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Abstract 

The continuous emergence of SARS-CoV-2 variants necessitates the identification of effective multi-
target antiviral agents with enhanced stability and binding efficiency. This study employed an 
integrated computational approach, including molecular docking, molecular dynamics (MD) 
simulations, free energy landscape (FEL) analysis, and Molecular Mechanics Poisson-Bolĵmann 
Surface Area (MM-PBSA) calculations, to evaluate the inhibitory potential of twenty natural 
compounds against SARS-CoV-2 proteins 7XJW, 8DRW, and 9PFH. Molecular docking identified 
Amentoflavone as the most promising candidate, exhibiting strong binding affinities toward all 
targets through favorable hydrogen-bond and hydrophobic interactions within the active sites. 
Interaction analysis revealed that its biflavonoid scaffold promoted extensive ligand–protein 
complementarity through hydroxyl and aromatic functional groups. MD simulations demonstrated 
stable protein-ligand complexes, characterized by low fluctuations in RMSD, RMSF, SASA, and 
radius of gyration values throughout the 100 ns trajectories. Persistent hydrogen-bond interactions 
further supported complex stability. FEL analysis revealed compact low-energy conformational 
basins, indicating thermodynamically favorable binding states. MM-PBSA calculations confirmed 
favorable binding free energies primarily driven by van der Waals and electrostatic contributions, 
with the 7XJW-Amentoflavone complex exhibiting the most favorable energetic profile. Overall, these 
findings highlight Amentoflavone as a promising multi-target inhibitor and potential lead compound 
for future antiviral drug development and experimental validation against SARS-CoV-2. 

Keywords: SARS-CoV-2; amentoflavone; molecular docking; MD simulation; free energy landscape 
analysis 
 

1. Introduction 

Coronavirus disease 2019 (COVID-19), caused by the novel severe acute respiratory syndrome 
coronavirus 2 (SARS-CoV-2), emerged in late 2019 and rapidly evolved into one of the most 
devastating global public health emergencies of the 21st century. SARS-CoV-2 belongs to the β-
coronavirus genus and is characterized as an enveloped, positive-sense single-stranded RNA virus 
[1,2]. Previous coronavirus outbreaks, including severe acute respiratory syndrome coronavirus 
(SARS-CoV) in 2003 and Middle East respiratory syndrome coronavirus (MERS-CoV) in 2012, 
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demonstrated the pandemic potential of coronaviruses [3–5]. However, the unprecedented 
transmissibility and global spread of SARS-CoV-2 resulted in extensive morbidity, mortality, and 
socioeconomic disruption worldwide [6]. Clinically, COVID-19 presents with a broad spectrum of 
manifestations ranging from asymptomatic infection and mild respiratory symptoms to severe 
pneumonia, acute respiratory distress syndrome (ARDS), multi-organ dysfunction, and death, 
particularly among elderly individuals and patients with underlying comorbidities [7]. 

The impact of the pandemic varied considerably across geographical regions due to differences in 
healthcare infrastructure, socioeconomic conditions, public health preparedness, and access to 
therapeutics and vaccines. Although high-income countries initially reported the highest numbers of 
infections and fatalities, low- and middle-income regions, including many African countries, later 
experienced substantial health and economic burdens [8,9]. In Africa, limited diagnostic capacity, 
inadequate intensive care facilities, and unequal vaccine distribution contributed to challenges in 
disease management [10,11]. Despite mortality rates being lower than initially predicted, the pandemic 
significantly strained fragile healthcare systems and disrupted essential health services, including the 
management of malaria, tuberculosis, and HIV/AIDS. Furthermore, the socioeconomic consequences 
of prolonged lockdowns and healthcare disruptions highlighted the urgent need for affordable, 
accessible, and effective therapeutic interventions suitable for resource-limited settings [12]. 

Current management strategies for COVID-19 primarily rely on supportive care, vaccination 
programs, and antiviral therapeutics [13,14]. Several drugs, including remdesivir, dexamethasone, 
anticoagulants, and combinations such as nirmatrelvir/ritonavir (Paxlovid), have been employed to 
reduce disease severity and viral replication [15–17]. Although these therapeutic agents have 
demonstrated varying degrees of clinical benefit, important limitations remain, including reduced efficacy 
against emerging viral variants, adverse effects, high treatment costs, and unequal global accessibility [18]. 
In addition, the continuous emergence of SARS-CoV-2 variants raises concerns regarding drug resistance 
and the long-term effectiveness of currently available therapies [1,2]. These challenges emphasize the 
necessity for continuous drug discovery efforts targeting essential viral proteins involved in replication, 
transcription, and host-cell entry, such as the main protease (3CLpro), papain-like protease (PLpro), RNA-
dependent RNA polymerase (RdRp), helicase, and spike glycoprotein. 

