
154 

 
Copyright © 2025 WJC | ISSN 2621-5985 (online) | ISSN 2549-385X (print) 

Volume 8, Nomor 2, 2025 

 
THE POTENTIAL OF CALANONE DERIVATIVES AS ANTILEUKEMIA 

AGENTS VIA AN IN SILICO APPROACH: MOLECULAR DOCKING AND 
MOLECULAR DYNAMICS ANALYSIS 

 
Irvan Maulana Firdaus1, Mutista Hafshah2, Achmad Akbar1, Rijal 

Akhmad Faiz1, Ponco Iswanto3, Mochammad Chasani3, 
Muhammad Hanafi4, Eva Vaulina Yulistia Delsy3  

 

1Senior High School Al Irsyad Al Islamiyyah Boarding School, Purwokerto, Central 
Java, Indonesia  

2Department of Chemistry, Faculty of Science and Technology, UIN Walisongo 
Semarang, Central Java, Indonesia 

3Department of Chemistry, Faculty of Mathematic and Natural Sciences, Universitas 
Jenderal Soedirman, Purwokerto, Central Java, Indonesia 

4 Research Center for Chemistry, National Research and Innovation Agency (BRIN), 
Indonesia 

 

*Corresponding author: Irvanmaulanafirdaus@gmail.com 

Abstract  

 

Cancer, particularly leukemia, remains a major global health concern with a high mortality rate, 
necessitating the development of more effective and selective therapeutic agents. This study 
evaluated the potential of calanone derivatives as antileukemia agents using an in silico approach. 
The objectives were to (1) analyze the molecular docking interactions between predicted calanone 
derivatives and commercial leukemia drugs targeting the Bruton’s Tyrosine Kinase (BTK) receptor 
(PDB ID: 5P9J); (2) predict the ADMET properties (Absorption, Distribution, Metabolism, Excretion, 
and Toxicity) of the calanone derivatives; and (3) compare the molecular dynamics analysis results 
of the predicted compounds with those of commercial drugs. The findings revealed that the 
predicted molecules, including Vaulina2 ((5-hydroxy-2,2-dimethyl-8-oxo-10-phenyl-2H,8H-
pyrano[2,3-f]chromen-6-yl)(phenyl)methyl 2-amino-3-(4-hydroxyphenyl)-3-oxopropanoate)), 
Prediction1 ((8-amino-5-hydroxy-2,2-dimethyl-10-phenyl-2H,8H-pyrano[2,3-f]chromen-6-
yl)(phenyl)methanediol)), Prediction2 (6-(dihydroxy(phenyl)methyl)-2,2-dimethyl-10-phenyl-
2H,8H-pyrano[2,3-f]chromene-5,8-diol)), Prediction3 (2-amino-9,9-dimethyl-3,7-diphenyl-2,3-
dihydro-5H,9H-furo[2,3-f]pyrano[2,3-h]chromen-5-ol)), and Prediction4 (4-(dihydroxy(8-hydroxy-
2,2-dimethyl-5-oxo-10-phenyl-6,8-dihydro-2H,5H-pyrano[2,3-f]chromen-6-yl)methyl)benzoic 
acid)), demonstrated greater stability compared to the reference drug ibrutinib, with Gibbs free 
energy (ΔG) values of −11.25, −12.50, −10.83, −10.74, and −10.63 kcal/mol, respectively. All 
compounds also conformed to the predicted ADMET profiles. Molecular dynamics simulations 
indicated that Vaulina2, Prediction1, and Prediction2 exhibited superior performance based on 
Root-Mean-Square Deviation (RMSD), Root-Mean-Square Fluctuation (RMSF), Solvent-Accessible 
Surface Area (SASA), hydrogen bond occupancy, and Molecular Mechanics–Generalized Born 
Surface Area (MM-GBSA) parameters. 
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Introduction  

Cancer remains a significant challenge 
in modern medicine. According to Harris et 
al. (2021), Hafez et al. (2019), and Kruk et 
al. (2018), it constitutes a major health 
problem because it significantly increases 
mortality rates and has profound social 
repercussions for families. Cancer is caused 
by the abnormal multiplication of cells 
within the body’s tissues, which are referred 
to as malignant tumors (Octavinna et al., 
2018). The Ministry of Health of the 
Republic of Indonesia projected that the 
number of cancer cases in Indonesia would 
increase by more than 70% by 2050 if 
prevention and early detection measures 
were not strengthened. Correspondingly, 
approximately 400,000 new cancer cases 
were detected annually, with the death toll 
reaching 240,000 (Ministry of Health of the 
Republic of Indonesia, 2024). 

In Indonesia, pediatric populations 
are primarily affected by hematologic 
malignancies, which represent the most 
common type of cancer in children. 
Leukemia is the most prevalent form among 
individuals aged 0–19 years, with 3,880 
reported cases, surpassing all other cancer 
types (Tarmizi, 2024; Globocan, 2020). 
Leukemia is characterized by the 
proliferation of white blood cells, resulting 
in an excessive number of abnormal cells 
(blast cells) in the peripheral blood, thereby 
impairing the activity of normal blood cells. 
The disease develops due to the 
uncontrolled and excessive growth of white 
blood cells, which prevents other blood cells 
from performing their normal functions 
(Iyengar et al., 2023).  

Current therapeutic approaches for 
leukemia include synthetic pharmaceuticals, 
chemotherapy, radiation therapy, and 
surgical interventions. Among these, 
chemotherapy remains the most commonly 
employed treatment; however, its major 
drawbacks are high cytotoxicity and non-
specificity, both of which adversely affect 
normal cells. Moreover, the increasing 
resistance of cancer cells to therapy 
continues to pose a major obstacle to 
chemotherapy effectiveness (Lei et al., 2023; 

Khan et al., 2024). Existing anticancer drugs 
are further limited by their toxicity toward 
normal cells (Monika & Remesh, 2012). 
Researchers are therefore striving to 
discover new anticancer agents that are 
both more effective and safer. For instance, 
doxorubicin has been associated with 
cardiac toxicity (Santos et al., 2018); 
cytarabine with neurological side effects (Di 
et al., 2021); vincristine with peripheral 
neuropathy (Philips et al., 2021); 
cyclophosphamide with bladder toxicity 
(Tsai et al., 2014); daunorubicin with 
cardiotoxicity (Santos et al., 2018); and 
fludarabine with severe myelosuppression 
(Ding et al., 2008). These adverse effects 
highlight the need for anticancer drugs that 
are not only potent but also selective and 
safe. The search for such therapeutic agents 
is an essential aspect of cancer research 
aimed at improving the efficacy of 
pharmacological treatments. However, 
laboratory-based drug discovery encounters 
several challenges, including high costs for 
equipment and skilled labor, as well as the 
use of complex chemical substances. 
According to Leelananda and Lindert 
(2016), the pace and efficiency of 
laboratory-based drug development are 
hindered by the extensive research 
procedures required, which involve testing 
numerous compounds and employing 
intricate methodologies. 

