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ABSTRACT 

Background: Breast cancer remains the leading cause of cancer-related mortality among women globally, 

necessitating novel multi-target therapeutic strategies. This study employed an integrated network pharmacology and 

molecular docking approach to elucidate the anti-breast cancer mechanisms of Vernonia amygdalina (bitter leaf).   

 

Methods: Five bioactive phytochemicals, 11,13-dihydrovernodalin, hydroxyvernolide, vernodalin, vernolide, and 

vernomygdin were identified following ADMET and drug-likeness screening.  

 

Results: Venn diagram analysis revealed 21 overlapping targets between V. amygdalina phytochemicals and breast 

cancer-associated genes. Protein–protein interaction network analysis identified Aurora Kinase A (AURKA) and 

Thymidylate Synthase (TYMS) as principal hub proteins (PPI enrichment p = 9.18 × 10⁻⁸). Gene Ontology and KEGG 

pathway enrichment analyses implicated kinase activity, mitotic spindle regulation, and the PI3K-Akt, MAPK, and 

Ras signaling cascades as key modulated functions and pathways. Molecular docking confirmed strong binding 

affinities, with hydroxyvernolide and vernomygdin exhibiting the highest affinity toward TYMS (−8.6 kcal/mol) and 

11,13-dihydrovernodalin toward AURKA (−8.0 kcal/mol).  
 

Conclusion: These findings demonstrate that V. amygdalina exerts anti-breast cancer effects through a multi-

component, multi-target mechanism, providing a strong computational rationale for further experimental validation. 
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1.0 INTRODUCTION 

2.3 million women worldwide received a breast cancer diagnosis in 2022, which led to 670,000 fatalities. It can happen 

at any age after puberty and affects women worldwide, with incidence rates increasing with age [1]. The most common 

cause of cancer-related death in women is breast cancer. More than half of breast cancer diagnoses and two-thirds of 

breast cancer deaths in 2020 occurred in less developed regions of the world, despite the fact that the disease was 

previously thought to be primarily associated with industrialized nations [2,3]. Due to changes in the prevalence and 

distribution of important cancer risk factors, many of which are associated with socioeconomic development, as well 

as population ageing and expansion, the worldwide burden of cancer incidence and mortality is generally rising 
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quickly [4,5]. But new data also shows an alarming increase in early-onset breast cancer, especially in women under 

50, who as of 2019 had the highest cancer-related DALYs in this age group worldwide [6]. Even if the overall 

incidence of breast cancer continues to rise with age, studies like Zhao et al. have shown an increasing trend in the 

prevalence of early-onset breast cancer, which may be related to lifestyle modifications, environmental exposures, 

and genetic predispositions [6]. The need for thorough predictions that take age-specific dynamics into account is 

highlighted by the dual trend of increased cases in both younger and older groups. Cancer, characterized by the 

unwanted proliferation of cells arising from an aggregation of various genetic anomalies, including dysregulation of 

genes and their regulators, has a deep-rooted history dating back approximately 1.98 million years. Evidence of 

tumors, specifically osteosarcoma, has been discovered in human fossils from South Africa, showcasing the ancient 

existence of this disease [7]. Vernonia amygdalina, variously known as bitter leaf (English), oriwo (Edo), ewuro 

(Yoruba), shikawa (Hausa), and olubu (Igbo), is a tropical shrub, 1-3m in height with petiole leaf of about 6mm in 

diameter, and elliptic in shape. The leaves are dark green coloured with a characteristic odour and a bitter taste. The 

species is indigenous to tropical Africa and is found wild or cultivated all over sub- Saharan Africa. The leaves are 

eaten, after crushing and washing thoroughly to remove the bitterness. All parts of the plant are pharmacologically 

useful. Both the roots and leaves are used in phyto-medicine to treat fever, hiccups, kidney disease and stomach 

discomfort, among others. The stem and root divested of the bark are used as chew-sticks in Nigeria. More importantly, 

the leaves are used to prepare the very popular bitter leaf soup in Nigeria and are also reportedly consumed by goats 

in some parts of Nigeria. Antihelmitic and antimalarial properties as well as antitumorigenic properties, have also been 

reported for extracts from the plant [8]. The exact chemical mechanisms underlying bitter leaf's pharmacological 

actions are still unknown, despite the plant's long history of traditional use and proof of its effectiveness. Sometimes 

the complex interactions between bioactive chemicals in plant extracts and their effects on cellular signalling pathways 

are too complex for traditional pharmacological approaches to fully understand. However, using computational 

approaches and systems biology, network pharmacology has become a powerful paradigm for understanding the 

complex relationships between medicines, targets, and disorders inside biological networks [9, 10]. In order to 

systematically elucidate the multi-target anti-breast cancer mechanisms of Vernonia amygdalina using network 

pharmacology integrated with molecular docking validation, this approach systematically explores the molecular 

landscape underlying the therapeutic qualities of natural compounds through the use of computational techniques, 

network analysis, and the integration of omics data [11]. Furthermore, the predictive power of this method helps 

prioritize target proteins and candidate compounds for subsequent experimental validation, thereby accelerating the 

drug development process [12-14]. Additionally, molecular docking and molecular dynamics simulations were 

employed to clarify the binding interactions between bitter leaf components and their specific targets, thereby offering 

a more comprehensive understanding of their pharmacological effects. Therefore, this study aimed to investigate the 

molecular mechanisms underlying the anti-breast cancer activity of Vernonia amygdalina using network 

pharmacology and molecular docking approaches 

 