Natural products have emerged as valuable sources of antiviral compounds due to their 
remarkable structural diversity, broad biological activities, and generally favorable safety profiles 
[19]. Numerous phytochemicals, particularly flavonoids, terpenoids, quinones, and alkaloids, have 
demonstrated inhibitory potential against SARS-CoV-2 proteins in both computational and 
experimental investigations [20]. Also, compounds such as curcumin, quercetin, luteolin, apigenin, 
celastrol, tannic acid, and cryptotanshinone have shown promising binding interactions with viral 
enzymes responsible for replication and proteolytic processing [21]. In addition to direct antiviral 
effects, many natural compounds possess anti-inflammatory and immunomodulatory properties that 
may contribute to the mitigation of COVID-19-associated complications [22,23]. Nevertheless, several 
of these bioactive molecules exhibit pharmacokinetic limitations, including poor solubility, low 
bioavailability, and rapid metabolism, necessitating systematic computational screening to identify 
candidates with optimal drug-like characteristics and therapeutic potential [22]. 

In the present study, a comprehensive computational approach was employed to evaluate 
selected natural bioactive compounds against key SARS-CoV-2 target proteins. Protein structures 
with accession codes 7XJW, 8DRW, and 9PFH, retrieved from the Protein Data Bank (PDB) [24], were 
selected to represent critical viral proteins involved in replication and host interaction. A diverse 
library of natural compounds (Figure 1), including Pristimerin, Hesperetin, Diplacone, Luteolin, 
Bavachinin, Betulinic acid, Curcumin, Rosmariquinone, Psoralidin, Cryptotanshinone, Iguesterin, 
Hirsutenone, Tingenone, Apigenin, Amentoflavone, Mimulone, Celastrol, Quercetin, Methyl 
tanshinonate, and Savinin, was subjected to virtual screening and molecular docking analyses to 
predict binding affinities and interaction profiles with the selected viral targets. The most promising 
ligand-protein complexes were subsequently investigated using molecular dynamics (MD) 
simulations to evaluate their conformational stability, structural flexibility, and interaction 
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persistence under dynamic physiological conditions. Furthermore, binding free energy calculations 
were performed to estimate the thermodynamic favorability of ligand binding and to identify 
potential lead compounds for further development. 

 

Figure 1. Chemical structures of representative natural compounds investigated as potential SARS-CoV-2 
inhibitors, highlighting the structural diversity and pharmacophoric features associated with antiviral activity 
and therapeutic potential against COVID-19. 

The primary objective of this study is to identify potential natural inhibitors of SARS-CoV-2 
proteins through an integrated computational workflow involving molecular docking, molecular 
dynamics simulations, free energy landscape calculations, and Molecular Mechanics Poisson-
Bolĵmann Surface Area (MM-PBSA) analysis. Specifically, the study aims to determine the binding 
affinities of selected natural compounds toward essential viral targets and evaluate the stability, 
conformational behavior, and persistence of protein-ligand interactions under dynamic physiological 
conditions. The findings of this study may contribute to the identification of promising multi-target 
antiviral agents derived from natural products and provide valuable insights for future experimental 
validation and therapeutic development. Furthermore, by integrating multiple computational 
approaches, this work offers a cost-effective and time-efficient strategy for accelerating the discovery 
of novel antiviral candidates against emerging and re-emerging viral pathogens. 
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2. Methods 

2.1. Ligand and Protein Preparation 

The chemical structures of the selected natural compounds, including Pristimerin, Hesperetin, 
Diplacone, Luteolin, Bavachinin, Betulinic acid, Curcumin, Rosmariquinone, Psoralidin, 
Cryptotanshinone, Iguesterin, Hirsutenone, Tingenone, Apigenin, Amentoflavone, Mimulone, 
Celastrol, Quercetin, Methyl tanshinonate, and Savinin, were retrieved from Pubchem data base [25]. 
Ligand structures were converted into Protein Data Bank (PDB) format using OpenBabel [26], followed 
by geometry optimization and generation of ligand topologies and force field parameters using 
LigParGen [27]. The generated parameters included bond, angle, dihedral, Lennard-Jones [28], and 
partial atomic charge information required for molecular docking and molecular dynamics simulations. 

