their corresponding compounds while exploring how they are involved in the development of breast cancer.

Enrichment Analysis

To explore the biological functions of the relevant target genes and the involved disease-related signaling pathways, we
performed Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses on the 160 genes at
the intersection of TSGJ and breast cancer genes and screened genes for which p < 0.05 was considered to indicate
a significant difference. Among them, GO-enriched terms were mainly related to reactive oxygen species, response to
oxidative stress, membrane rafts, membrane microdomains, DNA-binding transcription factor binding, and RNA poly-
merase II-specific DNA-binding transcription factor binding, which indicated that TGSJ could affect cell proliferation,

MOL000354

Key gene MollD Herb

Figure 7 The Sankey plot of the 5 predictor genes-bioactive compounds-herbs network. Left column represents the identified 5 predictor genes, middle column represents
their corresponding bioactive compounds, and the right column represents the herb origins.
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metabolism, differentiation, and survival by regulating ROS and participated in cell activities by affecting key proteins,
DNA, and RNases (Supplementary Figure 6A). The level of ROS is associated with the uncontrolled proliferation and

high metabolic rate of cancer cells and is related to maintaining tumor phenotypes.** A total of 151 out of 160 genes were
mapped to 174 KEGG pathways, and Supplementary Figure 6B illustrates the top 15 pathways that exhibited significant

enrichment. The IL-17 signaling pathway has a crucial impact on the development and progression of breast cancer.
Targeting this pathway or its specific downstream mediators using chemotherapy drugs or small interfering RNA
(siRNA) interference represents a promising and innovative therapeutic approach for inhibiting this disease.** The
TNF signaling pathway can induce the activation of multiple cancer-related pathways, such as the PI3K/Akt and
AKT/NF-B signaling pathways, thus regulating the progression and metastasis of breast cancer.*>**°

In addition, we constructed a relationship plot of the 5 identified predictor genes with their corresponding top 10

enriched GO BP and KEGG terms (Supplementary Figure 7). Multiple pathways, such as the MAPK signaling pathway,

apoptosis pathway, HIF-1 signaling pathway, IL-17 signaling pathway, PD-L1 expression pathway, PD-1 checkpoint
pathway in cancer, PI3K-Akt signaling pathway, PPAR signaling pathway, and TNF signaling pathway, can affect cell
survival, apoptosis, proliferation, etc. Regulated activity of these pathways is often associated with cancer progression or
drug resistance.*”** We found that the 5 predictor gene-enriched signaling pathways were more closely related to the
progression of breast cancer, which further proved that the 5 identified predictor genes were more likely to play
significant roles in the prevention and treatment of breast cancer by TGSJ.

Key Gene—Compound—-Herb Network Construction and Molecular Docking

A key gene-compound-herb network was constructed to visualize the correlations between the 5 predictor genes,
bioactive compounds, and herbs to identify the major bioactive compounds. The Sankey plot revealed that the 5
predictor genes were related to 16 bioactive compounds from the 6 herbs (Figure 7). Detailed information on the
corresponding 16 bioactive compounds is shown in Table 2. In particular, MOL000098 (quercetin) was associated with
all 5 genes, MOL000006 (luteolin) and MOL002714 (baicalein) corresponded to 2 genes, while the other compounds
were linked to only 1 gene each. Molecular docking was performed to calculate the binding energy of the 5 predictor
genes and their related bioactive compounds. The crystal structures with improved resolutions of the 5 predictor genes
were downloaded from the PDB database as follows: CASP8A (PDB ID: 3KJQ), HIF1A (PDB ID: 2ILM), FOS (PDB
ID: 2WT7), EGFR (PDB ID: SEM6), and PPARG (PDB ID: 3ADX). AutoDock Vina software was then used to perform
the protein—ligand docking and calculate the binding energy. In general, the binding energy reflects the binding strength,
with a decrease in energy signifying an enhanced binding capability.**> A binding energy below 0 suggests the potential

Table 2 Detailed Information on the Bioactive Molecules Associated with Key Genes

