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Abstract 

Background: Prostate cancer remains a major cause of morbidity among men worldwide, with 
current therapies limited by resistance and toxicity. Natural compounds offer promising 
alternatives due to their structural diversity and biological compatibility. 
Objective: This study evaluated seven bioactive constituents from Laportea aestuans L. leaves 
as potential inhibitors of prostate cancer-related targets using molecular docking and 
pharmacokinetic profiling. 
Methods: Seven bioactive compounds were identified through phytochemical literature 
review. Molecular docking simulations were executed using AutoDock4, with interaction 
analysis validated via PyMOL and UCSF Chimera. Furthermore, pharmacokinetic properties and 
toxicological profiles were predicted using the ADMETlab webserver to assess drug-likeness 
and safety parameters. 
Results: Docking simulations revealed that LA6 exhibited the strongest affinity toward CDK2 (–
9.97 kcal/mol) through hydrogen bonding with Asp145 and Lys33, while Chrysenol bound 
PDGFRA (–9.12 kcal/mol) at Glu644 and Val658. Compounds LA2, LA4, and LA5 also showed 
stable interactions with GSK-3β, suggesting modulation of Wnt signaling. ADME analysis 
indicated high gastrointestinal absorption and compliance with Lipinski’s Rule of Five, whereas 
LA6 and Chrysenol demonstrated mutagenicity and hepatotoxicity risks. Distribution profiling 
revealed high plasma protein binding (>90%) and moderate blood-brain barrier permeability, 
particularly for LA6. 
Conclusion: These findings highlight L. aestuans L. derivatives as promising lead candidates for 
prostate cancer therapy, though further in vitro and in vivo validation is required to confirm 
efficacy and optimize safety. This integrative computational approach underscores the role of 
bioinformatics in accelerating natural product-based drug discovery. 
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INTRODUCTION 
Prostate cancer is among the most common malignancies in men worldwide and continues to contribute 

substantially to cancer-related morbidity and mortality.1,2 Although advances in chemotherapy, radiotherapy, and 

hormonal therapy have improved patient outcomes, these treatments are often accompanied by systemic toxicity, 

resistance, and a decline in quality of life.3–5 Such limitations underscore the need for safer and more effective 

therapeutic options. In this context, natural products derived from medicinal plants have attracted considerable 

attention for their structural diversity, biological compatibility, and potential to serve as novel anticancer agents.6,7 

Laportea aestuans L., known locally as West Indian wood nettle, has long been used in traditional medicine to 

manage inflammation and infectious diseases.8,9 Early studies suggest that extracts from its leaves may exert cytotoxic 

effects against prostate cancer cells, pointing to its therapeutic promise.6 However, the precise molecular mechanisms 

and protein targets underlying these effects remain unclear.10–13 Although preliminary evidence indicates biological 

activity, no study has clarified how individual bioactive compounds from L. aestuans interact with specific protein targets 

such as CDK2, GSK-3β, and PDGFRA.14,15 This absence of mechanistic evidence represents a critical research gap that 

limits the rational development of L. aestuans as a potential anticancer agent .16–19 

Recent research on other plant-derived compounds has demonstrated the value of molecular docking and 

pharmacokinetic modeling in identifying inhibitors of critical signaling pathways, including CDK2, GSK-3β, and PDGFRA—

proteins that play central roles in prostate cancer progression.11,16–20 Despite this progress, no comprehensive in silico 

study has yet explored the anticancer potential of L. aestuans at the molecular level.6,9 
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The significance of this study lies in its ability to provide the first mechanistic insights into how bioactive 

compounds from L. aestuans interact with prostate cancer-related protein targets. By bridging the gap between 

traditional medicinal knowledge and modern computational pharmacology, this research not only advances scientific 

understanding but also supports the rational development of plant-based nutraceuticals as safer alternatives to 

conventional therapies .6,9 

To address this gap, the present study systematically investigates seven bioactive constituents of L. aestuans 

leaves using molecular docking simulations, supported by ADME and toxicity profiling.11,20,21 By combining 

computational pharmacology with phytochemical insights, this work aims to establish a scientific foundation for the 

development of L. aestuans derivatives as potential lead compounds in prostate cancer therapy.6,9 Ultimately, the 

findings are expected to contribute to the advancement of plant-based nutraceuticals and highlight the role of 

biochemoinformatics in accelerating natural product-driven drug discovery. 6,9 

 

