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Abstract: Cancer remains a major health issue, and Bcl-2 inhibits apoptosis. This study explored the 

phytochemicals of Codiaeum variegatum as potential Bcl-2 inhibitors. Receptor–ligand docking was 

conducted with YASARA, followed by 300 ns MD using AMBER14. ADME and DFT analyses were 

used to characterize the pharmacokinetics and electronic properties of the inhibitor candidates. The 

large-scale data generated from the 300-nanosecond MD simulations were further processed to map the 

energy landscapes using PCA and DCCM analysis in R Studio. We successfully applied the QM-AM1 

method to the preparation and execution of molecular docking studies. Among the 17 phytochemical 

compounds isolated from C. variegatum, taraxerol demonstrated the most promising binding energy, 

with a docking score of −8.868 kcal/mol, which is comparable to that of the co-crystallized reference 

ligand, venetoclax. Taraxerol also satisfied the ADME criteria based on Lipinski’s Rule of Five, with 

only a single rule violation, and DFT calculations confirmed its stability, exhibiting an energy gap of 

−0.1805 eV. Furthermore, a 300 ns MD simulation revealed that the binding energy of taraxerol, 

computed using the MM-PBSA method, was more favorable than that of venetoclax, with taraxerol 

yielding 303.235 kJ/mol in complex with Bcl-2, compared to 291.115 kJ/mol for venetoclax. PCA and 

DCCM analyses additionally supported the dynamic stability of taraxerol as a potential Bcl-2 inhibitor. 

Although ADME predictions suggest a favorable safety profile, further in vitro and in vivo validation 

is required to substantiate its therapeutic potential.  
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1. Introduction 

Cancer represents a serious global health challenge, with an estimated 52,900 new cases 

and 27,000 deaths each day. By 2040, it is projected that the number of new cancer cases will 

rise to 28 million annually, with 16.2 million cancer-related deaths worldwide [1]. Therefore, 

cancer is categorized as a chronic disease due to its highly complex nature, involving various 
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alterations in multiple genes at the molecular level [2]. Cancer is caused by a variety of factors 

that lead to abnormal cell growth or genetic mutations [3]. Currently, there is growing concern 

due to the increasing body of evidence indicating that nearly all malignancies (cancers) can be 

associated with resistance to apoptosis. Divergent mechanisms of tumor progression have been 

reported across cancer types; however, a central hallmark involves dysregulation of apoptosis 

mediated by the Bcl-2 (B-cell lymphoma-2) protein family. Numerous studies have 

documented that many tumors exhibit elevated expression of anti-apoptotic Bcl-2 members, 

both at initial diagnosis and during the development of therapeutic resistance, whereas pro-

apoptotic members are often concomitantly downregulated. This imbalance impairs 

mitochondria-mediated apoptosis, making Bcl-2 an attractive and extensively investigated 

target for anticancer therapy. Venetoclax, a clinically approved Bcl-2 inhibitor, exemplifies 

this strategy by reactivating BAX/BAK-dependent mitochondrial pore formation, promoting 

cytochrome c release, and ultimately restoring programmed cell death [4]. 

Codiaeum variegatum (C. variegatum) is a widely distributed medicinal plant 

belonging to the Euphorbiaceae family. Its leaves, roots, and stems contain diverse 

phytochemicals, whose composition varies by plant variety and geographical origin. Previous 

studies have documented several pharmacological activities, including anti-diarrheal, anti-

inflammatory, antiviral, antimicrobial, antioxidant, and antifungal effects [5]. Natural 

compounds have remained a leading research focus in the search for Bcl-2 inhibitors. Recently, 

phytochemicals from W. trilobata were reported as potential Bcl-2 inhibitors using an in silico 

computational approach. Using similar computational strategies, two additional compounds 

have also been identified in previous studies for their potential to interact with and inhibit Bcl-

2. The exploration of natural compounds as Bcl-2 inhibitors continues to gain momentum and 

represents a rapidly expanding area of research [6–8].  

 
Figure 1. Schematic diagram depicting the workflow adopted to carry out this study. 
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Although C. variegatum has long been used in Traditional Chinese Medicine (TCM), 

particularly in southern China, no investigations have evaluated its potential as a Bcl-2 

inhibitor. Therefore, this study employed an in silico computational approach to identify the 

phytochemical constituents of C. variegatum that may serve as novel Bcl-2 inhibitor candidates 

in the search for new anticancer agents. The workflow of this study is illustrated in Figure 1. 