2.0 MATERIALS AND METHODS   

2.1 MATERIALS   

2.1.1 Biological Materials 

Vernonia amygdalina phytochemicals 

 

2.1.2 Chemicals and Reagents 

None (computational study) 

 

2.1.3 Equipment and other materials 

ADMETlab, SwissTargetPrediction, STRING, Cytoscape, GEPIA2, PyRx, Discovery Studio and UCSF ChimeraX 

 

2.2 METHODS    

2.2.1 Data acquisition, ADME analysis, and component screening of Vernonia amygdalina (VA) 

The Phyto molecules reported in VA were retrieved from the Phytochemical Interaction Database 

(https://www.genome.jp/db/pcidb/). After removing duplicate entries, the compounds were screened for ADME and 

pharmacokinetics using the ADMETlab2.0 online platform (https://admetmesh.scbdd.com/ ) [15]. This platform 

provides a comprehensive evaluation and scoring system of the physicochemical properties, pharmacokinetics, and 

medicinal chemistry of potential drug candidates [15]. The canonical SMILES structures, molecular formulas, and 
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three-dimensional conformations of the compounds were downloaded from PubChem and used for subsequent 

computational analyses [16]. The canonical SMILES of each compound were entered into the SwissTargetPrediction 

(STP) platform (http://www.swisstargetprediction.ch/) in order to molecularly predict potential human protein targets 

and host-associated molecular interaction concerning the Breast Cancer [17]. SwissTargetPrediction finds potential 

macromolecular targets as a result of a 2D and 3D chemical similarity search of known ligands that have been 

successfully tested. To be more precise, the targeted proteins were limited to Homo sapiens so that its relevance to the 

host interaction pathways implicated in the replication, immune modulation, and inflammatory signaling during 

infection with breast cancer can be achieved. Based on the data obtained, the analysed compounds were screened on 

four diverse characteristics: positive for Lipinski’s rule, human oral bioavailability (F30%) (threshold value < 0.3), 

ability to penetrate the blood-brain barrier (BBB) (threshold value < 0.3), and QED drug-likeness score (threshold 

value > 0.67). The identified targets were subsequently curated and employed in downstream analyses such as protein-

protein interaction mapping, pathway enrichment and molecular docking studies in order to explain the possible 

mechanisms by VA can suppress the activity of breast cancer pathways. These selected compounds were then used 

for further analysis. 

 

2.2.2 Data collection of Breast Cancer–associated genes 

Additional Breast cancer–related genes were systematically retrieved from the Gene Expression Profiling Interactive 

Analysis (GEPIA 2) database (http://gepia2.cancer-pku.cn/), which integrates genomic, transcriptomic, proteomic, 

and functional annotations for human genes. This resource provides a comprehensive repository of gene disease 

associations and biological pathway information relevant to cancer diseases.[18]. 

  

2.2.3   Preparation of ligands and target prediction 

The chemical structures of the phytochemicals namely Vermogdylin, Hydroxyvernolide, Vernodaline, 11,13-

Dihydrovernodaline, and Vernolide were obtained from the PubChem database (https://pubchem.ncbi.nlm.nih.gov), 

which provides curated chemical structures, physicochemical descriptors, and biological activity information for small 

molecules [16]. The canonical SMILES structures and molecular descriptors were retrieved and used for 

computational target prediction. The SMILES structures of the compounds were submitted to the 

SwissTargetPrediction (STP) platform (http://www.swisstargetprediction.ch/) to predict potential human protein 

targets. STP estimates probable molecular targets of bioactive small molecules by integrating 2D and 3D chemical 

similarity metrics with known ligand–target interactions [17]. The organism parameter was restricted to Homo sapiens 

to ensure relevance to host molecular pathways associated with Breast cancer. Predicted targets were collected and 

curated by removing duplicates and converting identifiers into official Homo sapiens gene symbols. The predicted 

protein targets were then compared with the curated Breast cancer–associated gene dataset to identify overlapping 

genes potentially involved in antiviral activity. The overlapping genes were identified using the Venny 2.1.0 platform. 

The compound target interaction network was subsequently constructed and visualized using Cytoscape (version 

3.10.4), which allows integrated visualization and analysis of biomolecular interaction networks [18].  

 

2.2.4 Overlapping Targets for VA Targets and Breast cancer 

On the other hand, VENNY2.1.0 (https://bioinfogp.cnb.csic.es/tools/venny/) [19] was used to recognize and 

demonstrate the shared targets that overlapped between VA phytochemicals and Breast cancer. The relationship 

between VA phytochemicals and their targets is revealed by the intersection of the identified targets. 