In the field of medicinal chemistry, 
computational chemistry plays an essential 
role, particularly in the design and 
discovery of new pharmaceuticals, as well 
as in the theoretical prediction of a drug’s 
chemical properties and biological activities 
(Alov et al., 2014). The application of 
sophisticated computational algorithms can 
significantly reduce research costs and 
duration, facilitate the design of efficient 
synthetic pathways, and enhance the 
optimization of compounds targeting 
specific proteins (Young, 2009). 
Computational chemistry encompasses 
various applications, including molecular 
docking and molecular dynamics 
simulations. The molecular docking 
approach is used to predict the binding 
conformation of a ligand–protein (receptor) 
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complex with high accuracy. During 
molecular docking, the resulting affinity 
score reflects the binding energy between 
the ligand and the protein. By comparing the 
docking scores of different ligands (using 
the same PDB code, software, and 
computational settings), it is possible to 
explain why one molecule exhibits greater 
potency than another (Purnomo, 2019).  

Numerous studies have employed 
molecular docking to explore drug–cancer 
cell interactions. For example, organosulfur 
compounds derived from garlic have been 
investigated for their interaction with the 
COX-2 protein in colorectal cancer through 
molecular docking (Meng et al., 2022; 
Alrumaihi et al., 2022). Similarly, in silico 
docking studies have evaluated the 
anticancer potential of phytol molecules 
derived from zodiac leaves (Bobe et al., 
2020; Gliszczyńska et al., 2021; Anoor et al., 
2022), and starfruit leaf compounds for 
colorectal cancer treatment, including 
pharmacokinetic and toxicity assessments 
(Yunarto & Sulistyaningrum, 2017). To 
complement molecular docking results, 
molecular dynamics simulations are 
conducted to analyze the mobility and 
stability of ligand–receptor complexes over 
a defined simulation time. These 
simulations can incorporate physiological 
parameters such as solvent effects, 
pressure, pH, and temperature, thus 
providing a more realistic representation of 
biological conditions. Examples of docking 
studies supported by molecular dynamics 
simulations include the docking and 
molecular dynamics of furanocoumarin 
derivatives targeting the estrogen alpha 
receptor for breast cancer therapy (Meng et 
al., 2023; Bazmi & Wallin, 2024); 
investigations of the iron (III)-thiourea 
metal complex as a potential anticancer 
agent (Ruswanto et al., 2022; Ruswanto et 
al., 2023); and docking and molecular 
dynamics analyses of Monascus sp. 
compounds for potential cervical cancer 
treatment (Yuliana et al., 2021).  

Calanone, a coumarin derivative 
isolated from Calophyllum species, has 
demonstrated cytotoxic activity against 
L1210 leukemia cell lines, with an IC₅₀ value 

of 59.09 µg/mL (Chasani, 2002). Several 
synthetic derivatives of calanone have also 
been evaluated for their antileukemic 
potential. For instance, octanoate calanil 
exhibited an IC₅₀ of 75.2 µg/mL, isobutyl 
calanone 105.5 µg/mL, oxycalanone 83.6 
µg/mL, kalanone 70 µg/mL, and 
benzoylphenylalanine ester calanone 52.5 
µg/mL. Chasani et al. (2008) synthesized 
ethylenediamine calanone, which showed 
enhanced potency with an IC₅₀ of 39.57 
µg/mL. Further structural modification, 
such as hydration of the C7–C8 double bond 
(Chasani et al., 2010), yielded a compound 
with a 4.72% (w/w) recovery and an IC₅₀ of 
45.64 µg/mL. In 2011, 2,4,6-
trinitrophenylhydrazone calanone was 
synthesized with a 5.13% (w/w) yield and 
an IC₅₀ of 47.69 µg/mL. However, all these 
findings were derived from in vitro assays 
against leukemia cell lines; to date, no in 
vivo or clinical studies have been reported 
evaluating calanone or its derivatives for 
leukemia treatment. 

In addition, Iswanto et al. (2011) 
investigated calanone derivatives using 
computational and synthetic approaches. 
Their findings revealed that the 
computationally predicted calanone 
derivatives exhibited enhanced inhibitory 
activity against leukemia cells. Among these 
derivatives, gemdiol calanone demonstrated 
an IC₅₀ value of 57.78 µg/mL, 2,4-
dinitrophenylhydrazone calanone showed 
an IC₅₀ value of 30.94 µg/mL, and 2,4,6-
trinitrophenylhydrazone calanone exhibited 
the highest potency with an IC₅₀ value of 
18.96 µg/mL. A subsequent study by 
Vaulina et al. (2012) expanded upon this 
research by conducting a quantitative 
structure–activity relationship (QSAR) 
analysis of calanone derivatives as 
inhibitors of L1210 leukemia cells, further 
advancing computational investigations in 
this field. Through this analysis, several 
novel calanone derivatives with promising 
anticancer potential were identified, namely 
1) Vaulina1 (2-amino-3-((5-hydroxy-2,2-
dimethyl-8-oxo-10-phenyl-2H,8H-
pyrano[2,3-f]chromen-6-
yl)(phenyl)methoxy)-3-oxopropanoic acid); 
2) Vaulina2 ((5-hydroxy-2,2-dimethyl-8-
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oxo-10-phenyl-2H,8H-pyrano[2,3-
f]chromen-6-yl)(phenyl)methyl 2-amino-3-
(4-hydroxyphenyl)-3-oxopropanoate); 3) 
Vaulina3 ((5-hydroxy-2,2-dimethyl-8-oxo-
10-phenyl-2H,8H-pyrano[2,3-f]chromen-6-
yl)(phenyl)methyl 2-amino-5-hydroxy-4-
oxohexanoate); and 4) Vaulina4 ((5-
hydroxy-2,2-dimethyl-8-oxo-10-phenyl-
2H,8H-pyrano[2,3-f]chromen-6-
yl)(phenyl)methyl 2-amino-4-oxo-5-
phenylpentanoate)). These compounds 
displayed IC₅₀ values of 26.44, 25.61, 27.05, 
and 23.01 µg/mL, respectively, when tested 
against L1210 leukemia cells. Nonetheless, 
the research by Vaulina et al. (2012) was 
limited to theoretical predictions derived 
from QSAR modeling. The study did not 
incorporate molecular docking or molecular 
dynamics simulations; thus, the binding 
mechanisms and interaction stability of 
these predicted compounds remain to be 
verified. Therefore, the present study aimed 
to extend this line of research by employing 
the calanone derivatives proposed by 
Vaulina et al. (2012) and newly modified 
calanone derivatives to evaluate their 
potential as leukemia inhibitors through in 
silico methods. Molecular docking and 
molecular dynamics simulations were 
performed using AutoDock Vina and 
GROMACS, respectively, to elucidate the 
binding affinities, interaction stability, and 
dynamic behavior of these compounds 
against the target leukemia receptor. 