In this study, in silico approaches were employed to systematically identify, characterize, and 

prioritize potential Bcl-2 inhibitors before entering costly and time-consuming laboratory 

testing. Computational techniques such as molecular docking, molecular dynamics 

simulations, ADME prediction, and MM-PBSA were selected because they enable a rapid, 

mechanistic evaluation of ligand–receptor interactions, binding energetics, and 

pharmacokinetic liabilities. These tools allow us to predict how candidate molecules engage 

the Bcl-2 binding pocket, assess the stability and feasibility of the resulting complexes, and 

estimate whether a compound possesses drug-like properties suitable for further development 

[9–13]. 

2. Materials and Methods 

2.1. Protein structural preparation. 

This study utilized the Bcl-2 receptor with the PDB ID 6O0K (rcsb.org/structure/6O0K) 

[14]. The receptor was prepared using the YASARA structure (Version 19.9.17) by removing 

water molecules and adding hydrogen atoms. The receptor was conditioned under default pH 

settings, and the AMBER14 force field was applied. The prepared Bcl-2 structure was then 

stored in (.pdb) format for subsequent analyses [15,16]. 

2.2. Ligand structural preparation. 

The structures of the investigated compounds and the control drug were obtained by 

downloading them from PubChem (pubchem.ncbi.nlm.nih.gov/) in (.sdf) format. These 

compounds were then prepared using the YASARA structure (Version 19.9.17) by adding 

hydrogen atoms, setting the pH to default, and applying the QM-AM1 method. The list of 

investigated compounds from C. variegatum was sourced from a literature study by Pandey 

and Singh [5]. For the optimization method, we chose semi-empirical quantum mechanics and 

finalized the structures through energy minimization. Each structure was saved in (.pdb) 

format. Finally, the structures were converted into (*_ligands.sdf) format, which includes the 

investigated compounds and control drug  [15,16].  

2.3. Molecular docking. 

Molecular docking was performed using the YASARA structure (Version 19.9.17), 

implementing the VINA method by running the command via the dock_runscreening macro. 

In this macro, we set the number of runs to 25 and applied the AMBER14 force field. The Bcl-

2 receptor, uploaded into the YASARA structure (Version 19.9.17), was further prepared using 

the AMBER14 force field, and Bcl-2 was positioned in a rigid state. The structure was then 

saved in the (_receptor.sce) format. The compounds stored in (_ligands.sdf) format were then 

run to target Bcl-2 with grid box sizes of X-52.59, Y-52.59, and Z-52.59 Å. Subsequently, the 

docking results were saved in the (*_complex.sce) format. After completing these procedures, 

the docking run was initiated using the prepared macro. Data retrieval from the docking results, 
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along with 2D and 3D visualizations, was facilitated using BIOVIA Discovery Studio (Dassault 

Systèmes, Version: 24.1) in this study [17,18]. 

2.4. ADME study. 

From the docking results, we selected the control drug and top test ligand for further 

analysis of their ADME properties using the SwissADME (swissadme.ch/) approach. To obtain 

the ADME data, we uploaded the SMILES strings, which were obtained from PubChem 

(pubchem.ncbi.nlm.nih.gov/) [19]. 

2.5. Density functional theory (DFT). 

The DFT running process in this study was performed using ORCA (Version 5.0.0) to 

obtain the highest occupied molecular orbital (HOMO) energy (EHOMO) and lowest unoccupied 

molecular orbital (LUMO) energy (ELUMO) for the control drug and top test ligand. These 

compounds were prepared using Avogadro (version 1.2.0) to achieve the optimal energy for 

each ligand. The input parameters for running ORCA were set to perform geometry 

optimization using the DFT method with the def2-SVP basis set. The selection of this basis set 

was made because it has been previously employed in studies aimed at identifying anticancer 

compounds [20]. The resulting structures were saved in (.inp) format for the DFT computation 

process. Once the DFT computation was completed, we used IboView (v20211019) to obtain 

the EHOMO and ELUMO values. 