  

2.2.5 Creating a Network Involving Intersecting Targets 

Protein-protein interaction between phytochemicals targeted genes related to Breast Cancer (BC) was retrieved using 

the STRING database Version 12.0 (https://string-db.org/) [20] with Homo sapiens mode and a confidence level 

of >0.7. After that, the network was analysed using the Cytoscape 3.10.4 (https://cytoscape.org/) software program 

[21], and the CytoHubba module within Cytoscape was utilized to identify essential genes. 

 

2.2.6 Drugs, Targets, and Pathways (Ds-T-P) Network 

Construction and Analysis Ds-T-P network was constructed using Cytoscape’s merger algorithm plugin (Cytoscape) 

[18]. With the help of a network analyzer, the network topology is analyzed. Nodes represented drugs, targets, and 

pathways, and interactions between these nodes were shown along the edges. The frequency of a node’s connected 

neighbors was also indicated by the degree. The more significant the influence, the higher the fraction of nodes that 

are directly connected. 

http://www.swisstargetprediction.ch/
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2.2.7. Gene Ontology (GO) Enrichment and KEGG Pathways Analysis of Common Intersected Targets 

Using ShinyGO v0.85 (http://bioinformatics.sdstate.edu/go/) [22], functional enrichment analysis of the common 

intersected targets was initially carried out using Homo sapiens as the chosen species. To find statistically significant 

GO keywords and KEGG pathways, such as molecular function (MF), cellular components (CC), and biological 

process (BP) categories, a false discovery rate (FDR) criterion of 0.05 was used. This made it possible to systematically 

identify canonical signalling pathways and molecular activities linked to the intersected targets. Gene Ontology (GO) 

and KEGG pathway interpretation were then used to determine how each intersected target functions in signalling 

pathways. The official gene symbol and Homo sapiens as a species were used for this enrichment study for GO term 

characterization. 

  

2.2.8. Molecular Docking 

Molecular docking studies were carried out using PyRx 0.8 to elucidate the interactions between targets and BC 

associated protein targets. The three-dimensional (3D) structures of the phytochemicals were retrieved in SDF format 

from the PubChem database (https://pubchem.ncbi.nlm.nih.gov/) and imported into PyRx, where they were energy-

minimized using the Universal Force Field (UFF) prior to docking. The crystallographic structures Breast Cancer 

Aurora Kinase A (AURKA, PDB ID: 5DOS)  [23] and Thymidylate Synthase (TYMS, PDB ID: 6OJU) [24], were 

identified through extensive literature mining and obtained from the RCSB Protein Data Bank (https://www.rcsb.org/) 

[25]. Multiple docking runs were performed for each ligand–protein system, and binding affinities were reported in 

kcal/mol. The minimum binding energy and advantageous interaction geometry were used to determine which binding 

poses were ranked highest. BIOVIA Discovery Studio Visualiser 2025 was used to visualise and conduct a thorough 

interaction analysis of the docked complexes, including hydrogen bonding, hydrophobic interactions, and electrostatic 

contacts. 

 

2.3 Statistical Analysis 

Statistical significance for GO and KEGG enrichment analyses was determined using a false discovery rate (FDR) 

threshold of <0.05. Protein-protein interaction enrichment significance was assessed using STRING database 

statistical algorithms. Descriptive analyses were performed using Cytoscape and ShinyGO platforms. 

 

3.0 RESULTS  

3.1. Drug-Likeness Filtering and Selection of Bioactive Drug candidate 

Based on the drug-likeness and pharmacokinetic characteristics of the identified phytochemicals compounds against 

Breast Cancer were filtered to identify bioactive and pharmacologically relevant molecules. The screening criteria 

were based on molecular weight (≤500 Da), hydrogen bond donors (HBD ≤5), hydrogen bond acceptors (HBA ≤10), 

lipophilicity (LogP ≤5), topological polar surface area (TPSA ≤140 Å²), absence of pan-assay interference compounds 

(PAINS), and compliance with Lipinski’s rule of five, as implemented in the ADME/T Lab 3.0 platform 

(https://admetlab3.scbdd.com/) [26]. Among the initially identified phytochemicals, twelve compounds satisfied the 

drug-likeness thresholds without violating critical pharmacokinetic parameters (Table 1 and 2). The prediction of the 

absorption, distribution, metabolism, excretion (ADME), and toxicity profiles of the chosen repurposed antiviral 

compounds was done through the ADMETlab 3.0 web platform. It is necessary that a drug molecule crosses intestinal 

epithelium by passive diffusion or active transport mechanism before entering the systemic circulation. The Caco-2 

cells, which were obtained by dissection of human colon adenocarcinoma, represent a common in vitro model of the 

human intestinal barrier to determine the intestinal permeability of drug candidates, as they replicate the morphological 

and transport properties of intestinal epithelial cells [15]. The pharmacokinetic and toxicity profiles of the selected 

phytochemicals were evaluated to determine their drug-likeness, absorption, distribution, metabolism, excretion, and 

toxicity (ADMET) properties (Table 2). The compounds investigated included 11,13-Dihydrovernodalin (1), 