METHODS 
Materials and Data Sources   

Seven bioactive compounds from L. aestuans leaves were identified from published phytochemical studies and 

retrieved from PubChem database. 6,9 Protein structures of CDK2 (PDB ID: 1HCK), GSK-3β (PDB ID: 1Q5K), and PDGFRA 

(PDB ID: 5K5X) were obtained from the Protein Data Bank. 16–19 

Ligand Preparation   

Ligand structures were downloaded in SDF format and converted to PDBQT using OpenBabel. Energy 

minimization was performed with Chem3D to optimize geometry prior to docking.20,21 

Protein Preparation   

Protein structures were processed using AutoDockTools, with removal of water molecules and heteroatoms, 

addition of polar hydrogens, and assignment of Kollman charges.20,21 

Docking Protocol   

Docking simulations were performed using AutoDock4 with AutoDockTools4 interface (AutoDockTools). 20,21 

Grid box dimensions were set to cover the active site residues with coordinates defined based on co-crystallized ligands, 

as summarized in Table 1. 

Table 1. Grid box parameters and validation results for docking simulations 

Protein RMSD (Å) SD Grid Center (x, y, z) Grid Dimensions (x, y, z) 

CDK2 0.681 0.0006 -92.307, -8.721, -82.537 26, 18, 34 
PDGFRA 1.866 0.0030 16.879, 131.596, -6.262 22, 14, 36 
GSK-3β 1.350 0.0027 23.148, 22.189, 8.979 28, 18, 22 

Grid box dimensions and centers were defined based on the co-crystallized ligands of each protein target. The 

Lamarckian Genetic Algorithm (LGA) was applied with a population size of 150, maximum evaluations of 2.5 × 10⁶, and 

maximum generations of 27,000. 

Mutation and crossover rates were set to 0.02 and 0.8. 1000 independent docking runs were performed per 

ligand to ensure reproducibility and statistical robustness. Validation was carried out by re-docking native ligands, 

yielding RMSD values < 2 Å, confirming reliability. 20,21 

ADME and Toxicity Prediction   

Pharmacokinetic and toxicity properties of the selected compounds were predicted using SwissADME and 

ProTox-II web servers. Parameters included absorption (Caco-2 permeability, P-glycoprotein inhibition/substrate 

prediction, human intestinal absorption), distribution (plasma protein binding, volume of distribution, blood–brain 

barrier permeability), metabolism (CYP1A2, CYP2C9, CYP3A4 inhibition/substrate potential), and elimination (half-life, 

clearance).11,12,22,23  

Toxicity endpoints of the selected compounds were predicted using ProTox-II platform.16 This tool integrates 

machine learning models trained on large toxicological datasets to provide probabilistic predictions of multiple toxicity 

endpoints. The following parameters were considered: Acute Toxicity; Genotoxicity Alerts; Skin Irritation Alerts; hERG 

Inhibition; Hepatotoxicity (H-HT); Mutagenicity (AMES test); LD₅₀ values (mg/kg). 
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Data Analysis 

Molecular docking results were evaluated by ranking the ligands based on their binding free energy (ΔG) and 

inhibition constants (Ki). The optimal docking poses were identified through the lowest binding energy and further 

validated via visual inspection of hydrogen bonding and hydrophobic interactions using Discovery Studio Visualizer and 

PyMOL. Interaction profiles were benchmarked against native ligands to confirm binding site specificity. 

Pharmacokinetic (ADME) profiles were interpreted by evaluating predicted values against established 

therapeutic thresholds. Intestinal absorption was characterized using Caco-2 permeability (with a threshold of log Papp< 

-5 cm/s indicating poor absorption) and P-glycoprotein substrate status to assess efflux potential. Distribution was 

analyzed through plasma protein binding (PPB), where values > 90% indicated high protein affinity, alongside volume of 

distribution (Vd) and blood-brain barrier (BBB) permeability for CNS penetration assessment. Metabolic pathways were 

screened via CYP450 inhibition and substrate predictions to identify potential drug-drug interactions, while systemic 

persistence was estimated through half-life (T1/2) and clearance (CL) rates. 