2.6. Molecular dynamics. 

We then conducted molecular dynamics (MD) simulations using the YASARA 

Structure (Version 19.9.17) software with a 300 ns trajectory. 300 ns was selected to enable 

the exploration of a longer simulation trajectory and to allow for a more comprehensive 

evaluation. Current studies typically rely only on 100-ns trajectories [21–23]. MD simulations 

were performed on the top ligand and the control drug. An assisted model building with an 

energy refinement (AMBER14) force field was applied for the MD simulation. Several settings 

were implemented, including 0.9% NaCl, a temperature of 310 K, and an extension of the cell 

by 10 Å. To run the MD simulation, we used the md_run macro, while the evaluation of the 

large simulation dataset was performed using the md_analyze and md_analyzeres macros to 

obtain RMSD-Cα atoms (Root Mean Square Deviation-Cα atoms), RMSF (Root Mean Square 

Fluctuation), Rg (Radius of Gyration), SASA (Solvent Accessible Surface Area), and solute H-

bond values [24–26]. The MD simulation data were generated after accounting for the 

equilibration conditions defined in the macro file. The MD simulation data were generated 

under CPU and GPU-based computational performance. 

2.7. Calculation of binding energy using MM-PBSA. 

Binding energy calculations using the Molecular Mechanics Poisson-Boltzmann 

Surface Area (MM-PBSA) were applied using the md_analyzebindenergy macro. In this setup, 

the AMBER14 force field was again applied, and the MM-PBSA calculation results are 

presented in kJ/mol. A higher binding energyndicates stronger binding between the ligand and 

receptor, suggesting a more favorable interaction [24–26]. 
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2.8. Principal component analysis (PCA) and dynamic cross-correlation matrix (DCCM). 

PCA and DCCM analyses of the 300 ns MD simulation data were conducted using R 

Studio (Version 4.4.2) with the Bio3D package. The function used to perform PCA was 

“mktrj.pca”, whereas the “dccm” function was employed to compute the DCCM.  

3. Results and Discussion 

Here, we conducted computational in silico research to identify phytochemical 

compounds in C. variegatum as potential new anticancer agents targeting Bcl-2. In an effort to 

identify and propose new drug candidates for cancer, Bcl-2 is a promising target because it is 

an important regulator of apoptosis (programmed cell death), a fundamental biological process 

that is regulated byhe formation of heterodimers with selective pro-apoptotic members of the 

Bcl-2 family [8]. We chose C. variegatum because several studies have successfully tested 

spirale (SCE) cultivars of C. variegatum on three cancer cell lines (MCF-7, HepG2, and HeLa) 

and report promising results [27]. Aside from that research, to our knowledge, no study has 

used the phytochemical compounds in C. variegatum specifically as anticancer agents targeting 

Bcl-2. However, a research report examining C. variegatum Zanzibar (Pictum spot) as an 

inhibitor of tumor activity (antitumor) also showed promising results [28]. C. variegatum is 

commonly used in Traditional Chinese Medicine (TCM) and is known for its various medicinal 

benefits and effects [5]. In this study, we used a computational in silico approach that included 

molecular docking, ADME, DFT studies, molecular dynamics, and advanced PCA and DCCM 

analysis. Molecular docking and ADME were combined to support the initial screening phase 

of drug discovery using in silico methods. 

3.1. Molecular docking. 

Based on molecular docking results identifying phytochemical compounds in C. 

variegatum as potential Bcl-2 protein inhibitors, the findings are presented in Table 1. 

Venetoclax, the control drug, ranked first in terms of binding energy.  

Table 1. The binding energy data were evaluated in kcal/mol using YASARA structure. 

Rank CID Compound Binding energy (kcal/mol) 

1 49846579 Venetoclax (Control) 10.598 

2 92097 Taraxerol 8.868 

3 73170 α- amyrin 8.346 

4 1794427 Chlorogenic acid 8.317 

5 10494 Caryophylline 8.282 

6 5280441 Vitexin 7.847 

7 5280805 Rutin 7.787 

8 5281855 Ellagic acid 7.447 

9 72276 Epicatechin 7.447 

10 5280443 Apigenin 7.223 

11 5281675 Orientin 7.084 

12 442664 Vicenin 7.014 

13 689043 Caffeic acid 6.401 

14 637542 p-Coumaric acid 6.358 

15 16754 Glaucine 6.271 

16 445858 Ferulic acid 6.174 

17 8468 Vanillic acid 5.62 

18 985 Hexadecanoic acid 4.542 

This was followed by the investigated ligand taraxerol, which exhibited the highest 

binding energy (in kcal/mol, with more positive values indicating stronger binding) among all 
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investigated ligands. Therefore, both venetoclax and the top-scoring test ligand taraxerol were 

selected for further analysis to evaluate their ADME properties. 