Hydroxyvernolide (2), Vernodaline (3), Vernolide (4), and Vernomygdin (5). Regarding absorption properties, all 

compounds demonstrated moderate Caco-2 permeability values ranging from −5.22 to −4.85, suggesting acceptable 

intestinal permeability. Hydroxyvernolide (2) and Vernolide (4) exhibited relatively higher human intestinal 

absorption (HIA) values of 0.56 and 0.47, respectively, indicating improved oral absorption potential compared with 

the other compounds. Vernomygdin (5) showed the lowest HIA value (0.064), suggesting comparatively reduced 

gastrointestinal absorption. P-glycoprotein (P-gp) inhibition analysis revealed low-to-moderate inhibitory tendencies 

among the compounds, although Vernomygdin (5) displayed the highest P-gp inhibition probability (0.80), indicating 

a greater likelihood of influencing drug efflux transport mechanisms. For distribution characteristics, all 

http://www.nijophasr.net/
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phytochemicals demonstrated low blood–brain barrier (BBB) permeability values, ranging from 0.0012 to 0.090, 

indicating limited penetration into the central nervous system. Plasma protein binding analysis revealed moderate-to-

high binding affinities, with Vernolide (4) exhibiting the highest plasma protein binding value (79.4%), suggesting 

prolonged systemic circulation and reduced free-drug concentration in plasma. Metabolic profiling against 

cytochrome P450 isoenzymes showed generally low inhibition tendencies across CYP1A2, CYP2C19, CYP2C9, 

CYP2D6, and CYP3A4 enzymes. This observation suggests a reduced probability of cytochrome-mediated drug–drug 

interactions. However, Vernolide (4) exhibited comparatively higher inhibitory values against CYP1A2 (0.17), 

CYP2C9 (0.14), and CYP3A4 (0.043), indicating a relatively greater interaction potential than the other 

phytochemicals. Vernomygdin (5) also demonstrated a notably elevated CYP3A4 inhibition probability (0.79), 

suggesting possible metabolic interaction liabilities. Excretion analysis demonstrated moderate human clearance 

values for all compounds, ranging from 3.97 to 4.65. Vernomygdlin (5) showed the highest clearance value (4.65), 

while 11,13-Dihydrovernodalin (1) exhibited the lowest (3.97). Predicted half-life values ranged from 1.53 to 2.05, 

with Vernolide (4) demonstrating the longest half-life, indicating relatively prolonged systemic persistence. 

Toxicological assessment revealed generally favorable safety profiles for the investigated phytochemicals. All 

compounds exhibited low hERG blocking probabilities (0.0048–0.026), suggesting minimal risk of cardiotoxicity 

associated with QT interval prolongation. Mutagenicity and tumorigenicity predictions were negative for all 

compounds, indicating the absence of mutagenic and tumorigenic tendencies. However, relatively high probabilities 

of drug-induced liver injury (DILI) were observed, particularly for Vernodaline (3) and Vernomygdin (5), with values 

of 0.97 and 0.94, respectively, suggesting potential hepatotoxicity concerns that may require further experimental 

validation. Similarly, carcinogenicity predictions varied among the compounds, with Vernodaline (3) showing the 

highest carcinogenicity probability (0.95), whereas Vernolide (4) demonstrated the lowest value (0.15). Ames toxicity 

predictions indicated moderate probabilities across the compounds, ranging from 0.59 to 0.93. Additionally, all 

compounds demonstrated positive skin sensitization outcomes. LC50 values ranged from 4.86 to 5.28, indicating 

moderate toxicity levels among the phytochemicals. Overall, the findings indicate that the investigated phytochemicals 

possess favorable pharmacodynamic and pharmacokinetic characteristics, supporting their potential as multi-target 

therapeutic candidates against breast cancer. 

 

Table 1: Physicochemical properties of the compounds 

 
Peak          

ID  

MW Fraction  

sp3 

LogP LogS Natural 

Product-

likeness 

TPSA nHA nHD ROA Lipinski 

violation 

PAINS 

1 362.14 0.526 0.570 -1.928 3.252 99.13 7 1 0.147 0 0 

2 378.13 0.579 0.506 -1.912 3.643 114.82 8 2 0.244 0 0 

3 360.12 0.421 0.809 -2.278 3.163 99.13 7 1 0.206 0 0 

4 362.14 0.579 1.226 -2.737 3.519 94.59 7 1 0.376 0 0 

5 364.15 0.341 1.593 -2.477 3.393 94.59 7 1 0.839 0 0 
Key: MW: Molecular weight, TPSA: topological polar surface area. iLogP: logarithm of noctanol-water partition coefficient. of a compound). nHA 

(Number of Hydrogen Bond Acceptors), nHD (Number of Hydrogen Bond Donors), ROA (Rotatable Bonds or Rotatable Bond Count), and PAINS: 
pan assay interaction structures. Note: 1: represents: 11,13-Dihydrovernodalin; 2: Hydroxyvernolide 3: Vernodaline ; 4; Vernolide; 5: Vernomygdin 

 

Table 2: Results of Pharmacodynamics and Pharmacokinetics potentials of phytochemicals of V. amygdalina 

DILI: drug-induced liver injury, hERG: human ether a-go-go 
   Properties  1  2  3  4  5 