Experimental Section 

Instruments and Substances 
This study was conducted using a 

workstation equipped with an Intel® Core™ 
i7 CPU, 32 GB of RAM, and the Windows 11 
operating system. The software tools 
employed included Discovery Studio 2021 
Client (BIOVIA, Dassault Systèmes, 2021), 
AutoDockTools 1.5.7 (Morris et al., 2009), 
AutoDock Vina (Trott & Olson, 2010), Vina 
Split (AutoDock Vina utility), Windows 
PowerShell, Avogadro (Hanwell et al., 
2012), MarvinSketch (ChemAxon, 2023), 
and the Linux Ubuntu 22.04.4 subsystem. 
Molecular dynamics simulations were 
performed using GROMACS (Abraham et al., 
2015), while visualization and trajectory 

analyses were conducted with VMD 1.9 
(Humphrey et al., 1996) and UCSF Chimera 
1.17.3 (Pettersen et al., 2004). This study 
utilized compound data of predicted 
calanone derivatives provided by Vaulina et 
al. (2012), along with several modified 
derivative predictions. The compounds 
designed by Vaulina et al. (2012) were 
referred to as 1) Vaulina1: 2-amino-3-((5-
hydroxy-2,2-dimethyl-8-oxo-10-phenyl-
2H,8H-pyrano[2,3-f]chromen-6-
yl)(phenyl)methoxy)-3-oxopropanoic acid; 
2) Vaulina2: (5-hydroxy-2,2-dimethyl-8-
oxo-10-phenyl-2H,8H-pyrano[2,3-
f]chromen-6-yl)(phenyl)methyl 2-amino-3-
(4-hydroxyphenyl)-3-oxopropanoate; 3) 
Vaulina3: (5-hydroxy-2,2-dimethyl-8-oxo-
10-phenyl-2H,8H-pyrano[2,3-f]chromen-6-
yl)(phenyl)methyl 2-amino-5-hydroxy-4-
oxohexanoate; and 4) Vaulina4: (5-hydroxy-
2,2-dimethyl-8-oxo-10-phenyl-2H,8H-
pyrano[2,3-f]chromen-6-yl)(phenyl)methyl 
2-amino-4-oxo-5-phenylpentanoate. 
Meanwhile, the modified or newly predicted 
derivatives were referred to as 1) 
Prediction1: (8-amino-5-hydroxy-2,2-
dimethyl-10-phenyl-2H,8H-pyrano[2,3-
f]chromen-6-yl)(phenyl)methanediol; 2) 
Prediction2: 6-(dihydroxy(phenyl)methyl)-
2,2-dimethyl-10-phenyl-2H,8H-pyrano[2,3-
f]chromene-5,8-diol; 3) Prediction3: 2-
amino-9,9-dimethyl-3,7-diphenyl-2,3-
dihydro-5H,9H-furo[2,3-f]pyrano[2,3-
h]chromen-5-ol; and 4) Prediction4: 4-
(dihydroxy(8-hydroxy-2,2-dimethyl-5-oxo-
10-phenyl-6,8-dihydro-2H,5H-pyrano[2,3-
f]chromen-6-yl)methyl)benzoic acid (see 
Figure 1). The protein data used in this 
study were obtained from the Protein Data 
Bank (PDB ID: 5P9J) and are accessible at 
https://www.rcsb.org. 
 
Antileukemia Activity Prediction 

The antileukemia activity of the 
selected compounds was predicted using 
PASS Online 
(http://www.way2drug.com/passonline/) 
(Lagunin et al., 2000). Each compound was 
submitted in the form of canonical SMILES, 
and the biological activity spectrum was  
expressed as the probability of activity (Pa) 
and inactivity (Pi). Compounds with a Pa 

https://www.rcsb.org/
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value greater than 0.3 were considered to 
have potential in silico antileukemia activity 
and were subjected to further molecular 
docking simulations. This cutoff threshold 

has been consistently applied in previous 
studies employing PASS prediction for 
natural product screening (Akinmoladun et 
al., 2020; Wicaksono et al., 2022). 

 
 

    

a (Vaulina1) b (Vaulina2) c (Vaulina3) d (Vaulina4) 

 

 

 

 

 

 

 

e (Prediction1) f (Prediction2) g (Prediction3) h (Prediction4) 

  
Figure 1. Predicted structures of calanone derivative compounds. 

Preparation of Protein and Ligand 
The crystal structure of the target 

protein (PDB ID: 5P9J) was retrieved from 
the RCSB Protein Data Bank 
(https://www.rcsb.org). Protein 
preparation was performed using Discovery 
Studio 2021 Client by removing all water 
molecules and the native ligand to prevent 
undesired interactions during docking. The 
processed protein structure was saved in 
PDB format for subsequent simulations, 
while the extracted native ligand was stored 
separately for use as a reference compound. 
All protein and ligand preparation steps 
followed the software’s default parameters 
with no additional constraints applied 
(Purnawan, 2022). 

 
Docking of Predicted Compounds  

The protein structure (PDB ID: 5P9J) 
was retrieved from the RCSB Protein Data 
Bank. All water molecules and native 

ligands were removed, followed by the 
addition of polar hydrogen atoms and 
assignment of Gasteiger charges prior to 
conversion into PDBQT format. Ligands, 
including the native ligand and the 
predicted calanone derivatives, were 
geometry-optimized using the MMFF94 
force field in Avogadro. Polar hydrogens 
were added, and torsional flexibility was 
assigned using the “fewest rotatable bonds” 
setting to reduce conformational 
redundancy. Molecular docking simulations 
were performed using AutoDock Vina. The 
docking grid was centered on the native 
ligand binding site, with a grid box 
encompassing the binding pocket at a grid 
spacing of 1.0 Å. The number of modes was 
set to 10 (default), while the exhaustiveness 
parameter was increased to 32 to enhance 
sampling accuracy. Validation of the docking  
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protocol was conducted through re-
docking of the native ligand, where a Root-
Mean-Square Deviation (RMSD) value below 
2 Å indicated a reliable docking 
configuration. Docking scores were 
expressed as binding free energies 
(kcal/mol). Predicted compounds exhibiting 
favorable binding affinities were further 
examined for key amino acid interactions 
using Discovery Studio Visualizer 
(Purnawan, 2022). 
 
Analysis of Adsorption, Distribution, 
Metabolism, Excretion, and Toxicity 

Pharmacokinetic properties of the 
compounds were predicted using pkCSM 
(https://biosig.lab.uq.edu.au/pkcsm/). Each 
compound structure was submitted to 
generate parameters representing 
absorption, distribution, metabolism, 
excretion, and toxicity (ADMET) profiles. 
Absorption parameters were evaluated 
using Human Intestinal Absorption (HIA) 
and Caco-2 permeability values. 
Distribution properties were determined 
from Plasma Protein Binding (PPB) and 
Blood–Brain Barrier (BBB) penetration 
values. Additional parameters concerning 
metabolism, excretion, and toxicity were 
also analyzed to provide a comprehensive 
pharmacokinetic prediction (Sagita et al., 
2021). 
 