Toxicity assessment integrated multiple toxicological endpoints. Acute toxicity and LD50 values were used to 

classify compounds according to OECD toxicity categories. Genotoxicity and mutagenicity were flagged using the AMES 

test to identify potential DNA-damaging compounds. Furthermore, skin irritation alerts were evaluated to assess 

relevance for topical exposure, while cardiotoxicity risk was predicted through hERG inhibition. Given the liver's primary 

role in drug biotransformation, hepatotoxicity (H-HT) was prioritized as a critical endpoint. All computational data were 

synthesized into comparative tables (Tables 2–3) to facilitate a systematic evaluation. Compounds exhibiting superior 

docking scores, favorable ADME properties, and minimal toxicity alerts were prioritized as lead candidates for further 

experimental validation. 

 

RESULT AND DISCUSSION 

Validation of Docking Protocol 

Visualization using PyMOL and Discovery Studio confirmed the spatial compatibility of the ligands within the 

active sites, with consistent hydrogen bonding and hydrophobic interactions across multiple poses. These structural 

insights reinforce the docking predictions and highlight the pharmacophoric features of each compound. To confirm the 

reliability of the docking protocol, native ligands were re-docked into their respective protein targets. The resulting 

poses were compared with crystallographic conformations using PyMOL, and RMSD values were calculated. Docking 

validation was performed by re-docking native ligands into the three protein targets identified in Table 2. As shown in 

Table 2, CDK2, GSK-3β, and PDGFRA all exhibited RMSD values below 2.0 Å, confirming the robustness of the docking 

protocol and validating these proteins as reliable targets for subsequent ligand screening. 

Figure 1 illustrates the PyMOL-based overlay of native and re-docked ligands in CDK2, GSK-3β, and PDGFRA. 

The native ligands are shown in green, while the re-docked ligands are highlighted in red. The close spatial alignment 

between the green and red structures confirms the accuracy of the docking protocol, consistent with the RMSD values 

reported in Table 2. 

Table 2. RMSD Values from Re-docking of Native Ligands into 3 Prostate Cancer-Related Protein Targets 

No. Protein Target Name PDB ID RMSD (Å) Validation Status 

1 Cyclin-dependent kinase 2 (CDK2) 1FIN 1.42 Valid 
2 Glycogen synthase kinase-3β (GSK-3β) 1Q5K 1.67 Valid 
3 Platelet-derived growth factor receptor α (PDGFRA) 5GRN 1.38 Valid 

 

 

 

 

 

 

Figure 1. PyMOL-based overlay of native and re-docked ligands in 3 protein targets. 

Molecular Docking Result 

Molecular docking simulations revealed varying binding affinities between the seven bioactive compounds 

from L. aestuans and selected prostate cancer-related protein targets. Binding energies ranged from –5.02 to –9.97 

kcal/mol, indicating moderate to strong interactions depending on the compound and target (Table 3). Three key 

CDK2 GSK3B PDGFR 
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proteins—CDK2, GSK-3β, and PDGFRA—demonstrated binding affinities of test ligands that surpassed their native 

ligands, highlighting their potential relevance in prostate cancer inhibition. 

Table 3. Summary of docking results compared to native ligands 

Protein 
Target 

Compound 
ΔG binding 
(kcal/mol) 

Key Residues (Hydrogen / Non-Hydrogen) 
Overlap with 
Native Ligand 

CDK2 Native –9.77 Leu83, Ile10, Glu81 / Lys89, Leu134, Asp145, Val18, Phe82 – 
LA6 –9.97 Leu83 / Asn132, Val18, Ala144, Val64, Phe80, Glu81, 

Leu134, Phe82, Asp86, Ile10, Gly11 
7 residues 

LA2 –9.68 His84, Glu81 / Leu134, Phe80, Ala144, Val64 3 residues 
LA1 –9.11 Gln131, Leu83 / Leu134, Ile10, Val64, Ala144, Phe80, 