Absorption Caco-2 permeability -5.22 -4.87 -4.85 -4.85 -4.92 

  HIA 0.24 0.56 0.34 0.47 0.064 

  P-gp inhibition 0.31 0.22 0.055 0.39 0.80 

Distribution BBB 
Permeability 

0.0073 0.0012 0.0044 0.0037 0.090 

  Plasma protein 

Binding (Human) 

  

65.6% 

  

54.8% 

  

65.6% 

  

79.4% 

67.4% 

Metabolism CYP 1A2 

Inhibition 

0.00010 0.0056 0.00000049 0.17 0.00037 

  CYP 2C19 
Inhibition 

0.0000011
6 

0.00013 0.0000012 0.027 0.0071 
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  CYP 2C9 inhibition 0.00011 0.0025 0.00010 0.14 0.009 

  CYP 2D6 inhibition 0.0000035 0.0016 0.00000097 0.018 0.0019 

  CYP 3A4 inhibition 0.056 0.00091 0.00061 0.043 0.79 

Excretion Human clearance 3.97 4.46 4.29 4.55 4.65 

  Half life 1.67 1.93 1.64 2.05 1.53 

Toxicity hERG blocker 0.0048 0.014 0.0071 0.026 0.019 

  Drug-induced liver 

injury 

0.89 0.79 0.97 0.80 0.94 

  Mutagenecity 0 0 0 0 0 

  Carcinogenicity 0.89 0.19 0.95 0.15 0.49 

  Tumorigenicity 0 0 0 0 0 

  LD50_oral 0 0 0 0 0 

  Ames 0.74 0.64 0.86 0.59 0.93 

  LC50 5.17 4.98 5.28 5.005 4.86 

  Skin Sensitization 1 1 1 1 1 

Note: 1: represents: 11,13-Dihydrovernodalin; 2: Hydroxyvernolide 3: Vernodaline ; 4; Vernolide; 5: Vernomygdin 

 

3.2. Common Intersected Targets of Repurpose Drugs within the Pubchem and STP Database 

Following ADME screening, the target prediction for 5 compounds was carried out using the pubchem databases. 

Simultaneously, the SMILES code for every phytochemical compound was input into the search queries. The number 

of targets from the pubchem databases was calculated in venny 2.0.1 with breast cancer genes (BRCA_genes) 721 

(73.6%) and phytochemicals target to be 238 (24.3%), respectively in accordance to the Venn diagram analysis, 21 

(2.1%) common targets between these two databases were found as overlaps (Fig. 1). The 2D structures of V. 

amygdalina phytochemicals were obtained from the PubChem database (https://pubchem.ncbi.nlm.nih.gov ). Genes 

associated with breast cancer were retrieved from the Gepia 2 database (http://gepia2.cancer-pku.cn/ ) were predicted 

using SwissTargetPrediction (https://www.swiss targetprediction.ch ).  A total of 21 (2.1%) target genes were found 

to overlap when the target genes linked to phyto compounds related overlapping breast cancer genes were investigated, 

and it is depicted in Fig. (1).   

 

 

 
 

Figure 1: Overlap of predicted molecular targets of VA with Breast cancer associated-genes, highlighting common 

therapeutic targets. 

 

3.3 Protein–protein interaction (PPI) network analysis 

The intersected gene set was imported into STRING v12.0 (https://string-db.org/ ) with Homo sapiens as the reference 

organism and a high confidence interaction threshold (≥0.97). The resulting PPI network comprised 21 nodes and 39 

edges, with an average node degree of 3.71 and an average local clustering coefficient of 0.483, indicating a highly 

interconnected network structure. The expected number of edges was 15, while the observed number of interactions 
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was substantially higher, yielding a PPI enrichment p-value is 9.18 × 10⁻08, which demonstrates that the network 

contained significantly more interactions than would be expected by chance (Fig. 2A).   Hub genes were identified 

based on degree and betweenness centrality parameters. The top 10 hub proteins included AURKA, TYMS, EGFR, 

TK1, CDK1, TOP2A, AURKB, KIT, KIF11 and MMP1 (Fig. 2B). PPI networks were visualized using Cytoscape 

v3.10.3. With the help of the network analyser tool from Cytoscape, the topological parameters of the network are 

analysed. We categorized the elements in the network according to their degree values. Based on degree value, 

AURKA and TYMS were selected as major proteins that may have a significant therapeutic effect on breast cancer. 

 
Fig 2A: Protein–protein interaction (PPI) network of the overlapping targets, revealing key hub proteins involved in 

breast cancer disease pathology. 

 

 
Figure 2B. Top ten most significant overlapping genes ranked as core targets of V. amygdalina phytochemicals with 

breast cancer-genes, highlighting common therapeutic targets. 