3.2. ADME analysis. 

To assess the ADME characteristics, we utilized SwissADME, and the results are 

presented in Table 2. SwissADME predictions indicated that venetoclax does not comply with 

Lipinski’s Rule of Five, suggesting limited suitability for oral bioavailability. In addition, the 

control compounds were characterized by relatively high molecular weights (g/mol). In 

contrast, the top-ranked test ligand, taraxerol, satisfied all Lipinski criteria for oral 

administration, highlighting its drug-like properties and potential as an orally viable candidate. 

Table 2. ADME analysis of the control drug and top-scoring test ligand. 

Compound Molecular weight (g/mol) TPSA (Å²) Lipinski Synthetic accessibility 

Venetoclax 868.44 183.09 No; 2 violations: MW>500, NorO>10 6.05 

Taraxerol 426.72 20.23 Yes; 1 violation: MLOGP>4.15 6.04 

 

 Molecular docking is a widely used approach to support drug discovery. In this study, 

taraxerol, which showed a binding energy value close to that of venetoclax, showed promising 

results and is a potential inhibitor candidate for Bcl-2. Additionally, the Lipinski rule applied 

to taraxerol, with no violations, suggests that it meets important criteria in compound screening 

and evaluating its suitability as a drug (drug-likeness). Moreover, Lipinski assessed the 

likelihood that a chemical compound would become an oral drug in humans. This stage serves 

as the initial screening phase based on predictions. Lipinski is associated with molecular 

propertiesmportant for the pharmacokinetics of drugs in the human body, commonly referred 

to as ADME [29]. 

The ADME profile plays a decisive role in determining a compound’s translational 

potential, as many otherwise promising drug candidates ultimately fail due to suboptimal 

pharmacokinetic behavior, including poor absorption, limited systemic distribution, rapid 

metabolic degradation, or inefficient elimination. These limitations, together with toxicity-

related risks, often emerge late in development and result in substantial financial losses. 

Consequently, early-stage ADMET screening has become a critical strategy for identifying 

compounds with inherent pharmacokinetic liabilities before costly preclinical and clinical 

investments are made. Another important aspect is the necessity to exclude pan-assay 

interference compounds (PAINS), which frequently generate misleading bioactivity signals 

and divert research efforts. Although natural products offer exceptional structural diversity and 

valuable physicochemical properties, their pharmacokinetic profiles remain highly variable and 

may not always meet established drug-likeness criteria. For this reason, a more explicit 

discussion of potential pharmacokinetic constraints, along with the urgency of integrating 

comprehensive ADME data, is essential to provide a balanced and informative evaluation of 

each candidate’s drug development viability [30]. 

3.3. Post-docking analysis. 

Protein–ligand (receptor-ligand) interactions were analyzed and visualized using 

Discovery Studio. Venetoclax, a co-crystallized ligand, exhibited van der Waals, conventional 

hydrogen, carbon-hydrogen, alkyl, and π-alkyl interactions. It forms hydrophobic interactions 

with six amino acid residues: Ala149, Leu137, Phe104, Tyr108, Met115, and Phe153. 
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Additionally, hydrogen bonds were observed between Venetoclax and three amino acid 

residues of Bcl-2: Ala100, Asp103, and Gly145. These interactions occur within the binding 

site region of the Bcl-2 receptor. Taraxerol, identified as the top test ligand, exhibits van der 

Waals, alkyl, and π-alkyl interactions. Specifically, taraxerol formed alkyl interactions with 

Met115, Leu137, and Ala149, and a π-alkyl interaction with Phe104. Notably, taraxerol shared 

a common interaction site with venetoclax, namely Met115, where both ligands engaged in 

hydrophobic interactions. This overlap suggests that taraxerol may inhibit Bcl-2 through a 

similar binding mechanism (Figure 2). 

The interaction we highlighted is Met115, where both complexes, Bcl-2-Venetoclax 

and Bcl-2-Taraxerol, interact hydrophobically with amino acid residues within the binding site. 