The three-dimensional crystal structures of the SARS-CoV-2 target proteins 7XJW [29], 8DRW 
[30], and 9PFH [29] were retrieved from the Protein Data Bank (PDB) [24,31]. Prior to computational 
analysis, the proteins were prepared by removing co-crystallized ligands, water molecules, and 
unnecessary heteroatoms to avoid interference with ligand binding using UCSF Chimera [32,33]. 
Missing hydrogen atoms were added, and appropriate protonation states and partial charges were 
assigned to ensure accurate representation of the electrostatic environment of the proteins. Protein 
preparation and structural refinement were performed using AutoDock Vina [34]. The prepared 
protein structures were subsequently converted into PDBQT format for molecular docking analysis. 

2.2. Molecular Docking 

Molecular docking analysis was performed to investigate the binding orientation and interaction 
affinity of the selected natural compounds against the SARS-CoV-2 target proteins. Docking 
simulations were carried out using AutoDock Vina [34] to evaluate ligand binding within the active 
sites of 7XJW, 8DRW, and 9PFH. The docking grid boxes were generated around the co-crystallized 
ligand-binding regions to ensure accurate targeting of the active sites. During the docking 
simulations, the ligands were treated as flexible while the receptor structures were maintained rigid. 
The exhaustiveness parameter was set to 8 to ensure adequate conformational sampling, and multiple 
binding poses were retained for analysis. 

The resulting docked complexes were analyzed based on binding affinity and interaction 
profiles. The best-performing ligand-protein complexes were further visualized and analyzed using 
PyMOL [35,36] and the ProteinPlus server [37] to identify key intermolecular interactions, including 
hydrogen bonds, hydrophobic contacts, and active-site interactions. The ligand exhibiting the most 
favorable and stable interaction profile across the investigated targets was selected for subsequent 
molecular dynamics simulation studies. 

2.3. Molecular Dynamics Simulations 

Molecular dynamics (MD) simulations were performed using the GROMACS package [38,39] to 
investigate the structural stability, conformational behavior, and interaction persistence of the 
selected apo and ligand-bound SARS-CoV-2 protein systems. The CHARMM force field [40,41] was 
employed for protein parameterization, while ligand topologies were generated using the 
SwissParam server [42]. Each protein-ligand complex was solvated in a cubic simulation box using 
the TIP3P water model [43], and appropriate sodium and chloride ions were added to neutralize the 
systems under periodic boundary conditions. 

Energy minimization was performed using the steepest-descent algorithm [44,45] to remove steric 
clashes and optimize the system geometry. The systems were subsequently equilibrated under NVT and 
NPT ensembles [46] at 300 K and 1 bar pressure, respectively. Following equilibration, 100 ns production 
simulations were conducted under stable thermodynamic conditions. Long-range electrostatic 
interactions were treated using the Particle Mesh Ewald (PME) method [47,48] with a cutoff distance of 
1.0 nm for both electrostatic and van der Waals interactions. The LINCS algorithm [49–51] was applied to 
constrain hydrogen bonds, and a time step of 2 fs was maintained throughout the simulations. 
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Trajectory analyses were performed to evaluate key structural parameters including root mean 
square deviation (RMSD), root mean square fluctuation (RMSF), radius of gyration (Rg), solvent 
accessible surface area (SASA), and hydrogen bond persistence to assess structural stability and 
conformational dynamics of the complexes. 

2.4. Free Energy Landscape Analysis 

Free energy landscape (FEL) analysis was performed to investigate the conformational stability 
and energy distribution of the apo and ligand-bound SARS-CoV-2 systems following molecular 
dynamics simulations. The FEL maps were generated using the first two principal components (PC1 
and PC2) obtained from principal component analysis (PCA), which describe the dominant collective 
motions of the protein systems during the simulation trajectory [52,53]. 

Prior to analysis, trajectory files were corrected for periodic boundary conditions and aligned to 
reference structures to eliminate rotational and translational motions [54]. Covariance matrices were 
constructed based on the Cα atomic coordinates, followed by calculation of eigenvectors and 
eigenvalues to obtain the principal components [55]. The free energy associated with each 
conformational state was calculated using the thermodynamic relationship shown in equation 1 [56]: 

Δ𝐺 = -𝑅𝑇 ln 𝑃       (1) 
where ΔG represents the free energy, R is the universal gas constant, T is the absolute temperature, 
and P is the probability of occurrence of a given conformation. The resulting FEL maps were used to 
evaluate conformational transitions, stability basins, and the effect of ligand binding on the 
thermodynamic stability of the SARS-CoV-2 target proteins. 