 

 3.4. Gene-Ontology (GO) and KEGG Pathway Enrichment Analysis of Common Targets 

We used a web-based tool, ShinyGO, to analyse Gene Ontology (GO) and KEGG pathways for the predicted targets 

associated with the proteins AURKA and TYMS against Breast Cancer. Based on the proportion, we identified the 

top 10 Molecular Functions (MF), Biological Processes (BP), and Cellular Components (CC). Several biological 

processes have been linked to breast cancer progression and survival as illustrated in Fig 3A. Midgut development, 

digestive tract development, and digestive system development are associated with cancer because tumor cells often 

reactivate embryonic growth pathways to support uncontrolled growth and metastasis [29]. Response to UV-A and 

cellular response to abiotic or environmental stimuli may contribute to DNA damage and mutation accumulation 

involved in breast cancer development [30]. Animal organ regeneration, regulation of cell maturation, and liver 

regeneration are connected with abnormal cell proliferation and tissue remodeling seen in tumors [31]. In addition, 

disruption of the circadian rhythm has been associated with increased breast cancer risk due to hormonal imbalance 

and impaired cellular repair mechanisms [30]. Cellular components’ targets as illustrated in Fig 3B include spindle 

microtubule, chromosome passenger complex, mitotic spindle, spindle pole centrosome, spindle pole, microtubule-

associated complex, spindle midzone, mitotic spindle pole, chromosomal region, and spindle are mainly involved in 

cell division and chromosome separation. Their enrichment in breast cancer suggests increased cell proliferation and 
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uncontrolled tumor growth, which are common features of cancer progression. Abnormal regulation of these spindle-

related structures can lead to chromosome instability, mutations, and metastasis in breast cancer cells [29]. These 

findings indicate that many predicted targets are associated with intracellular structures that regulate mitosis, cell-

cycle progression, and cancer cell survival. The identified molecular functions shown in Fig 3C including adenyl 

ribonucleotide binding, anion binding, adenyl nucleotide binding, kinase activity, protein kinase activity, ATP 

binding, ribonucleotide binding, purine ribonucleotide binding, heterocyclic compound binding, and purine nucleotide 

binding, are closely associated with breast cancer development and progression. Many of these functions are involved 

in energy transfer, signal transduction, and regulation of cell growth. In particular, kinase and protein kinase activities 

play important roles in cancer cell proliferation, survival, metastasis, and resistance to therapy because they control 

major signaling pathways involved in tumor progression [29]. ATP- and nucleotide-binding activities are also essential 

for rapid cancer cell metabolism and continuous cell division observed in breast cancer cells [32]. Similarly, the top 

20 KEGG pathways illustrated in Fig 3D and 3E were identified at a threshold level of P-value < 0.001 for the predicted 

therapeutic targets associated with breast cancer. Important KEGG pathways include Relaxin signaling pathway, 

central carbon metabolism in cancer, calcium signaling pathway, pathways in cancer, MAPK signaling pathway, 

PI3K-Akt signaling pathway, cGMP-PKG signaling pathway, bladder cancer, Rap1 signaling pathway, pyrimidine 

metabolism, Ras signaling pathway, Coronavirus disease (COVID-19), non-small cell lung cancer, drug metabolism-

other enzymes, nucleotide metabolism, IL-17 signaling pathway, hematopoietic cell lineage, melanogenesis, 

progesterone-mediated oocyte maturation, and parathyroid hormone synthesis, secretion and action. These enriched 

pathways are mainly involved in cancer cell proliferation, metabolism, inflammation, angiogenesis, immune 

regulation, and metastasis. In particular, the MAPK, PI3K-Akt, Ras, and IL-17 signaling pathways are strongly linked 

to breast cancer progression, tumor survival, and resistance to therapy. Therefore, these pathways suggest that the 

identified therapeutic compounds may exert anticancer effects by modulating multiple signaling and metabolic 

pathways involved in breast cancer development and progression [33]. 
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Fig 3: GO analysis, in the top 20 significantly enriched terms, the y-axis represents the enriched category, the x-axis represents the 

number of enrichments and the order of importance was ranked from top to bottom by − Log10 (p value). A = Biological process. 

B = Cellular component. C =Molecular function. KEGG analysis. 3D: pathway enrichment of the overlapping targets, indicating 

significantly modulated inflammation-related signaling pathways. 3E: Pathway maps of potential targets for KEGG analysis 

pathway with significance value at p < 0.05. The red nodes represent the targets of V amygdalina. 
3.5 Molecular docking studies  

Based on the results of network pharmacology and target prediction, molecular docking was performed to elucidate 

the interactions between V. amygdalina phytochemicals and the key breast cancer gene target, Aurora Kinase A 

(AUKRA; PDB ID: 5DOS; method: X-ray diffraction; resolution: 2.98 Å) and Thymidylate Synthase (TYMS; PDB 

ID: 6OJU; method: X-ray diffraction; resolution: 2.884 Å), which are implicated in breast cancer. The two-

dimensional (2D) and three-dimensional (3D) structure data files (SDF) of the phytochemicals were retrieved from 

the PubChem database. Ligand structures were prepared and initially optimized using BIOVIA Discovery Studio 

Visualizer 2025, followed by conversion into PDB format. The crystal structure of AUKRA and TYMS were 

downloaded from the Protein Data Bank (https://www.rcsb.org/). Protein preparation was carried out using UCSF 

ChimeraX (2025 release), including removal of crystallographic water molecules and co-crystallized ligands, 

correction of missing residues, and addition of polar hydrogens. The prepared protein structure was energy minimized 

https://www.rcsb.org/
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using the AMBER ff14SB force field to obtain a stable conformation prior to docking. Prepared ligands and receptor 

structures were imported into PyRx 0.8, where they were converted into PDBQT format compatible with AutoDock 

Vina. Ligand energy minimization was performed in PyRx using the Universal Force Field (UFF) solely to relieve 

geometric strain and generate reasonable starting conformations prior to docking. The docking grid was centered on 

the active binding region of AUKRA (grid center: X = − 10.8234, Y = − 32.9905, Z = 8.5683) and TYMS (grid center: 

X = 30.5608, Y = 36.4834, Z = −17.3172), with grid box dimensions optimized to encompass the binding pocket. 