Molecular Dynamics Simulation 

Molecular dynamics simulations were 
performed for the three most promising 
predicted compounds based on docking 
results. The procedure involved sequential 
preparation of input files, including 
ions.mdp, em.mdp, nvt.mdp, npt.mdp, and 
md.mdp. The workflow comprised 
receptor–ligand topology generation, ion 
addition, energy minimization, temperature 
and pressure equilibration, and production 
simulation using GROMACS. Subsequent 
analyses and visualizations were conducted 
to evaluate RMSD, Root-Mean-Square 
Fluctuation (RMSF), hydrogen bond 

occupancy, and Molecular Mechanics–
Generalized Born Surface Area (MM-GBSA) 
binding free energy (Purnawan, 2022). 
 
Results and Discussion 

 
Antileukemia Activity Prediction 

The bioactivity prediction conducted 
using PASS Online indicated that all tested 
compounds exhibited Pa values within the 
range of 0.3–0.7, suggesting their potential 
as antineoplastic agents and suitability for 
further molecular docking analysis. 
Compounds within this range are 
considered in silico candidates, though their 
probability of experimental activity remains 
relatively low (Lagunin et al., 2000). One 
predicted compound (Prediction3) 
demonstrated a Pa value of 0.818 with Pi = 
0.010, reflecting a high confidence level in 
its biological activity. According to PASS 
evaluation criteria, compounds with Pa > 
0.7 are regarded as highly promising for 
relevant experimental validation 
(Akinmoladun et al., 2020). While PASS 
provides predictions under the general 
category of “antineoplastic,” this term 
broadly encompasses agents active against 
neoplastic (cancerous) cells. In the context 
of this study, the interpretation was 
specifically focused on antileukemia 
potential, as the target receptor and 
biological mechanisms were associated with 
leukemia. These findings align with 
previous research by Wicaksono et al. 
(2022), which demonstrated that 
metabolites from endemic plants with high 
Pa values predicted by PASS could later be 
confirmed as anticancer agents through 
molecular docking and subsequent 
biological validation. Therefore, all 
compounds investigated in this study 
qualified as candidates for molecular 
docking analysis, with Prediction3 emerging 
as the most promising lead compound for 
antileukemia activity prediction. 
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Table 1. PASS Online Prediction Results of Antileukemia Activity for Vaulina and Predicted 

Compound IUPAC Name Pa 

Vaulina1 2-amino-3-((5-hydroxy-2,2-dimethyl-8-oxo-10-phenyl-2H,8H-pyrano[2,3-

f]chromen-6-yl)(phenyl)methoxy)-3-oxopropanoic acid 

0.533 

Vaulina2 (5-hydroxy-2,2-dimethyl-8-oxo-10-phenyl-2H,8H-pyrano[2,3-f]chromen-6-

yl)(phenyl)methyl 2-amino-3-(4-hydroxyphenyl)-3-oxopropanoate 

0.620 

Vaulina3 (5-hydroxy-2,2-dimethyl-8-oxo-10-phenyl-2H,8H-pyrano[2,3-f]chromen-6-

yl)(phenyl)methyl 2-amino-5-hydroxy-4-oxohexanoate 

0.502 

Vaulina4 (5-hydroxy-2,2-dimethyl-8-oxo-10-phenyl-2H,8H-pyrano[2,3-f]chromen-6-

yl)(phenyl)methyl 2-amino-4-oxo-5-phenylpentanoate 

0.488 

Prediction1 (8-amino-5-hydroxy-2,2-dimethyl-10-phenyl-2H,8H-pyrano[2,3-f]chromen-6-

yl)(phenyl)methanediol 

0.742 

Prediction2 6-(dihydroxy(phenyl)methyl)-2,2-dimethyl-10-phenyl-2H,8H-pyrano[2,3-

f]chromene-5,8-diol 

0.746 

Prediction3 2-amino-9,9-dimethyl-3,7-diphenyl-2,3-dihydro-5H,9H-furo[2,3-f]pyrano[2,3-

h]chromen-5-ol 

0.818 

Prediction4 4-(dihydroxy(8-hydroxy-2,2-dimethyl-5-oxo-10-phenyl-6,8-dihydro-2H,5H-

pyrano[2,3-f]chromen-6-yl)methyl)benzoic acid 

0.603 

 
Receptor Examination 

The molecular docking procedure 
began with the preparation of the receptor’s 
macromolecular structure, obtained from 
the Protein Data Bank (PDB) at 
https://www.rcsb.org/. This study 
examined a receptor associated with 
hematological malignancies that was linked 
to the Bruton’s Tyrosine Kinase (BTK)  
pathway, designated under PDB ID: 5P9J. 
The selected protein receptor must satisfy 
several structural criteria, including a 
resolution ≤ 2 Ångström and a 
Ramachandran plot value showing at least 
90% residues in the “most favored regions” 
(Ramadhani et al., 2021). The parameters of 
the BTK receptor are summarized in Table 
2. The data indicate that the BTK receptor 
(PDB ID: 5P9J) had a resolution of 1.08 Å,  

 
reflecting a high-quality structural model. 
According to Putra (2022), a lower 
resolution value signifies a more refined 
receptor structure with improved accuracy. 
Similarly, Reynaldi and Setiawansyah 
(2022) emphasize that receptors derived 
from Homo sapiens and determined via X-
ray crystallography are considered reliable 
for computational studies. The receptor 
structure used in this study met these 
criteria, as it was determined using X-ray 
crystallography and validated internally by 
the RCSB PDB. The corresponding validation 
report can be accessed directly through the 
PDB 5P9J dashboard at 
https://www.rcsb.org/structure/5P9J. 
Therefore, an independent Ramachandran 
plot analysis was not deemed necessary.   
 

 

Table 2. Specifications of Bruton’s Tyrosine Kinase Receptor 

Macromolecule PDB ID Resolution (Å) Diffraction Method Species Ligand 

BTK 5P9J 1.08 X-ray Homo sapiens ibrutinib 
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Preparation of Bruton’s Tyrosine Kinase 
Receptor 

The BTK receptor (PDB ID: 5P9J) 
was prepared by removing solvent 
molecules, including water, as well as other 
non-essential residues from the protein 
structure using Discovery Studio 2021. This 
step is crucial to prevent unwanted 
interactions during the docking process 
(Sari et al., 2020). The preparation stage 
also involved separating the protein 
structure from its native ligand to define the 
ligand-binding pocket of the target protein 
(Susanti et al., 2019). Both the protein and 
native ligand structures were then saved in 
.pdb format. The native ligand was 
subsequently optimized using Avogadro 
software, employing the Molecular 
Mechanics method with the MMFF94 force 
field to achieve a lower energy state and a 
stable molecular conformation. Energy 

minimization is essential for optimizing 
atomic positions, reducing interatomic 
forces and steric energy toward zero, 
thereby improving the reliability of docking 
scores (Baissantz et al., 2010). Figure 2 
displays the structures of the protein and 
the native ligand following preparation. 
Subsequently, the native ligand and the 
receptor were enriched with polar 
hydrogen atoms and assigned Gasteiger 
charges using AutoDock Tools, and then 
saved in .pdbqt format. The inclusion of 
polar hydrogens can enhance the 
identification of potential hydrogen-bond 
interactions, whereas the application of 
Gasteiger charges ensures that the docking 
conditions reflect physiological pH, leading 
to more accurate binding energy 
calculations (Kolina et al., 2019). 