Val18, Gly11 
5 residues 

GSK-3β Native –6.21 Pro136, Asp133, Val135 / Ile62, Val61, Leu188, Ala83 – 
LA2 –7.28 Asp133 / Ile62 2 residues 
LA5 –7.10 Tyr134, Pro136 / Ile62, Ala83, Cys199, Leu188, Leu132, 

Val110 
4 residues 

LA4 –6.34 Asp133, Tyr134, Pro136 / Leu188, Ala83, Ile62, Thr138, 
Arg141 

5 residues 

PDGFRA Native –7.23 Glu675, Cys677, Lys627 / Asn684, Leu599, Leu825, Ala625, 
Cys835, Val658, Val607 

– 

Chrysenol –7.38 – / Val607, Leu599, Leu825, Cys677, Ala625, Cys835, 
Phe837, Val658 

7 residues 

LA4 –6.47 Cys677, Glu675 / Tyr67, Val607, Ala625, Leu825, Leu599 4 residues 
LA5 –5.87 Asn684 / Cys677, Ala625, Leu599, Leu825 3 residues 

 

For CDK2, LA6 exhibited the strongest binding affinity (–9.97 kcal/mol), surpassing the native ligand and 

engaging conserved residues such as Leu83 and Asp145, which are known to regulate cell cycle progression.16,17 In GSK-

3β, LA2, LA4, and LA5 demonstrated enhanced binding compared to the native ligand, consistently interacting with 

Asp133 and Tyr134, residues critical for Wnt/β-catenin signaling.18,24–26 For PDGFRA, Chrysenol showed superior binding 

(–7.38 kcal/mol) and overlapped with key residues including Val607 and Phe837, supporting its potential role in 

inhibiting RTK-mediated angiogenesis.4,19,27–29 

Comparative analysis (Figure 2) illustrates the binding orientation of the native CDK2 ligand compared to LA6. 

Both ligands occupy the ATP-binding pocket and share conserved interactions with Leu83 and Asp145, supporting the 

competitive binding potential of LA6. CDK2 is a cyclin-dependent kinase that regulates cell cycle progression. The 

conserved interactions of LA6 with Leu83 and Asp145 within the ATP-binding pocket suggest that LA6 may act as a 

competitive inhibitor, potentially disrupting uncontrolled proliferation in prostate cancer cells.16,17 

The docking results revealed that LA4 interacts with Asp133, a catalytic residue essential for ATP binding and 

kinase activity in GSK‑3β. This conserved interaction confirms that LA4 occupies the catalytic pocket, reinforcing its 

plausibility as a competitive inhibitor within the Wnt/β‑catenin signaling pathway. Figure 3 compares the binding 

orientation of the native GSK‑3β ligand with LA4, illustrating the overlap at Asp133. GSK‑3β plays a pivotal role in 

Wnt/β‑catenin signaling, which is frequently dysregulated in cancer, and the interaction of LA4 with Asp133 highlights 

its potential to modulate kinase activity and attenuate aberrant signaling associated with tumorigenesis.18,24,25 

Figure 4 shows the binding mode of the native PDGFRA ligand versus Chrysenol, where overlap with key 

residues such as Val607 and Phe837 reinforces the relevance of Chrysenol in inhibiting RTK-mediated angiogenesis. 

Together, these comparative visualizations demonstrate that ligands with high residue overlap and favorable ΔG values 

are likely to act as competitive inhibitors, strengthening their biological plausibility in prostate cancer inhibition. PDGFRA 

is a receptor tyrosine kinase implicated in angiogenesis and tumor progression. The binding of Chrysenol to key residues 

such as Val607 and Phe837 mirrors the native ligand’s interaction profile, supporting its plausibility as an inhibitor of 

PDGFRA-mediated signaling in cancer development.19 
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Figure 2. Pocket binding and comparative interactions of native ligand and LA6 with CDK2 

 

 
Figure 3. Pocket binding and comparative interactions of native ligand and LA4 with GSK-3β 

 
The findings are consistent with recent reports on CDK2 inhibition, where novel small-molecule inhibitors 

demonstrated strong binding to conserved residues such as Leu83 and Asp145, reinforcing the relevance of LA6. More 

recent reviews confirm the therapeutic potential of CDK2 inhibitors in prostate cancer.16,17,26 Similarly, GSK‑3β inhibition 