2.5. Binding Free Energy Calculation by MMPBSA 

Binding free energy calculations were performed using the Molecular Mechanics Poisson-
Boltzmann Surface Area (MM-PBSA) method [57,58] to estimate the binding affinity of 
Amentoflavone toward the SARS-CoV-2 target proteins. Representative frames were extracted from 
the equilibrated portions of the molecular dynamics trajectories and subjected to MM-PBSA 
calculations using the g_mmpbsa package integrated with GROMACS [38,39]. The total binding free 
energy was calculated using the following relationship (Equation 2): 

∆G_bind=∆G_complex+(∆G_protein+∆G_ligand)  (2) 
where ΔG_bind represents the total binding free energy, while G_complex, G_protein, and G_ligand 
represent the free energies of the complex, protein, and ligand, respectively. The total binding energy was 
further decomposed into van der Waals, electrostatic, polar solvation, and nonpolar solvation energy 
contributions to identify the major driving forces responsible for ligand stabilization within the receptor 
binding pockets. Residue-wise energy decomposition analysis was additionally performed to identify key 
amino acid residues contributing significantly to protein-ligand interaction stability. 

3. Results 

3.1. Docking Analysis 

Molecular docking analysis was performed to evaluate the binding orientation, interaction 
strength, and inhibitory potential of selected natural compounds against the SARS-CoV-2 target 
proteins 7XJW, 8DRW, and 9PFH, thereby identifying compounds capable of forming stable 
interactions within the receptor active sites. 

3.1.1. Binding Affinity of SARS-CoV-2 Target with Selected Natural Compounds 

The docking results revealed that most of the investigated compounds exhibited favorable 
binding affinities (Figure 2), with binding energies ranging from approximately -5.4 to -9.5 kcal/mol, 
indicating appreciable interaction potential within the active sites of the viral proteins. Among all 
screened ligands, Amentoflavone (C15) consistently demonstrated the strongest binding affinity 
toward the three SARS-CoV-2 targets, with docking scores of -9.5 kcal/mol against 7XJW, -9.1 
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kcal/mol against 8DRW, and -8.6 kcal/mol against 9PFH. The highly negative binding energies 
observed for Amentoflavone suggest the formation of thermodynamically stable protein-ligand 
complexes characterized by strong intermolecular interactions within the receptor binding pockets. 

The superior binding performance of Amentoflavone may be aĴributed to its biflavonoid 
structural framework, which contains multiple hydroxyl groups and extended conjugated aromatic 
rings capable of establishing diverse non-covalent interactions with amino acid residues located 
within the catalytic sites of the proteins [59]. The hydroxyl functionalities enhance hydrogen-bond 
formation with polar residues, whereas the aromatic moieties facilitate hydrophobic interactions and 
π-π stacking with hydrophobic and aromatic amino acids lining the active pocket [60]. These 
interaction paĴerns improve ligand accommodation and molecular complementarity, thereby 
enhancing complex stability and binding affinity. Furthermore, the rigid polyphenolic backbone of 
Amentoflavone may minimize conformational fluctuations during binding, contributing to its 
favorable docking orientation and interaction persistence. 

Several other compounds also demonstrated promising binding affinities against one or more 
target proteins. Quercetin (C18) exhibited strong binding toward 8DRW with a docking score of -8.6 
kcal/mol, while Tingenone (C13) showed favorable interactions with 9PFH (-8.1 kcal/mol) and 8DRW 
(-7.9 kcal/mol). Similarly, Mimulone (C16) and Psoralidin (C9) displayed relatively stable interaction 
profiles across the investigated targets. In contrast, Hirsutenone (C12) and Curcumin (C7) showed 
comparatively weaker binding affinities toward certain proteins, suggesting reduced interaction 
stability within the receptor active sites. 

 

Figure 2. Binding energy of (a) 7XJW, (b) 8DRWand (c) 9PFH SARS-CoV-2 Target with Selected Natural 
Compounds where C1 is (Pristimerin), C2 (Hesperetin), C3 (Diplacone), C4 (Luteolin), C5 (Bavachinin), C6 
(Betulinic acid), C7 (Curcumin), C8 (Rosmariquinone), C9 (Psoralidin), C10 (Cryptotanshinone), C11 
(Iguesterin), C12 (Hirsutenone), C13 (Tingenone), C14 (Apigenin), C15 (Amentoflavone), C16 (Mimulone), C17 
(Celastrol), C18 (Quercetin), C19 (Methyl tanshinonate), and C20 (Savinin). 