 

 

 
 

 

 

 

 

  

 

(3) (b) 

                (a)                                                        (b)  
Figure 2. 3D structures of (a) protein and (b) native ligand of Bruton’s Tyrosine Kinase (PDB ID: 5P9J). 

 
Table 3. Docking Results of the Native Ligand and Protein 

Receptor 

ΔG 
Binding Energy 

(kcal/mol) 

RMSD 

(Å) 
RMSD Visualization 

Bruton’s Tyrosine 

Kinase (PDB ID: 

5P9J) 

-10.92 0.538 
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Assessment of Grid Box and Root-Mean-
Square Deviation 

The initial phase in validating the 
molecular docking protocol involved 
configuring the grid box, which defined the 
spatial boundaries for the ligand’s 
movement and assisted in identifying the 
active binding site of the protein. The grid 
box represents the interaction region 
between the native ligand and the amino 
acid residues of the target protein 
(Rachmania et al., 2016). Analysis of the 
grid box for the BTK receptor (PDB ID: 
5P9J) and its native ligand revealed that the 
ligand was positioned centrally within the 
grid. The grid spacing was set to 1.0 Å, with 
dimensions of 12 × 8 × 14 points, and center 
coordinates of X = 19.741, Y = 8.387, and Z = 
4.538. Figure 3 illustrates the location of the 
native ligand within the grid box. 

 

  

Figure 3. Location of the native ligand within the grid 
box. 

The next step in docking validation 
was to calculate the RMSD by re-docking the 
native ligand with its corresponding protein 
using AutoDock Vina. The RMSD value 
measures the deviation between the 
predicted docked pose and the 
experimentally observed 3D conformation 
of the ligand (Rachmania, 2019). In this 

study, AutoDock Vina was employed for 
molecular docking, and RMSD calculations 
were visualized using Discovery Studio. The 
resulting binding energy and RMSD values 
are summarized in Table 3. The RMSD 
values obtained fall within the acceptable 
range, as Purnomo (2024) states that RMSD 
values must be below 2 Å to validate 
docking reliability. A lower RMSD indicates 
higher accuracy of the docking protocol, 
which can then be optimized for virtual 
screening to identify novel receptor 
inhibitors (Purnomo, 2011). The 
interactions between the native ligand and 
amino acid residues were visualized using 
Discovery Studio, as depicted in Figure 4. 

The predicted binding pose of the 
native ligand exhibited a very low RMSD 
value of 0.538 Å when compared with the 
co-crystallized ligand, indicating an 
excellent overlap with the experimentally 
determined binding conformation. RMSD 
values below 2.0 Å are generally accepted as 
indicative of reliable docking predictions 
and good reproduction of experimental 
binding modes (Hevener et al., 2009). Key 
hydrogen bond interactions were observed 
with Cys481, Ser538, and Glu475, while 
hydrophobic contacts occurred with Val416, 
Leu408, and Met477. These interactions are 
consistent with those reported in previous 
crystallographic analyses (Trott & Olson, 
2010; Morris et al., 2009). These findings  
demonstrate that the docking protocol 
employed in this study was robust and 
capable of accurately reproducing 
experimentally observed ligand–protein 
interactions. 
 

 

Table 4. Molecular Docking Results of Compounds with Bruton’s Tyrosine Kinase Receptor (PDB ID: 5P9J) 

No 
Compound 

Name 

ΔG Binding 

Energy 

(kcal/mol) 

Binding with Amino Acids 

Hydrogen 

Bonds 
Hydrophobic Interactions 

1 
Native 

ligand 
-10.92 

Cys A:481, 

Met A:477, 

Gly A:409, Gly A:480, Thr A:410, Leu A:528, 

Leu A:408, Tyr A:476, Ala A:428, Thr A:474, 

Ser A:538, Leu A:542, Phe A:540, Asp A:539, 
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No 
Compound 

Name 

ΔG Binding 

Energy 

(kcal/mol) 

Binding with Amino Acids 

Hydrogen 

Bonds 
Hydrophobic Interactions 

Glu A:475 Met A:449, Val A:458, Ile A:472, Lys A:430, Val 

A:416, Asn A:484 

2 Ibrutinib -10.40 

Met A:477, 

Glu A:475, 

Thr A:474 

Gly A:409, Gly A:480, Leu A:528, Leu A:408, 

Tyr A:476, Ala A:428, Val A:458, Ser A:538, Ile 

A:472, Leu A:542, Met A:449, Phe A:540, Asp 

A:539, Leu A:460, Lys A:430, Val A:416, Cys 

A:481, Arg A:525 

3 Vaulina1 -6.38 

Ser A:538, 

Asp A:539, 

Lys A:430 

Leu A:408, Val A:416, Leu A:528, Gln A:412, 

Asn A:526, Gly A:411, Phe A:413, Ala A:428, 

Thr A:474, Val A:458, Arg A:525, Cys A:481, 

Gly A:480, Met A:477, Asn A:484 

4 Vaulina2 -11.25 

Asp A:539, 

Ser A:538 

Gln A:412, Gly A:411, Thr A:410, Gly A:409, Val 

A:416, Leu A:542, Phe A:540, Met A:449, Thr 

A:474, Ile A:472, Leu A:408, Val A:458, Ala 

A:428, Glu A:475, Tyr A:476, Leu A:528, Met 

A:477, Lys A:430, Asn A:526, Arg A:525 

5 Vaulina3 -6.92 

Ser A:538, 

Lys A:430, 

Asp A:539 

Cys A:481, Gly A:480, Val A:416, Leu A:408, 

Leu A:528, Glu A:475, Tyr A:476, Ala A:428, 

Met A:477, Thr A:474, Val A:458, Leu A:460, 

Met A:449, Leu A:542, Ile A:472, Gly A:411, Arg 

A:525, Gly A:409, Asn A:484 

6 Vaulina4 -8.32 

Ser A:538, 

Thr A:474, 

Asp A:539 

Arg A:525, Cys A:481, Asn A:526, Leu A:528, 

Glu A:475, Ala A:428, Val A:458, Met A:477, 

Tyr A:476, Ile A:472, Met A:449, Phe A:540, 

Leu A:542, Lys A:430, Leu A:408, Val A:416, 

Gly A:409, Gly A:411 

7 Prediction1 -12.50 

Asp A:539 Gly A:480, Cys A:481, Gly A:409, Leu A:408, 

Tyr A:476, Met A:477, Glu A:475, Ala A:428, 

Thr A:474, Val A:458, Ile A:472, Leu A:542, Lys 

A:430, Ser A:538, Val A:416, Leu A:528, Gly 

A:411, Arg A:525 

8 Prediction2 -10.83 

Ser A:538, 

Thr A:474, 

Met A:477 

Gly A:411, Arg A:525, Val A:458, Asp A:539, 

Lys A:430, Leu A:528, Ala A:428, Ile A:472, Val 

A:416, Tyr A:476, Leu A:408, Gly A:480, Cys 

A:481, Gly A:409 
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No 
Compound 