MolID MolName PubChem CID | Chemical formula Herbs of origin
MOL000006 Luteolin 5280445 CisH,00¢ Dangshen, Xiakucao
MOL000098 Quercetin 5280343 CisH,007, Chaihu, Wangbuliuxing, Xiakucao
MOL000173 Wogonin 5281703 Ci6H 205 Huanggqin
MOL000354 Isorhamnetin 5281654 C6H 207 Chaihu
MOL000358 Beta-sitosterol 222284 Cy9H500 Baishao, Huanggqin, Xiakucao
MOL000422 Kaempferol 5280863 Cis5H,00¢ Baishao, Chaihu, Xiakucao
MOL000525 Norwogonin 5281674 Ci5H,00s Huanggqin
MOL000737 Morin 5281670 CysH 007 Xiakucao
MOLO001689 Acacetin 5280442 C6H 205 Huanggqin
MOL002714 Baicalein 5281605 Cy5H 005 Huanggqin
MOL002933 | 5,7,4-Trihydroxy-8-methoxyflavone 5322078 Ci6H120¢ Huanggqin
MOL002934 Neobaicalein 124211 C9H,g0g Huanggqin
MOL003896 7-Methoxy-2-methyl isoflavone 354368 C,7H 405 Dangshen
MOL005321 Frutinone A 441965 C¢HgO4 Dangshen
MOL008206 Moslosooflavone 188316 C,7H 405 Huanggqin
MOL008400 glycitein 5317750 C6H 205 Dangshen
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for the ligand molecule to bind to the receptor target in a spontaneous manner, while a binding energy lower than —5
indicates favorable and strong binding affinity.’*>! The docking scores were exhibited via heatmap, showing the binding
energies of all 22 protein—ligand pairs were all below —5, indicating that the compounds could firmly bind to the protein
(Figure 8A). Quercetin, luteolin and baicalein were identified as the core compounds of TSGJ as they had strong
affinities with up to 2 key targets. Their binding configurations with associated targets were visualized by PyMOL
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Figure 8 Molecular docking between the 5 predictor genes and their associated bioactive compounds. (A) A heatmap illustrates the binding affinities obtained from the
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software (Figure 8B-8J). The compounds were found to exhibit multiple types of interactions with the proteins, primarily
including Van der Waals, Hydrogen Bond, Pi-Alkyl, Pi-Sigma, and Pi-Pi Stacked interactions (Supplementary Figure 8A-

I). And the core compounds were selected to perform cellular validation to detect their effects on the breast cancer cell
viability and associated mRNA expressions.

Cellular Validation
The HPLC results confirmed that quercetin, luteolin, and baicalein are present at measurable concentrations in the TSGJ
decoction (Supplementary Figure 9), further validating the rationality of the component analysis conducted via network

pharmacology. Specifically, in a 2 mg/mL TSGJ solution, approximately 23 pg/mL of quercetin and luteolin, and 15 pg/
mL of baicalein were detected (Supplementary Table 5). Subsequently, we conducted cell experiments to evaluate the

anticancer effects using both the equivalent TSGJ solution and a composite solution of the three compounds (QLB
solution) at matched concentrations. TSGJ solution and QLB solution exhibited significant cytotoxicity against MDA-
MB-231 cells in a dose-dependent manner in a similar trend, indicating that the three compounds are the main active
components against breast cancer of TSGJ (Figure 9A). At lower concentrations (TSGJ <2 mg/mL, QLB < 60 ug/mL),
the compounds showed minimal inhibitory effects on MCF-10A, while inhibiting MDA-MB-231 by over 50%. At higher
concentrations, they mildly inhibited MCF-10A, but cell viability remained above 60%, indicating low toxicity to non-
cancerous cells. These results suggest the compounds have selective activity, with limited effects on non-cancerous cells
at therapeutic concentrations (Figure 9B). Further analysis of the mRNA expression levels revealed CASPS, EGFR, FOS,
and HIF1A were highly expressed in MDA-MB-231, while PPARG was less expressed in the tumor cells. And their
expression levels could be regulated by the TSGJ and QLB solutions (Figure 9C-G). These results indicated that the three
identified compounds (quercetin, luteolin, and baicalein) could collectively modulate key targets and induce cytotoxicity,
contributing to the therapeutic effect of TSGJ on breast cancer.

Discussion

Breast cancer (BRCA) is the most frequently diagnosed malignancy in women worldwide and is the leading cause of
cancer-related death among women.”> Due to limited treatment, its poor prognosis and mortality rates have been
increasing. TCM has gained traction as a complementary therapy for breast cancer and is known for reducing toxicity,
improving prognosis, and enhancing survival. Its complex formulations act on multiple targets, leading to a broad range
of effects through intricate molecular networks. Network pharmacology has been key in understanding TCM mechan-
isms. Employing machine learning to identify critical disease targets offers a forward-looking method for TCM research,
enabling predictions from large-scale biological data.>*

The therapeutic use of TSGJ decoction, a traditional TCM formula for breast cancer, has historically been noted.
Despite its observed anticancer effects, its specific mechanisms and primary active components have remained largely
unexplored. Our study employed network pharmacology to create a detailed biological network linking herbal com-
pounds to disease targets and pathways. We used machine learning to identify key diagnostic targets for breast cancer and
their corresponding active compounds, offering fresh insights into TCM’s potential in disease prevention and treatment.

Drawing on the TCMSP database, we identified 87 active compounds from 6 herbs in the TSGJ concoction and
mapped 223 related targets. Additionally, our analysis incorporated RNA-sequencing data from the GEO database
(Table 3) and used DEG analysis and WGCNA to refine the identification of BRCA-related pathogenic genes. We
identified 160 therapeutic targets for TSGJ in breast cancer, which is indicative of TCM’s multifaceted approach to
disease modulation.