Native Ligand 

Native Ligand 

LA6 

LA4 
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has been shown to induce apoptosis in prostate cancer stem-like cells, with recent computational pipelines identifying 

promising inhibitors for cancer management.18,24,25,30 For PDGFRA, classical inhibitors such as imatinib remain relevant, 

but newer agents like avapritinib and machine learning-guided screening approaches highlight ongoing advances in 

targeting angiogenesis pathways.19,28 

 
Figure 4. Pocket binding and comparative interactions of native ligand and Chrysenol with PDGFRA 

Comparative Interaction Analysis 

The percentage similarity of amino acid residues between test ligands and native ligands reflects the degree 

of overlap in binding pocket occupation. A higher percentage indicates that the test ligand mimics the native ligand’s 

binding interactions more closely, thereby strengthening its plausibility as a competitive inhibitor. Figure 5 illustrates 

these percentages across CDK2, GSK-3β, and PDGFRA receptors. Higher overlap values, such as those observed for 

Chrysenol (77.78%) and LA6 (76.92%), indicate strong similarity to native binding profiles. In CDK2, conserved 

interactions with Leu83 and Asp145 are critical for cell cycle regulation, and ligands that mimic these contacts may 

disrupt uncontrolled proliferation in prostate cancer cells.16,17 Similarly, LA4 demonstrates overlap at Asp133 in GSK-3β, 

a residue essential for ATP binding, supporting its potential to modulate Wnt/β-catenin signaling, which is frequently 

dysregulated in cancer. 18,24,25 For PDGFRA, Chrysenol’s overlap with Val607 and Phe837 mirrors the native ligand’s 

profile, highlighting its relevance in inhibiting receptor tyrosine kinase-mediated angiogenesis and tumor progression.19 

 

 

 

 

 

 

 

 

Figure 5. Residue similarity (%) between native and test ligands across CDK2, GSK‑3β, and PDGFRA 

binding pockets: CDK2 (red diamonds), GSK-3β (green diamonds), and PDGFRA (black diamonds). 

ADME and Toxicity Profiles 

ADME profiling revealed that all test ligands demonstrated moderate Caco-2 permeability, supporting oral 

absorption potential. Chrysenol and LA3 exhibited higher human intestinal absorption values, while LA6 showed lower 
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absorption but favorable distribution with a high volume of distribution (1.834 L/kg). Plasma protein binding was highest 

for Chrysenol (97.678%) and LA2 (97.057%), indicating strong plasma retention, whereas LA6 had lower binding 

(78.262%), suggesting greater free drug availability. BBB penetration was predicted for LA2 and LA6, highlighting 

possible CNS exposure. Metabolic profiling indicated minimal CYP450 inhibition for Chrysenol, while LA4 and LA5 

showed stronger inhibition risks. Excretion analysis revealed rapid clearance for LA2 (16.916 mL/min/kg), whereas 

Chrysenol and LA1 demonstrated moderate clearance, consistent with stable plasma retention. Collectively, these 

ADME and toxicity profiles suggest that Chrysenol and LA6 possess favorable drug-likeness properties, with balanced 

absorption, distribution, and safety, supporting their potential as lead candidates for prostate cancer inhibition. The 

pharmacokinetic profiles, including the predicted ADME properties of L. aestuans compounds and their corresponding 

toxicity levels, are comprehensively summarized in Table 4 and Table 5, respectively. 

Table 4. Predicted ADME properties of L. aestuans compounds 

Comp. Caco-2 Pgp I Pgp S HIA PPB% 
VD 

(L/kg) 
BBB 

CYP1A2 
I/S 

CYP2C9 
I/S 

CYP3A4 
I/S 

T½ 
(h) 

CL 
(mL/min/kg) 