Name 

ΔG Binding 

Energy 

(kcal/mol) 

Binding with Amino Acids 

Hydrogen 

Bonds 
Hydrophobic Interactions 

9 Prediction3 -10.74 

Glu A:475, 

Lys A:430, 

Asn A:526 

Ser A:538, Asp A:539, Ile A:472, Thr A:474, Leu 

A:542, Arg A:525, Cys A:481, Gly A:480, Leu 

A:408, Leu A:528, Met A:477, Val A:416, Ala 

A:428, Val A:458 

10 Prediction4 -10.63 

Asp A:539, 

Thr A:474, 

Ser A:538 

Met A:449, Leu A:460, Val A:458, Phe A:540, 

Leu A:542, Ile A:472, Lys A:430, Cys A:481, Gly 

A:409, Gly A:480, Leu A:408, Met A:477, Glu 

A:475, Tyr A:476, Val A:416, Leu A:528, Ala 

A:428 

 
Molecular Docking and Visualization of 
Docking Outcomes 

Molecular docking was performed for 
eight compounds (see Figure 1) against the 
BTK receptor (PDB ID: 5P9J). The docking 
analysis was carried out using AutoDock 
Vina, focusing on the conformations of each 
compound that exhibited the lowest binding 
energy (ΔG). The purpose of molecular 
docking was to elucidate the binding 
conformation and molecular interactions of 
the test compounds within the active site of 
the target protein receptor (Meng et al., 
2022; Mohanty & Mohanty, 2023; Trott & 
Olson, 2010). The grid box configuration, 
defining the region where ligand 
interactions occur, was consistent with that 
used during the re-docking validation stage. 
It comprised dimensions of 12 × 8 × 14 
points, centered at coordinates X = 19.741, Y 
= 8.387, and Z = 4.538. Table 4 presents the 
molecular docking results, including the 
binding affinities and amino acid 
interactions of each compound with the BTK 
receptor. 

The molecular docking simulations 
summarized in Table 4 present the ΔG 
values and the interacting amino acid 
residues for each compound against the 
Bruton’s Tyrosine Kinase (BTK) receptor 
(PDB ID: 5P9J). According to 
Mardianingrum et al. (2021), compounds 
that exhibit lower Gibbs free energy possess 
stronger and more stable interactions with  
 

 
their target receptor. As shown in Table 4, 
the predicted compounds Vaulina2, 
Prediction1, Prediction2, Prediction3, and 
Prediction4 demonstrate lower (more 
negative) ΔG values compared to the 
commercial drug ibrutinib, indicating 
greater thermodynamic stability and 
stronger binding affinities toward BTK. 
These findings suggest that these 
compounds hold potential as novel BTK 
inhibitors with prospective antileukemia 
activity. The strong binding affinities 
observed for Vaulina2 and the Prediction 
series compounds are likely attributed to 
multiple hydrogen bond interactions, which 
play a critical role in stabilizing ligand–
receptor complexes. Hydrogen bonds are 
specific and directional interactions that 
enhance a ligand’s affinity by forming 
electrostatic attractions between hydrogen 
donors and acceptors within the receptor’s 
active site (Muttaqin, 2019). The receptor–
ligand complexes were visualized using 
Discovery Studio, as shown in Figure 4. In 
these visualizations, dashed lines represent 
various types of non-covalent interactions, 
including hydrogen bonds, electrostatic 
forces, hydrophobic contacts, halogen 
interactions, and van der Waals forces 
(Bazmi & Wallin, 2024; Wang et al., 2008). 
The detailed interactions between Vaulina2, 
Prediction1, Prediction2, Prediction3, and 
Prediction4 with the BTK receptor are 
depicted in Figure 5. 
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(a)                                                                                     (b) 
 

Figure 4. (a) Visualization of docking results; (b) Interaction between the native ligand and amino acid residues. 

ADMET Analysis: Absorption, 
Distribution, Metabolism, Excretion, and 
Toxicity 

The subsequent phase of this study 
involved an ADMET evaluation to assess the 
pharmacokinetic properties and safety 
profiles of the predicted compounds. The 
analysis was performed using the web-
based pkCSM platform available at 
https://biosig.lab.uq.edu.au/pkcsm/. The 
parameters analyzed included HIA, which 
predicts the extent to which an active 
compound can be absorbed in the human 
intestine. The HIA results revealed three 
levels of absorption: moderate absorption 
(20–70%) for Prediction4, and high 
absorption (70–100%) for the other 
compounds, namely ibrutinib, Prediction1, 
Prediction2, Prediction3, and Vaulina2 
(Sagita et al., 2021). To further assess oral 
bioavailability, the Caco-2 cell permeability 
test was used to predict the absorption or 
transport of orally administered drugs 
across the intestinal epithelium. The Caco-2 
analysis results indicated that ibrutinib, 
Vaulina2, Prediction3, and Prediction4 
exhibited moderate permeability (0.5–1 
mm/s), while Prediction1 and Prediction2 
were categorized as highly permeable (>1 
mm/s). The BBB penetration parameter was 
analyzed to evaluate each compound’s 
ability to cross the blood–brain barrier. The 
results demonstrated that Prediction3 was 

capable of BBB penetration (>0.3), whereas 
the remaining compounds, ibrutinib, 
Vaulina2, Prediction1, Prediction2, and 
Prediction4, were classified as non-
permeable (<−1) (Pires et al., 2015). These 
findings suggest that the latter compounds 
exhibited favorable pharmacological 
selectivity, remaining largely restricted to 
peripheral tissues rather than entering the 
central nervous system (see Table 5). 

The next parameter examined was 
metabolism, focusing on the inhibitory 
effects of the compounds on Cytochrome 
P450 (CYP) enzymes, specifically CYP2C19, 
CYP2C9, CYP2D6, and CYP3A4. Inhibition of 
CYP enzymes might interfere with drug 
metabolism, potentially increasing plasma 
drug concentrations and leading to adverse 
effects. The analysis revealed that ibrutinib 
inhibited three CYP isoenzymes (CYP2C19, 
CYP2C9, and CYP3A4), whereas the 
predicted compounds inhibited only one or 
two of these enzymes. This finding indicates 
that ibrutinib may present a higher risk of 
metabolic interaction compared with 
Vaulina2, Prediction1, Prediction2, 
Prediction3, and Prediction4. The excretion 
parameter was evaluated using total 
clearance as an indicator. The findings 
showed that ibrutinib, Vaulina2, 
Prediction1, and Prediction3 displayed 
favorable clearance rates, while Prediction2 
and Prediction4 exhibited lower clearance, 
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(a) Vaulina2 (b) Prediction1 

  

(c) Prediction2 (d) Prediction3 

 
(e) Prediction4 

 
 

Figure 5. Interactions between amino acid residues and the predicted compounds: (a) Vaulina2, (b) Prediction1, (c) 
Prediction2, (d) Prediction3, (e) Prediction4. Color codes: green lines represent conventional hydrogen bonds; light 
green lines represent carbon–h 

suggesting longer retention times in the 
body (Pires et al., 2015). Finally, the toxicity 
parameter was assessed using the Ames 
test, which predicts genotoxicity and 
potential carcinogenic effects. The analysis  
indicated that neither ibrutinib nor the 
predicted compounds (Vaulina2, 

Prediction1, Prediction2, Prediction3, and 
Prediction4) exhibited mutagenic or 
carcinogenic properties, confirming their 
non-carcinogenic nature. 
 