Docking simulations were conducted using AutoDock Vina with a default exhaustiveness value of eight to ensure 

adequate conformational sampling. Binding affinities were reported in kcal/mol, and the top-ranked binding poses 

were saved as PDB files. The resulting protein–ligand complexes were further analyzed and visualized using BIOVIA 

Discovery Studio Visualizer 2025 and UCSF ChimeraX to assess key molecular interactions. Hydrogen bonding, 

hydrophobic interactions, π–π stacking, and electrostatic contacts between the phytochemicals and AUKRA, TYMS, 

and EGFR active-site residues were identified to evaluate binding complementarity and stability. Docking scores and 

detailed amino acid interactions are presented in Table 3, while representative 2D and 3D binding modes are illustrated 

in Fig. 4. The docking protocol and analytical procedures followed previously validated methodologies described] by 

Saddala and Huang [34] and Kim et al. [35]. 

 

Table 3. Docking scores (kcal/mol) of the breast cancer proteins, TYMS and AUKRA with key phytochemical 

targets.  

S/NO Phytochemical Docking score of 

TYMS 

Docking score of 

AUKRA 

Docking score of 

EGFR 

 11,13-dihydrovernodaline -8.1 -8.0 -7.7 

 Vernodalin -8.1 -7.1 -7.8 

 Hydroxyvernolide -8.6 -6.6 -7.8 

 Vernolide  -8.0 -7.1 -7.6 

 Vernomygdin  -8.6 -6.3 -7.5 
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B-AUKRA 
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5.  

 
 
Fig 4: Molecular docking visualizations of the five compounds of V. amygdalina with target protein of TYMS (PDB ID: 6OJU) 

and AUKRA (PDB ID: 5DOS) using Discovery Studio. The visualization on the left shows the protein structure and its 

hydrophobicity, and the center picture reveals the 2D interaction of target-ligand complexes while that of the right shows the target 

protein with its ligand at the binding pocket. The compounds are 11,13-Dihydrovernodalin, Hydroxyvernolide, Vernodalin, 

Vernolide, and Vernomygdin. Note: 1: represents: 11,13-Dihydrovernodalin; 2: Vernodalin; 3: Hydroxyvernolide 4; Vernolide; 5: 

Vernomygdin 

 

4. DISCUSSIONS. 

The current study used an integrated network pharmacology and molecular docking technique to clarify the molecular 

mechanisms behind Vernonia amygdalina's anti-breast cancer efficacy. Our results imply that V. amygdalina's 

anticancer effects are mediated by a multi-component, multi-target, and multi-pathway mechanism involving 

important regulators of metabolism, survival signaling, cell proliferation, and cell-cycle progression. This systems-

level approach is especially pertinent to breast cancer, which is a very heterogeneous illness that is not caused by a 

single genetic aberration but rather by dysregulation of interconnected signaling networks. Five main phytochemicals 

with favorable physicochemical and pharmacokinetic properties were found in the initial ADMET and drug-likeness 

screening: 11,13-dihydrovernodalin, hydroxyvernolide, vernodalin, vernolide, and vernomygdin. Lipinski's rule of 

five, adequate intestinal absorption, low blood–brain barrier permeability, and minimal projected cytochrome P450 

inhibition were among the primary drug-likeness requirements that these substances met. Oral bioavailability and the 

success of drug development are significantly influenced by these characteristics [36, 37]. The overall 

pharmacokinetic profile supports the compounds' potential as lead molecules for additional preclinical testing, despite 

the fact that some of them showed increased probabilities of drug-induced liver injury. Sesquiterpene lactones 

extracted from V. amygdalina have been shown to exhibit promising anticancer properties, although more 

toxicological confirmation is necessary [38, 39]. 21 overlapping targets between V. amygdalina phytochemicals and 

genes linked to breast cancer were found using network pharmacology analysis, underscoring the plant's 

polypharmacological characteristics. Multi-target medicines, in contrast to traditional single-target therapies, can 

concurrently affect many oncogenic pathways, potentially lowering the risk of therapeutic resistance. This finding is 

consistent with the increasing understanding that natural products do not work by a single molecular interaction, but 

rather by coordinated regulation of intricate biological networks [40,41]. Further study of protein-protein interactions 

identified TYMS and AURKA as the network's most important hub genes. Serine/threonine kinase Aurora kinase A 