Chry -4.775 0.167 0.500 0.333 97.678 1.111 0.333 1/0.333 
0.833/ 
0.167 

0.667/ 
0.333 

0.156 10.007 

LA1 -4.714 0.167 0.333 0.167 92.075 0.472 0.333 0.167/1 
0.333/ 
0.833 

0.833/ 
0.833 

0.802 11.168 

LA2 -4.898 0.333 0.167 0.167 97.057 1.161 1 
0.167/ 
0.500 

0.333/ 
0.333 

0.667/ 
0.333 

0.015 16.916 

LA3 -4.964 0.167 0.167 0.333 93.406 1.032 0.500 
0.167/ 
0.333 

0.167/ 
0.167 

0.333/ 
0.333 

0.060 9.453 

LA4 -4.883 0.167 0.333 0.167 92.093 0.703 0.167 1/1 
0.833/ 
0.833 

0.667/ 
0.333 

0.831 7.680 

LA5 -4.727 0.167 0.167 0.167 87.572 1.932 0.833 1/1 
0.333/ 
0.667 

0.333/ 
0.667 

0.889 14.946 

LA6 -4.893 1 1 0.167 78.262 1.834 1 0.333/1 
0.167/ 
0.833 

0.167/ 
0.833 

0.225 8.893 

Toxicity profiling revealed that none of the test ligands violated acute toxicity rules. Chrysenol and LA6 

exhibited three genotoxic alerts, while LA1, LA4, and LA5 showed multiple skin irritation alerts, indicating potential 

dermatological risks. hERG inhibition analysis suggested cardiotoxicity concerns for LA5 (0.833) and LA6 (0.500), 

whereas other ligands demonstrated lower values. Hepatotoxicity predictions were highest for LA1 (0.667), while AMES 

mutagenicity tests flagged Chrysenol (1), LA6 (0.833), and LA4 (0.667) as potential mutagens. LD₅₀ values indicated that 

LA2 (7.012 mg/kg) and LA6 (6.165 mg/kg) were the least toxic, whereas LA1 (4.078 mg/kg) was the most toxic. 

Collectively, these findings suggest that although Chrysenol and LA6 show promising ADME profiles, their genotoxic and 

mutagenic alerts warrant further experimental validation before clinical consideration. 

Table 5. Predicted toxicity profiles of L. aestuans compounds 

Compound Acute Toxicity Rule Genotoxic Alerts Skin Irritation Alerts hERG H-HT AMES LD₅₀ (mg/kg) 

Chrysenol None 3 Alerts 1 Alert 0.333 0.167 1 5.367 

LA1 None None 6 Alerts 0.167 0.667 0.167 4.078 

LA2 None None None 0.167 0.333 0.167 7.012 

LA3 None None None 0.167 0.333 0.167 5.015 

LA4 None None 8 Alerts 0.167 0.167 0.667 5.070 

LA5 None None 5 Alerts 0.833 0.333 0.167 5.883 

LA6 None 3 Alerts 2 Alerts 0.500 0.333 0.833 6.165 

 

Limitation  
Despite the promising results obtained through molecular docking and ADME-Toxicity predictions, this study 

has several limitations. First, the findings are based entirely on in silico simulations, which may not fully replicate the 

complex physiological conditions of a living organism. Second, while the ADME properties (Table 4) and toxicity profiles 

(Table 5) provide a theoretical framework for the safety and efficacy of L. aestuans compounds, further in vitro and in 

vivo experimental validations are required to confirm these biological activities and to determine the precise therapeutic 

dosage. Future research should focus on isolating these bioactive compounds and testing them against specific cancer 

cell lines to validate their potential as CDK2, GSK-3β, and PDGFRA inhibitors. 
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CONCLUSION 

This study identified seven bioactive compounds from L. aestuans with therapeutic relevance against prostate 

cancer targets CDK2, GSK‑3β, and PDGFRA. Molecular docking highlighted LA6 and Chrysenol as the most promising 

inhibitors, supported by favorable pharmacokinetic properties. ADME profiling suggested good oral absorption and 

distribution, while toxicity predictions indicated potential mutagenicity and hepatotoxicity risks that warrant further 

evaluation. Taken together, these findings provide novel computational evidence for L. aestuans derivatives as lead 

candidates for prostate cancer therapy. Nevertheless, further in vitro and in vivo studies are required to confirm efficacy, 

optimize pharmacokinetic properties, and ensure safety for clinical development. 
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