A PPI network refers to a network composed of interactions among proteins within a living organism.’> Biological
processes within living organisms are often complex and rely on the close connection and collective action of multiple
proteins.’® Active ingredients are also likely to act on more than a single target. We imported 160 therapeutic targets into
the STRING database to construct the PPI network, and through network topology analysis and filtering, we ultimately
identified 30 core targets. These targets demonstrated a high degree value in the central network of the PPI network,
establishing a dominant position. Consequently, they may play a crucial role in the anti-BRCA effect of TSGIJ.
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Table 3 Datasets Used in This Study

Datasets Samples Usage

GSE139038 24 normal, 41 tumor samples DEGs, WGCNA, model training, immune infiltration analysis
GSE162228 24 normal, 109 tumor samples

GSE70905 47 normal, 47 tumor samples Nomo model validation, expression validation
GSE70947 148 normal, 148 tumor samples

GSE22820 10 normal, 176 tumor samples 3 biomarkers correlation

TCGA-BRCA | 112 normal, 1105 tumor samples Clinical prognostic correlation

Nevertheless, the PPI network has limitations because it only includes densely connected proteins without delving
into the associations between these proteins and the occurrence of disease.”” Therefore, there is an urgent need for further
data analysis and interpretation. Recently, machine learning algorithms based on RNA sequencing data have been
progressively applied for the statistical analysis of disease signature genes and have shown excellent predictive
results.® % In this study, we established and compared four machine learning models (RF, SVM, GLM and
XGBoost) with the expression profiles of hub genes from PPIs. The SVM model displayed the highest performance,
with an AUC of 0.948, indicating that it has the highest predictive efficacy in the prediction of BRCA diagnostic genes.
Subsequently, five important predictive genes (HIF1A, CASPS8, FOS, EGFR, and PPARG) were screened through SVM,
and we constructed a nomogram to estimate the occurrence of BRCA. HIF1A serves as a fundamental key regulator of
hypoxia signaling and is associated with the brain metastasis of BRCA®' and the early recurrence of ER-type BRCA.%
CASP8, recognized as one of the initial low penetrance loci, has been linked to the susceptibility of BRCA in
investigations focusing on candidate genes.®> FOS can play a role in governing both human breast biology and the
development and progression of cancer.®* The signaling pathway involving EGFR has been extensively studied in the
progression of cancer. Fundamental alterations in EGFR signaling occur during the invasion, dissemination, and eventual
metastasis of BRCA.'! PPARG is associated with poor prognosis in BRCA patients because it regulates tumor-infiltrating
cells within the tumor microenvironment through various pathways.*' Thus, these five disease-related genes have great
potential as predictor genes for BRCA prediction, prevention, and treatment. The five genes were differentially expressed
in the BRCA samples and exhibited high diagnostic accuracy. The nomogram model demonstrated exceptional predictive
efficacy, underscoring its significance for clinical applications. In addition, as three biomarkers (ESR1, PGR, and
ERBB2) were strongly associated with the occurrence, progression and prognosis of BRCA, we also performed
correlation analysis between the biomarkers and five predictor genes with another external dataset. The results showed
significant correlations, providing evidence of the exceptional pathological diagnostic value of the 5 predictor genes.

Furthermore, our research revealed a significant link between five key predictor genes and the immune system, with these
genes influencing 16 out of 22 types of immune cells, suggesting a role for these genes in regulating the tumor immune
environment during BRCA progression. Clinical prognostic evaluations also revealed that these genes impact the overall
survival of BRCA patients by affecting various clinical features, making them reliable indicators of BRCA onset and
progression. Although the pathway enrichment of 160 therapeutic targets appears complex, protein—protein interaction (PPI)
analysis and support vector machine (SVM) model screening revealed that the pathways related to the top 5 predictor genes
are closely related to BRCA progression. This finding underscores the potential importance of TSGJ in preventing and
treating BRCA. Linking these genes to their corresponding active ingredients in TSGJ, particularly quercetin, luteolin, and
baicalein, we constructed a network that enhances our understanding of the function of TSGJ in BRCA prevention and
treatment. Molecular docking assays further confirmed the strong binding affinity between these components and the
predictor genes, reinforcing their significance in the efficacy of TSGJ. The cytotoxic effects of quercetin, luteolin, and
baicalein on breast cancer cells, as well as their regulatory effects on key targets, were also confirmed through MTT and RT-
gPCR cell experiments. These findings demonstrate the therapeutic effects of TSGJ on breast cancer.

In summary, our study adopted a new strategy to synthesize network pharmacology and machine learning data
through vast data from multiple sources, focusing on the 87 active ingredients of TSGJ decoction and their effects on 160
BRCA-related genes. The sheer volume of data presents a challenge in pinpointing crucial drug therapy mechanisms. By
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integrating PPI network analysis with machine learning, we identified 5 key genes linked to BRCA progression and
identified the 3 most impactful components associated with these genes. This provides a new, comprehensive method for
identifying the core components and mechanisms of TCMs for disease treatment, while experimental validation exhibited
a more complete picture.

Conclusion

This study applied network pharmacology, machine learning, and experimental validation to identify key components,
targets, and mechanisms of TSGJ decoction against breast cancer. Multiple analysis highlighted critical compounds
(quercetin, luteolin, baicalein) and five key predictive targets (HIF1A, CASP8, FOS, EGFR, PPARG) involved in breast
cancer progression, immune regulation, and prognosis. This research supports the therapeutic potential of TSGJ
decoction in breast cancer prevention and treatment.
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