This interaction contributes to the stability of the protein-ligand complex [31,32]. We 

performed docking by preparing the ligands using the semi-empirical QM-AM1 method, as 

this method is specifically designed to calculate enthalpies of formation for chemical systems. 

AM1 is widely used in enthalpy-of-formation calculations and has become a standard tool for 

organic chemists, both theoretically and experimentally [33]. 

 
Figure 2. Receptor-ligand interactions. (a) Bcl 2-Venetoclax; (b) Bcl 2-Taraxerol. 

3.4. DFT analysis. 

Density functional theory (DFT) calculations were performed to characterize the 

electronic properties of taraxerol by evaluating the energies of its frontier molecular orbitals 

(FMOs), including the HOMO and LUMO. Venetoclax was used as the reference. As shown 

in Figure 3, Venetoclax exhibits HOMO and LUMO energies of –0.1802 eV and –0.1285 eV, 

respectively, whereas taraxerol exhibits HOMO and LUMO energies of –0.199 eV and –0.0185 
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eV, respectively. The corresponding HOMO–LUMO energy gaps were –0.0517 eV for 

venetoclax and –0.1805 eV for taraxerol. 

It is important to note that the HOMO–LUMO gap does not directly quantify molecular 

“stability” in an absolute sense, but rather reflects electronic excitation characteristics, 

chemical hardness/softness, and the ease of charge transfer. Molecules with narrower gaps are 

typically more chemically reactive or electronically polarizable, whereas molecules with wider 

gaps exhibit greater chemical hardness and a lower propensity for intramolecular charge 

redistribution. Based on this interpretation, taraxerol’s larger HOMO–LUMO gap suggests a 

comparatively harder electronic structure, whereas venetoclax’s smaller gap indicates a more 

electronically responsive or chemically softer profile [34]. The DFT-optimized geometry of 

taraxerol (def2-SVP basis set) provides additional insight into its electronic distribution, but 

these FMO-derived parameters should be understood as descriptors of reactivity, charge-

transfer behavior, and potential interaction modes with biological targets, rather than as 

standalone indicators of thermodynamic stability. Consistent with previous anticancer-related 

DFT studies [35,36], the FMO analysis presented here is intended to support early-stage 

structure–activity reasoning and to complement subsequent molecular docking and MD-based 

analyses [36,37].  

 
Figure 3. HOMO, LUMO, and Energy Gap values. (a) Venetoclax; (b) Taraxerol. 

3.5. Post-MD analysis. 

Next, we performed MD simulations to evaluate the structural stability of the Bcl-2 

ligand complexes throughout the 300 ns trajectory. As shown in Figure 4A, both ligand systems 

displayed RMSDCα profiles indicative of stable conformational behavior. The Bcl-2–

Taraxerol complex reached equilibrium earlier in the trajectory and maintained an average 

RMSDCα value of 2.042 Å, whereas the Bcl-2–Venetoclax complex exhibited slightly lower 

fluctuations, with an average RMSDCα of 1.705 Å. Although these numerical differences are 

modest, they suggest that venetoclax stabilizes the Bcl-2 backbone more effectively than 

taraxerol. Importantly, the overall RMSD trends for both complexes remained within the range 
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commonly observed for table protein–ligand systems in long-timescale MD simulations [37]. 

This indicates that the Cα atoms preserve their structural integrity across the trajectory, with 

taraxerol inducing only marginally greater backbone mobility than the reference ligand. 

To characterize residue-level flexibility within the Bcl-2 binding pocket, RMSF 

analysis was performed for all amino acid residues (Figure 4B). Particular attention was given 

to Met115, a hydrophobic anchor residue that plays a central role in stabilizing both venetoclax 

and taraxerol. The RMSF values at Met115 were 1.503 Å for venetoclax and slightly lower for 

taraxerol at 1.41 Å. Although the numerical difference is modest, the consistently lower 

fluctuations observed for taraxerol indicate more restricted local mobility at this hotspot, which 

may help maintain hydrophobic contacts essential for complex stabilization. Overall, the 

RMSF profiles of both complexes showed a similar distribution of flexible and rigid regions, 

consistent with the global stability trends observed in the RMSD analysis. However, the 

slightly reduced flexibility around Met115 in the taraxerol complex suggests a comparable, if 

not marginally enhanced, local stabilization relative to venetoclax, consistent with previous 

reports linking lower residue fluctuations toore persistent ligand–receptor interactions [38]. 