Importantly, the consistent high binding affinity of Amentoflavone across all investigated SARS-
CoV-2 proteins suggests its potential as a promising multi-target antiviral candidate. Consequently, 
Amentoflavone was selected for interaction visualization and subsequent molecular dynamics 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 4 June 2026 doi:10.20944/preprints202606.0440.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202606.0440.v1
http://creativecommons.org/licenses/by/4.0/


 7 of 22 

 

simulation studies to further investigate the structural stability, conformational behavior, and 
persistence of the protein-ligand complexes under dynamic physiological conditions. 

3.1.2. Docking Interaction Analysis of Amentoflavone with SARS-CoV-2 Targets 

Docking interaction analysis was performed to investigate the binding orientation and 
intermolecular interactions of Amentoflavone within the active sites of the SARS-CoV-2 target 
proteins 7XJW, 8DRW, and 9PFH. As illustrated in Figures 3–5, Amentoflavone exhibited stable 
accommodation within the receptor binding pockets and formed multiple intermolecular interactions 
with key catalytic and surrounding residues. The interaction paĴerns observed across the three 
proteins suggest strong ligand-receptor complementarity and support the potential inhibitory 
activity of Amentoflavone against SARS-CoV-2 targets. The biflavonoid structure of Amentoflavone, 
characterized by multiple hydroxyl functionalities and conjugated aromatic rings, appears to play an 
important role in stabilizing the complexes through hydrogen bonding, hydrophobic interactions, 
and π-related contacts within the active site regions [61]. 

For the 7XJW complex, Amentoflavone established four hydrogen-bond interactions involving 
Val26, Thr47, and Asp186 with bond distances of 2.1 Å, 3.0 Å, 2.1 Å, and 2.6 Å, respectively, as shown in 
Figure 3.2(a-b). Hydrogen-bond distances below 3.5 Å are generally considered favorable for stable ligand 
binding, while interactions close to 2.0 Å indicate particularly strong electrostatic stabilization [62]. The 
interactions with Val26 and Thr47 therefore suggest strong binding persistence within the active site 
cavity. In addition to hydrogen bonding, hydrophobic interactions with residues including His41, Cys144, 
Ala141, Gly142, Ile140, and Thr143 further stabilized the ligand orientation within the receptor pocket. 
The presence of multiple aromatic rings in Amentoflavone likely enhanced hydrophobic 
complementarity and facilitated efficient accommodation inside the catalytic region of the protein. 

 
Figure 3. Docking interaction analysis of Amentoflavone with SARS-CoV-2 protein 7XJW showing (a) three-
dimensional binding orientation and (b) two-dimensional interaction map illustrating hydrogen-bond and 
hydrophobic interactions within the active site. 

 

Figure 4. Docking interaction analysis of Amentoflavone with SARS-CoV-2 protein 8DRW showing (a) three-
dimensional binding orientation and (b) two-dimensional interaction map displaying intermolecular 
interactions with surrounding amino acid residues. 
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Similarly, the 8DRW-Amentoflavone complex demonstrated several favorable hydrogen-bond 
interactions with Asn151, Asp153, Arg298, and Asp295 at distances of 1.9 Å, 2.7 Å, 2.4 Å, and 3.3 Å, 
respectively (Figure 3.3a-b). Among these interactions, the hydrogen bond with Asn151 displayed 
the shortest distance, indicating a strong and highly stable interaction. The simultaneous interaction 
of Amentoflavone with both acidic and basic residues suggests enhanced electrostatic 
complementarity within the binding cavity [63]. Additional hydrophobic contacts involving residues 
such as Gln110, Thr292, and Phe294 further contributed to ligand stabilization and favorable 
molecular orientation within the active site. Compared with the other complexes, the 8DRW 
interaction profile exhibited a relatively broader hydrogen-bonding network, which may contribute 
to improved ligand retention within the receptor environment. 

For the 9PFH target, PyMOL analysis identified a hydrogen-bond interaction between 
Amentoflavone and Gln189 at a distance of 3.0 Å, indicating a stable polar interaction within the 
binding pocket (Figure 3.4a-b). Further analysis using ProteinPlus revealed two additional hydrogen 
bonds involving Phe140 and Asn142, demonstrating that the ligand established a more extensive 
interaction network than initially observed. These additional interactions likely enhance the overall 
stability of the protein-ligand complex and reinforce ligand accommodation within the receptor 
cavity. Moreover, hydrophobic interactions involving residues such as Met165 and neighboring 
aromatic amino acids further stabilized the binding orientation of the ligand. 