 

Table 5. ADMET Parameters of Ibrutinib and Predicted Compounds 

No Compound 

Parameter 

Absorption Distribution Metabolism Excretion Toxicity 

HIA 
(%) 

Caco-2 
(mm/s) 

BBB (%) 
CYP2C19 

Inhibition 
CYP2C9 

Inhibition 
CYP2D6 

Inhibition 
CYP3A4 

Inhibition 
Total 

Clearance 
Ames 
Test 

1 Ibrutinib 97.7 0.704 -0.902 yes yes no yes 0.601 no 
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2 Vaulina2 100.0 0.530 -1.103 no no no yes 0.475 no 
3 Prediction1 86.9 1.064 -1.026 yes yes no no 0.661 no 
4 Prediction2 88.0 1.145 -0.850 no yes no no 0.036 no 
5 Prediction3 93.3 0.658 0.305 yes no no yes 0.469 no 
6 Prediction4 67.7 0.995 -1.230 no no no no 0.095 no 

 
Molecular Dynamics Analysis  

Molecular dynamics simulations 
were conducted on the BTK receptor (PDB 
ID: 5P9J) in complex with the commercial 
drug ibrutinib and the predicted compounds 
Vaulina2, Prediction1, Prediction2, 
Prediction3, and Prediction4, using 
GROMACS software. The objective of this 
analysis was to evaluate the stability and 
conformational behavior of the protein–
ligand complexes under conditions 
approximating human physiological 
environments over a defined simulation 
period (Muttaqin, 2019). The preparation 
phase of the molecular dynamics simulation 
involved the generation of topology and 
coordinate files for the ligands and the 
receptor, which were subsequently 
assembled into protein–ligand complexes. 
The simulation workflow consisted of 
several stages: 1) Solvation of the protein–
ligand complex within a cubic box 
containing explicit water molecules; 2) 
Neutralization of the system using counter-
ions (Na⁺ and Cl⁻) to achieve charge 
balance; 3) Energy minimization to 
eliminate atomic clashes and optimize 
hydrogen-bond geometry; 4) Equilibration 
to maintain constant temperature, pressure, 
and volume; and 5) Production simulation, 
during which the dynamic behavior of the 
system was recorded (Karplus, 2002; Van 
der Spoel et al., 2001). The molecular 
dynamics simulations were performed for 
10 ns for both ibrutinib and the predicted 
compounds. The calculated parameters 
included RMSD, RMSF, Solvent-Accessible 
Surface Area (SASA), hydrogen bond 

occupancy, and MM-GBSA binding energy 
estimations. 
 
RMSD (Root Mean Square Deviation) 

RMSD is a commonly used 
quantitative metric for assessing structural 
deviations and conformational changes in 
molecular dynamics trajectories (Sinha et 
al., 2023). In the context of this study, RMSD  
analysis was employed to determine the 
degree of conformational deviation within 
each protein–ligand complex over time 
(Muttaqin, 2019). Figure 6 presents the 
RMSD profiles obtained from the molecular 
dynamics simulations. The trajectories show 
that the RMSD values of the complexes 
stabilized between approximately 0.2 ns 
and 10 ns, with both the protein and ligand 
exhibiting only minor fluctuations, 
suggesting that the systems achieved 
equilibrium stability. Throughout the 
simulation, RMSD fluctuations did not 
exceed 0.1 nm, indicating consistent and 
stable ligand–receptor interactions. The 
compounds demonstrating the most stable 
RMSD profiles were ibrutinib, Vaulina2, 
Prediction1, Prediction2, and Prediction4. 
Conversely, Prediction3 displayed greater 
RMSD variation, suggesting higher 
conformational flexibility, likely due to 
structural rearrangements within the 
binding pocket during interaction with the 
receptor. Therefore, the RMSD analysis 
indicates that most predicted compounds 
formed stable complexes with BTK, with 
Prediction3 showing comparatively less 
structural stability (see Figure 6). 
 



The Potential Of Calanone… 

168 
 

Copyright © 2025 WJC | ISSN 2621-5985 (online) | ISSN 2549-385X (print) 

Volume 8, Nomor 2, 2025 

 

Figure 6. Comparison of RMSD profiles between ibrutinib and the predicted compounds. 

 

Figure 7. Comparison of RMSF profiles between ibrutinib and the predicted compounds. 

 

Figure 8. Comparison of SASA profiles between ibrutinib and the predicted compounds 
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Root-Mean-Square Fluctuation 
RMSF measures the flexibility of 

individual amino acid residues in the 
receptor throughout the molecular 
dynamics simulation. A low RMSF value 
indicates that the residue maintains stable 
interactions with the ligand at the binding 
site, reflecting favorable conformational 
stability. In contrast, high RMSF values 
signify greater residue flexibility or limited 
participation in ligand binding, which may 
correspond to less stable interactions (Salo-
Ahen et al., 2020). Figure 7 illustrates the 
RMSF profiles of the receptor in complex 
with ibrutinib and the predicted 
compounds. The fluctuation patterns were 
largely similar across all systems, except 
Prediction3, which displayed higher 
fluctuation at one amino acid residue. 
 
SASA (Solvent Accessible Surface Area) 

SASA quantifies the molecular 
surface area exposed to solvent molecules 
and is an important parameter in evaluating 
molecular interactions with aqueous 
environments. It is divided into two 
categories: 1) Polar regions, which involve 
atoms capable of forming hydrogen bonds 
or carrying partial charges; and 2) Non-
polar regions, which involve hydrophobic 
atoms lacking charge or hydrogen-bonding 
capability (Anuar et al., 2020). Figure 8 
presents the SASA plots derived from 
molecular dynamics simulations. The 
results indicate that the solvent interaction 
areas of the predicted compounds were 
nearly identical to those of ibrutinib, 
implying that ligand–solvent accessibility 
remained relatively constant among all 
complexes. 