The structural compactness of Bcl-2 was further evaluated using the radius of gyration 

(Rg), as shown in Figure 4C. Over the 300 ns simulation, the highest Rg value was observed in 

the Bcl-2–Venetoclax complex at 14.923 Å, while the Bcl-2–Taraxerol complex reached a 

maximum of 15.225 Å at 289.75 ns. The average Rg values were 14.686 and 14.745 Å for the 

venetoclax and taraxerol complexes, respectively, with a marginal difference of 0.059 Å. 

Figure 4D presents the SASA profiles over 300 ns to evaluate the changes in the Bcl-2 

surface due to structural shrinkage or expansion. The average SASA values were 7491.644 Å² 

for the Bcl-2–Venetoclax complex and 7503.393 Å² for the Bcl-2–Taraxerol complex, 

suggesting that taraxerol induced a greater surface area alteration in Bcl-2. 

In this study, protein folding was also assessed through the number of internal hydrogen 

bonds (H-bonds), as illustrated in Figure 4E. The highest H-bond production occurred at the 

beginning of the simulation in the Bcl-2–taraxerol complex, with a peak of 141 bonds. At the 

end of the 300 ns simulation, the average number of H-bonds was 118.151 for the Bcl-2–

Taraxerol complex and 118.53 for Bcl-2–Venetoclax. Despite a slightly lower average, the 

taraxerol complex showed higher initial H-bond formation. 

A strong correlation was observed between higher H-bond formation and improved 

binding energy throughout the simulation. The binding energy was calculated using the 

Molecular Mechanics Poisson-Boltzmann Surface Area (MM-PBSA) method. Taraxerol 

showed a favorable interaction with Bcl-2, with an average binding energy of 303.235 kJ/mol, 

which was higher than that of venetoclax, suggesting a stronger binding. Moreover, the 

increased H-bond production contributed to stronger, more stable interactions, as evidenced by 

the more positive binding energies. 

In this study, we performed MD simulations on Bcl-2–Venetoclax and Bcl-2–Taraxerol 

complexes. MD enabled us to comprehensively assess the molecular dynamics of biological 

systems and conformational changes of the complexes. Numerous studies have employed MD 

simulations as part of efforts to discover new drug candidates. The combination of molecular 

docking and MD is a highly recommended approach, considering that docking is a static 

method; therefore, MD simulations were conducted to understand better dynamic aspects such 

as receptor flexibility and structural alterations in a study, Almansour et al. [39], searching for 

inhibitor Bcl-2 from Natural Product Atlas (NPAtlas) by using the combination of docking and 

MD. There is an advanced distinction in this study, as previous studies only used a 200 ns 
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trajectory, whereas our research applied a 300 ns trajectory. This trajectory defines the 

numerical integration of the equations of motion for interacting atomic systems over a specific 

timeframe. MD provides detailed data based on the motion of the system. Nevertheless, 

through the 300 ns trajectory in our study, we revealed a correlation between hydrogen bond 

(H-bond) production and stability, as evidenced by the favorable binding energy calculated 

using MM-PBSA. MM-PBSA has been widely used to calculate binding energy, as 

implemented in YASARA, where a more positive binding energy value indicates more 

favorable binding [40]. The averaged values from the 300-ns trajectory that was generated and 

evaluated are presented in Table 3. 

Table 3. The averaged data were obtained from the evaluated 300-ns trajectory.  

Ligand RMSDCα RMSF Rg SASA Solute H-bond Binding energy via MM-PBSA 

Venetoclax 1.705 1.387 14.686 7491.644 118.53 291.115 

Taraxerol 2.042 1.429 14.745 7503.393 118.151 303.235 

 
Figure 4. Evaluation of MD simulation parameters with a 300 ns trajectory. (a) Root Mean Square Deviation-

Cα atoms RMSDCα; (b) Root Mean Square Fluctuation (RMSF); (c) Radius of Gyration (Rg); (d) Solvent 

Accessible Surface Area (SASA); (e) Solute hydrogen bonding (H-bond); (f) Binding energy via the Molecular 

Mechanics Poisson-Boltzmann Surface Area (MM-PBSA). 