 
Figure 5. Docking interaction analysis of Amentoflavone with SARS-CoV-2 protein 9PFH showing (a) three-
dimensional binding orientation and (b) two-dimensional interaction map illustrating hydrogen-bond and 
hydrophobic interactions identified using PyMOL and ProteinPlus analyses. 

Collectively, the interaction analyses indicate that Amentoflavone forms stable and favorable 
intermolecular interactions across all investigated SARS-CoV-2 targets. Based on the observed 
interaction stability and binding orientation, molecular dynamics simulation studies were 
subsequently performed to further investigate the conformational stability, structural fluctuations, 
and dynamic behavior of the protein-ligand complexes under physiological conditions. 

3.2. Molecular Dynamic Simulation Analysis 

Molecular dynamics simulation analysis was performed to evaluate the structural stability, 
conformational behavior, and dynamic interaction persistence of the apo and protein-ligand 
complexes under physiological conditions over the simulation trajectory. 

3.2.1. Stability and Conformation Analysis 

The structural stability and conformational behavior of the apo and Amentoflavone-bound 
SARS-CoV-2 systems were evaluated using root mean square deviation (RMSD) analysis over a 100 
ns molecular dynamics simulation trajectory, as presented in Figure 6(a-b). RMSD is a critical 
parameter for assessing the overall stability and equilibration of biomolecular systems during 
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simulation, where lower and less fluctuating RMSD values generally indicate enhanced structural 
stability and stable ligand accommodation within the receptor binding pocket [64]. The RMSD 
trajectories demonstrated that all investigated systems aĴained relatively stable conformations 
throughout the simulation period, with fluctuations remaining within an acceptable range for 
globular proteins. The apo7 and complex7 systems exhibited average RMSD values of 0.158 ± 0.021 
nm and 0.167 ± 0.023 nm, respectively, indicating that the binding of Amentoflavone induced only 
minimal conformational perturbation to the 7XJW protein structure. Similarly, apo9 and complex9 
displayed average RMSD values of 0.180 ± 0.036 nm and 0.175 ± 0.032 nm, suggesting that ligand 
binding slightly stabilized the 9PFH system by reducing structural fluctuations relative to the 
unbound protein. In contrast, apo8 and complex8 exhibited comparatively higher RMSD values of 
0.269 ± 0.028 nm and 0.273 ± 0.046 nm, accompanied by broader fluctuations during the simulation 
trajectory, indicating relatively greater conformational flexibility of the 8DRW system. 

The RMSD profiles further revealed distinct dynamic behaviors between the apo and ligand-
bound complexes. For the 7XJW and 9PFH systems, the RMSD trajectories of the complexes closely 
overlapped with their respective apo forms after equilibration, suggesting that Amentoflavone 
binding did not destabilize the protein structures but instead promoted stable conformational 
accommodation within the active sites (Figure 6a). The relatively small standard deviation values 
observed for complex7 and complex9 further support the existence of stable structural dynamics and 
persistent ligand-protein interactions throughout the simulation period. Conversely, complex8 
exhibited comparatively larger RMSD fluctuations and a higher standard deviation, particularly 
around the mid-simulation region, which may reflect localized conformational rearrangements or 
increased flexibility within the receptor binding pocket upon ligand binding. Such fluctuations are 
not necessarily unfavorable, as moderate flexibility may facilitate adaptive binding and dynamic 
interaction optimization between the ligand and protein residues. However, excessive fluctuations 
may indicate reduced conformational rigidity and lower structural compactness compared with the 
other systems [65]. 

 
Figure 6. (a) RMSD trajectories and (b) probability density distribution plots of apo and Amentoflavone-bound 
SARS-CoV-2 protein complexes (7XJW, 8DRW, and 9PFH) during 100 ns molecular dynamics simulations, 
illustrating the structural stability, conformational fluctuations, and equilibration behavior of the systems. 