 
Hydrogen Bond Occupancy  

Hydrogen bond occupancy analysis 
quantifies the persistence or frequency of 
hydrogen bond formation between ligand 
and receptor atoms throughout the 
simulation. A higher occupancy percentage 
indicates greater stability and stronger 

ligand–protein interactions, as hydrogen 
bonds play a crucial role in maintaining 
complex integrity (Zikri et al., 2021). The 
hydrogen bond occupancy data for ibrutinib 
and the predicted compounds (Prediction1, 
Prediction2, Prediction3, Prediction4, and 
Vaulina2) are presented in Table 6. The 
results demonstrate that ibrutinib exhibited 
a maximum hydrogen bond occupancy of 
21.56%, forming a donor interaction with 
Asn146, suggesting that this residue plays a 
significant role in stabilizing the drug–
receptor complex. Among the predicted 
compounds were 1) Prediction1 showed 
high occupancies of 39.82% with Asp159 
and 42.81% with Thr94, where it acted as a 
donor in both cases, indicating that Asp159 
and Thr94 are essential for its stability and 
binding activity; 2) Prediction2 
demonstrated multiple hydrogen bond 
interactions, serving as a donor at 5.69% 
(Glu95) and 12.57% (Thr94), and as an 
acceptor at 7.78% (Thr94), 14.67% (Lys50), 
and 3.19% (Met97); 3) Prediction3 achieved 
its highest occupancy of 41.32% with Thr30, 
highlighting Thr30’s critical role in 
maintaining ligand–receptor stability; 4) 
Prediction4 exhibited high occupancy 
values at 29.04% (Asp159), 9.88% (Lys50), 
11.98% (Thr94), and 2.99% (Met97), 
demonstrating diverse stabilizing 
interactions; and 5) Vaulina2 reached its 
highest occupancy levels at 54.49% 
(Ser158) as an acceptor and 23.05% 
(Asp159) as a donor, emphasizing the 
importance of both residues in stabilizing its 
binding conformation. Overall, the hydrogen 
bond occupancy analysis indicates that the 
predicted compounds, particularly 
Prediction1, Prediction2, Prediction3, 
Prediction4, and Vaulina2, exhibited 
stronger and more stable hydrogen bonding 
interactions with the receptor’s active site 
compared to ibrutinib, supporting their 
potential as promising BTK inhibitors in 
silico (see Table 6). 
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Table 6. Comparison of Hydrogen Bond Occupancy 

Compound Donor Acceptor Occupancy 
(%) 

Compound Donor Acceptor Occupancy 
(%) 

Ibrutinib Ibrutinib-
side 

Asp159-
side 

0.40 Prediction3 Prediction3-
main 

Thr30-main 41.32 

 Ser158-side Ibrutinib-
side 

0.30  Prediction3-
side 

Leu28-main 3.19 

 Ibrutinib-
side 

Asn146-
main 

21.56  Asn104-
side 

Prediction3-
side 

0.4 

 Ibrutinib-
side 

Ser158-side 0.50  Prediction3-
main 

Thr30-side 0.2 

Prediction1 Prediction1-
side 

Asp159-
side 

39.82 Prediction4 Asp159-
main 

Prediction4-
side 

1.2 

 Prediction1-
side 

Thr94-side 42.81  Prediction4-
side 

Asp159-
side 

29.04 

 Thr94-side Prediction1-
side 

1.6  Lys50-side Prediction4-
side 

9.88 

 Asp159-
main 

Prediction1-
side 

0.1  Prediction4-
side 

Thr94-side 11.98 

 Ser158-side Prediction1-
side 

1  Prediction4-
side 

Glu95-main 0.4 

 Prediction1-
side 

Ser158-side 0.3  Met97-main Prediction4-
side 

2.99 

     Thr94-side Prediction4-
side 

0.4 

Prediction2 Thr94-side Prediction2-
side 

7.78 Vaulina2 Ser158-side Vaulina2-
side 

54.49 

 Lys50-side Prediction2-
side 

14.67  Vaulina2-
main 

Asp159-
side 

23.05 

 Met97-main Prediction2-
side 

3.19  Vaulina2-
main 

Ser158-side 0.9 

 Prediction2-
side 

Glu95-side 5.69  Vaulina2-
side 

Leu28-main 0.1 

 Prediction2-
side 

Thr94-side 12.57  Gly161-
main 

Vaulina2-
side 

0.2 

     Asp159-
main 

Vaulina2-
side 

0.1 

 
Table 7. MM-GBSA Binding Free-Energy Components for the Ligand–Receptor Systems 

Energy Component 

(kcal/mol) 
Ibrutinib Prediction1 Prediction2 Prediction3 Prediction4 Vaulina2 

van der Waals (VdW) -51.51 -46.09 -45.68 -30.72 -38.15 -56.57 

Electrostatic Energy (EEL) -26.11 -22.34 -29.33 -81.18 -40.67 -110.53 

Electrostatic Solvation Energy 

(EGB) 44.29 33.64 40.15 101.01 52.41 128.84 

Non-polar Solvation Energy 

(ESURF -7.11 -6.53 -6.47 -4.01 -5.78 -7.98 

ΔG gas (VdW + EEL) -77.62 -68.43 -75.01 -111.90 -78.82 -167.10 

ΔG solv (EGB + ESURF) 37.18 27.10 33.68 97.00 46.62 120.86 

ΔG total (VdW + EEL + EGB + 

ESURF) -40.44 -41.33 -41.33 -14.90 -32.19 -46.24 

 
MM-GBSA 

The MM-GBSA calculation method 
provides a free energy (ΔG) value that  

 
reflects the binding affinity of a compound 
to a receptor. A lower ΔG value indicates a 
stronger binding affinity between the 
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compound and the receptor. Table 7 
presents the MM-GBSA results. The total 
binding free energy (VdW + EEL + EGB + 
ESURF) for the reference drug ibrutinib was 
−40.44 kcal/mol. The corresponding values 
for the predicted compounds Prediction1, 
Prediction2, Prediction3, Prediction4, and 
Vaulina2 were −41.33, −41.33, −14.90, 
−32.19, and −46.24 kcal/mol, respectively. 
These results indicate that the total binding 
free energy (ΔG_total) of Prediction1, 
Prediction2, and Vaulina2 was lower than 
that of ibrutinib, suggesting more stable 
binding interactions and their potential as 
promising drug candidates in silico (see 
Table 7). 

Conclusion 

The analysis indicated that the 
docking results of the predicted compounds 
Vaulina2, Prediction1, Prediction2, 
Prediction3, and Prediction4 against the 
BTK receptor (PDB ID: 5P9J) exhibited 
greater stability compared to the reference 
drug ibrutinib, with Gibbs free energy (ΔG) 
values of –11.25, –12.50, –10.83, –10.74, and 
–10.63 kcal/mol, respectively. The ADMET 
prediction analysis further revealed that all 
five compounds satisfied the 
pharmacokinetic and toxicity criteria. The 
molecular dynamics analysis demonstrated 
that Vaulina2, Prediction1, and Prediction2 
exhibited superior performance relative to 
ibrutinib, as reflected by favorable RMSD, 
RMSF, SASA, hydrogen bond occupancy, and 
MM-GBSA parameters. 

Recommendations 

Based on the docking, ADMET, and 
molecular dynamics analyses, it is 
recommended that Vaulina2, Prediction1, 
and Prediction2 be prioritized for further 
investigation as potential BTK inhibitors. 
These compounds demonstrated stronger 
binding affinity and higher stability than 
ibrutinib, along with favorable 
pharmacokinetic profiles. Future studies 
should focus on in vitro and in vivo 
validations to confirm their efficacy and 
safety profiles. 
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