(AURKA) is essential for chromosomal segregation, centrosome maturation, mitotic spindle construction, and cell-

cycle progression. Chromosome instability, tumour aggressiveness, poor prognosis, and treatment resistance have all 

been linked to aberrant overexpression of AURKA in breast cancer [42,43]. As a result, inhibiting AURKA is a viable 

method for stopping unchecked growth and causing mitotic catastrophe in breast cancer cells. In a similar vein, 

thymidylate synthase (TYMS) is an essential enzyme for nucleotide metabolism and de novo DNA synthesis. Rapid 

tumour growth is encouraged by elevated TYMS expression, which has also been linked to a poor response to a 

number of chemotherapeutic drugs, especially fluoropyrimidine-based treatments [44]. This study's identification of 

TYMS as a critical hub target raises the possibility that V. amygdalina phytochemicals may impede cellular 

proliferation and DNA replication, hence slowing the growth of tumours. Targeting AURKA and TYMS at the same 

time is especially significant because these proteins control related processes cell division and DNA biosynthesis that 

are necessary for cancer cell survival. The selected targets' participation in basic cancer-related processes was further 

corroborated by Gene Ontology enrichment analysis. V. amygdalina may have therapeutic effects beyond direct 

cytotoxicity, as evidenced by the enrichment of biological processes linked to cellular development, tissue 
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regeneration, environmental sensitivity, and circadian rhythm. By affecting cellular proliferation, DNA repair, and 

hormonal signaling, dysregulated developmental programs and circadian rhythm disruptions are linked to the 

development and progression of breast cancer, according to mounting evidence [45]. Moreover, the preponderance of 

cellular elements involved with chromosomal passenger complexes, microtubule-associated structures, and mitotic 

spindle architecture highlights the significance of cell-cycle regulation among the anticipated targets. Chromosome 

instability, a characteristic of cancer that propels tumour development and spreading potential, is influenced by defects 

in these structures [46]. Significant correlations between kinase activity, protein kinase activity, ATP binding, and 

nucleotide-binding functions were found in the molecular function enrichment data. Because they affect signaling 

pathways that govern proliferation, apoptosis, angiogenesis, and metastasis, protein kinases are among the most 

significant therapeutic targets in oncology [47]. The multitarget pharmacological profile found in this work is 

consistent with the enrichment of kinase-related functions, which implies that V. amygdalina phytochemicals may 

have wide regulatory effects on oncogenic signaling cascades. KEGG pathway analysis provides additional 

mechanistic insight by finding several well-established cancer pathways, including PI3K-Akt, MAPK, Ras, Rap1, IL-

17, calcium signaling, and central carbon metabolism in cancer. One of the most commonly dysregulated pathways in 

breast cancer is the PI3K-Akt pathway, which encourages tumour growth, survival, metabolic adaptation, and 

treatment resistance [48]. Similarly, unchecked growth and metastatic spread are caused by abnormal MAPK and Ras 

signaling. These pathways' enrichment indicates that V. amygdalina may have anticancer effects by coordinating the 

inhibition of several oncogenic signaling networks rather than just one. In the treatment of breast cancer, such multi-

pathway modulation is increasingly recognized as a beneficial tactic for overcoming drug resistance. The network 

pharmacology predictions were further confirmed by molecular docking studies. Strong binding affinities for TYMS 

and AURKA were shown by the chosen phytochemicals; hydroxyvernolide and vernomygdin showed the strongest 

interactions with TYMS (−8.6 kcal/mol), while 11,13-dihydrovernodalin showed the highest affinity toward AURKA 

(−8.0 kcal/mol). The potential for direct inhibitory action against these proteins is supported by these binding energies, 

which show advantageous ligand–target interactions. Sesquiterpene lactones from V. amygdalina, such as vernodalin 

and vernolide, have been shown in earlier research to have strong cytotoxic and antiproliferative effects against a 

number of cancer cell lines by inducing apoptosis and suppressing PI3K/Akt and MAPK signaling pathways [38, 39]. 

As a result, our docking data offer mechanistic support for current experimental findings and bolsters the need for 

additional biological validation. The study's overall results provide credence to the theory that V. amygdalina prevents 

breast cancer by concurrently controlling several molecular targets related to mitosis, DNA synthesis, cellular 

metabolism, and oncogenic signaling. Such a systems-level mechanism demonstrates V. amygdalina's promise as a 

source of novel anticancer lead chemicals and is congruent with the therapeutic philosophy of many medicinal plants. 

The findings are based solely on computational predictions and require experimental validation through in vitro and 

in vivo studies. 

 

5. CONCLUSION  

Through a multi-target pharmacological mechanism including AURKA, TYMS, and numerous cancer-associated 

signaling pathways, including PI3K-Akt, MAPK, and Ras signaling, this study concludes that Vernonia amygdalina 

has strong anti-breast cancer potential. A solid theoretical basis for the future development of drugs derived from V. 

amygdalina as promising therapeutic candidates for the treatment of breast cancer is provided by the combined 

network pharmacology and molecular docking investigations. However, additional in vitro, in vivo, and clinical 

studies are needed to confirm the biological activities, molecular processes, safety, and therapeutic efficacy of these 

phytochemicals, as the current study is mostly based on computational predictions. All things considered, this work 

offers valuable insights into the molecular pharmacology of Vernonia amygdalina and lays a solid basis for its future 

advancement in precision oncology and breast cancer medication discovery. 
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