The probability density distribution analysis presented in Figure 6(b) provides additional 
insights into the conformational stability and equilibration behavior of the simulated systems. 
Narrow and sharply defined RMSD distribution peaks are generally associated with stable and well-
equilibrated conformational states, whereas broader distributions indicate greater structural 
heterogeneity and conformational transitions during the simulation [66]. The apo7 and complex7 
systems exhibited narrow and highly concentrated RMSD distributions centered around ~0.15-0.18 
nm, indicating highly stable and well-equilibrated trajectories. Likewise, complex9 demonstrated a 
relatively compact distribution profile with slightly lower RMSD values compared with apo9, 
suggesting improved conformational stabilization following ligand binding. In contrast, the apo8 and 
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complex8 systems displayed broader RMSD distributions extending toward higher RMSD regions, 
reflecting increased conformational flexibility and dynamic structural rearrangements. From a drug 
discovery perspective, the complex7 and complex9 systems appear particularly promising because 
they combined stable RMSD trajectories, low structural deviations, and well-equilibrated 
conformational distributions, all of which are desirable characteristics for stable protein-ligand 
association and sustained inhibitory activity under physiological conditions. Collectively, these 
findings indicate that Amentoflavone maintained stable binding throughout the simulation period 
and may serve as a promising lead compound for further antiviral drug development against SARS-
CoV-2 targets. 

3.2.2. Root Mean Square Fluctuation Analysis 

Root mean square fluctuation (RMSF) analysis was performed to evaluate residue-level 
flexibility and conformational mobility of the apo and Amentoflavone-bound SARS-CoV-2 protein 
systems throughout the molecular dynamics simulation trajectory. As presented in Figure 7, the 
majority of residues in all investigated systems exhibited relatively low fluctuation values, generally 
below 0.20 nm, indicating overall structural stability and maintenance of compact protein 
conformations during the simulation period. The comparatively lower fluctuations observed within 
the core regions of the proteins suggest preservation of essential secondary structural elements, 
including α-helices and β-sheets, which are important for maintaining active-site integrity and stable 
ligand accommodation [67]. Furthermore, the ligand-bound systems, particularly complex7 and 
complex9, demonstrated slightly reduced fluctuations compared with their respective apo forms 
across several residue regions, indicating that Amentoflavone contributed to local structural 
stabilization through persistent intermolecular interactions within the binding pockets. 

 

Figure 7. Root mean square fluctuation (RMSF) profiles of apo and Amentoflavone-bound SARS-CoV-2 protein 
systems (7XJW, 8DRW, and 9PFH) during 100 ns molecular dynamics simulations, illustrating residue-level 
flexibility, conformational mobility, and the effect of ligand binding on protein structural stability. 

Higher fluctuation peaks were primarily observed in loop and terminal regions, especially 
around residues 40-55, 130-150, 180-200, and near the C-terminal region approaching residue 305. 
Such regions are generally solvent-exposed and intrinsically flexible due to reduced structural 
constraints [68]. Among the investigated systems, complex8 displayed relatively greater fluctuations 
in certain loop regions compared with the other complexes, suggesting increased conformational 
adaptability during ligand binding. Moderate flexibility within these regions may facilitate induced-
fit interactions and dynamic optimization of ligand accommodation within the receptor cavity [65]. 
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From a drug discovery perspective, the reduced residue mobility and maintained structural integrity 
observed in complex7 and complex9 indicate stable ligand binding and favorable conformational 
behavior under physiological conditions. Collectively, the RMSF results suggest that Amentoflavone 
maintained stable interactions with the investigated SARS-CoV-2 targets while preserving overall 
protein stability, further supporting its potential as a promising multi-target antiviral candidate. 

3.2.3. Solvent Accessible Surface Area Analysis 

Solvent accessible surface area (SASA) analysis was performed to evaluate the surface exposure, 
compactness, and conformational stability of the apo and Amentoflavone-bound SARS-CoV-2 
protein systems during the 100 ns molecular dynamics simulations. SASA is an important parameter 
for assessing the extent of protein surface exposure to the solvent environment, where lower 
fluctuations generally indicate enhanced structural compactness and stable folding behavior [69]. As 
illustrated in Figure 8(a-b), all investigated systems maintained relatively stable SASA profiles 
throughout the simulation trajectory, suggesting preservation of overall protein structural integrity 
upon ligand binding. The apo7 and complex7 systems exhibited closely related average SASA values 
of 147.313 ± 2.762 nm² and 147.605 ± 2.068 nm², respectively, indicating that Amentoflavone binding 
induced minimal alteration in the solvent exposure of the 7XJW protein. Similarly, the apo9 and 
complex9 systems showed moderate SASA values, while the apo8 and complex8 systems displayed 
comparatively higher solvent-accessible surface areas, suggesting relatively greater surface exposure 
and conformational flexibility of the 8DRW system. 