3.6. PCA and DCCM analysis. 

The big data produced from the 300 ns MD simulation was then analyzed using PCA. 

PCA helped us reduce and visualize the protein-ligand (receptor-ligand) complex's movement 
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over 300 ns, as shown in Figure 5. Figure 5A shows the PCA of the Bcl 2-Venetoclax complex, 

where the values of PC1, PC2, and PC3 were 22.76%, 8.95%, and 7.26%, respectively. For the 

Bcl 2-Taraxerol complex, the values of PC1, PC2, and PC3 were 23.2%, 12.22%, and 6.37%, 

respectively (Figure 5B). To understand the Bcl-2 conformation in relation to positive and 

negative correlations, we calculated it using DCCM. Figure 5C shows the DCCM plot of the 

Bcl-2-Venetoclax complex, with a concentration of red color in the plot. Similarly, Figure 5D 

shows the DCCM plot of the Bcl 2-Taraxerol complex, where the red color concentration is 

similar to that of the Bcl 2-Venetoclax complex. The presence of the red color concentration 

in the DCCM plot indicates stability. 

 
Figure 5. Principal component analysis and dynamic cross-correlation matrix of the protein-ligand complex 

based on big data from a 300 ns MD simulation. (a) The PCA data for the Bcl 2-Venetoclax complex; (b) The 

PCA data for the Bcl 2- Taraxerol complex; (c) The DCCM data for the Bcl 2-Venetoclax complex; (d) The 

DCCM data for the Bcl 2-Taraxerol complex. Each plot indicates the combination of the top three eigenvalues, 

namely PC1-PC2, PC2-PC3, and PC2-PC3. Additionally, there is a cumulative plot of eigenvalues against the 

percentage variance (PCA Analysis). Colors indicate parallel and antiparallel conformations, depicted with color 

gradients from blue to red, showing the movement of the Cα atoms during the MDS (DCCM Analysis). 

 

The 300 ns MD simulation big data were then mapped and visualized using PCA and 

DCCM. PCA is a statistical method used to analyze the variation and motion patterns within 

the data. In the context of 300 ns MD simulation big data, PCA is used to interpret the data in 

order to understand complexities such as collective motions, determine variability, and identify 

conformational state changes in the protein structure over the course of the simulation 
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trajectory [41,42], Meanwhile, DCCM was calculated based on the 300 ns MD simulation 

trajectory to analyze the correlation of movements between atoms or residues within the 

protein. Based on the DCCM plot, we observed that the motion characteristics of the Bcl-2–

Taraxerol complex showed a dense red coloration, indicating a strong correlation, similar to 

the DCCM plot of the Bcl-2–Venetoclax complex.  

This study was limited by its reliance on in silico computational methods as the primary 

approach. As a prediction-based technique, in silico analysis requires further validation to 

confirm the inhibitory activity of the phytochemical compounds from C. variegatum, 

particularly the predicted efficacy of taraxerol in targeting Bcl-2, through both in vitro and in 

vivo experiments. On the other hand, the strength of this research lies in the use of advanced 

MD simulations extending to 300 ns. This trajectory represents a form of big data analysis, 

interpreted through PCA and DCCM, to support the identification of Taraxerol as a promising 

inhibitor candidate based on in silico predictions. 

4. Conclusions 

Based on the results of this study, we successfully proposed a potential Bcl-2 inhibitor 

candidate as a novel anticancer agent using a computational in silico approach. This result was 

obtained through molecular docking screening, which showed that the binding energy of 

taraxerol was close to that of venetoclax, with a difference of 1.73 kcal/mol. In the context of 

this study, a more positive (i.e., higher) binding energy value indicates a stronger interaction 

between the ligand and the target protein. Moreover, taraxerol fulfilled the drug-likeness 

criteria based on ADME prediction using Lipinski's Rule of Five. Our DFT calculations also 

indicated that taraxerol has good molecular stability. MD simulations yielded favorable binding 

energies via MM-PBSA calculations, confirming stable interactions with Bcl-2 and similarities 

in PCA characteristics and DCCM plots between the Bcl-2–Taraxerol and Bcl-2–Venetoclax 

complexes. Nevertheless, this study represents an early stage in the anticancer drug discovery 

process. Further investigations are required, including laboratory-based evaluations, ranging 

from in vitro assays to in vivo validation using appropriate animal models. 
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