 

Figure 8. (a) Solvent accessible surface area (SASA) trajectories and (b) probability density distribution plots of 
apo and Amentoflavone-bound SARS-CoV-2 protein systems (7XJW, 8DRW, and 9PFH) during 100 ns molecular 
dynamics simulations, illustrating protein surface exposure, structural compactness, and conformational 
stability upon ligand binding. 

The probability density distribution plots further demonstrated narrow and well-defined SASA 
distributions for most systems, indicating stable equilibration and limited structural expansion 
during the simulation period (Figure 8b). Notably, complex7 exhibited one of the narrowest 
distributions and the lowest standard deviation among the complexes, suggesting enhanced 
compactness and stable ligand accommodation within the receptor binding pocket. In contrast, 
complex8 displayed slightly broader SASA distributions and higher average SASA values, reflecting 
increased solvent exposure and greater conformational flexibility upon ligand binding. Although 
moderate flexibility may support adaptive ligand binding, excessive solvent exposure can reduce 
structural compactness and interaction persistence [70]. From a drug discovery perspective, the 
complex7 system appears particularly promising due to its balanced SASA profile, reduced 
fluctuations, and maintained structural compactness following ligand binding, all of which are 
desirable characteristics for stable protein-ligand interactions and sustained inhibitory activity under 
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physiological conditions [70]. Collectively, the SASA results indicate that Amentoflavone binding 
preserved the structural stability of the investigated SARS-CoV-2 targets while maintaining favorable 
conformational behavior throughout the simulation trajectory. 

3.2.4. Radius of Gyration (Rg) Analysis 

The radius of gyration (Rg) analysis was performed to evaluate the structural compactness and 
folding stability of the apo and Amentoflavone-bound SARS-CoV-2 protein systems during the 100 
ns molecular dynamics simulations. Rg is an important parameter for assessing the spatial 
distribution of atoms around the protein center of mass, where lower and stable Rg values generally 
indicate compact and structurally stable conformations [71]. As illustrated in Figure 9(a-b), all 
investigated systems maintained relatively stable Rg trajectories throughout the simulation period, 
suggesting preservation of overall protein folding and absence of significant structural unfolding 
upon ligand binding. The apo7 and complex7 systems exhibited nearly identical average Rg values 
of 2.224 ± 0.012 nm and 2.223 ± 0.010 nm, respectively, indicating that Amentoflavone binding did 
not induce notable structural expansion or destabilization of the 7XJW protein. Similarly, apo9 and 
complex9 displayed closely related average Rg values, suggesting maintenance of structural 
compactness and stable ligand accommodation throughout the simulation trajectory. 

 

Figure 9. (a) Radius of gyration (Rg) trajectories and (b) probability density distribution plots of apo and 
Amentoflavone-bound SARS-CoV-2 protein systems (7XJW, 8DRW, and 9PFH) during 100 ns molecular 
dynamics simulations, illustrating structural compactness, folding stability, and conformational behavior upon 
ligand binding. 

In contrast, the complex8 system exhibited a slightly higher average Rg value (2.268 ± 0.016 nm) 
compared with apo8 (2.237 ± 0.014 nm), indicating moderate structural expansion and increased 
conformational flexibility upon ligand binding. This behavior may reflect adaptive rearrangements 
within the protein structure to optimize intermolecular interactions with Amentoflavone. The 
probability density distributions shown in Figure 9(b) further demonstrated narrow and well-defined 
Rg peaks for most systems, indicating stable equilibration and limited conformational heterogeneity 
during the simulations. Notably, complex7 exhibited one of the narrowest distribution profiles and 
the lowest standard deviation, suggesting enhanced structural compactness and stable protein-ligand 
interactions. From a drug discovery perspective, the complex7 and complex9 systems appear 
particularly favorable because they maintained compact conformations with minimal structural 
perturbation following ligand binding, characteristics that are desirable for stable inhibitory 
interactions and sustained biological activity under physiological conditions [72]. Collectively, the 
Rg analysis indicates that Amentoflavone binding preserved the folding stability and compact 
structural organization of the investigated SARS-CoV-2 proteins throughout the simulation period. 
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3.2.5. Hydrogen Bond Analysis 

Hydrogen bond analysis was performed to evaluate the interaction persistence, binding 
stability, and dynamic intermolecular behavior of the Amentoflavone-bound SARS-CoV-2 protein 
complexes throughout the 100 ns molecular dynamics simulations. Hydrogen bonds are among the 
most critical non-covalent interactions governing ligand recognition, specificity, and long-term 
stability within protein binding pockets. As illustrated in Figures 10 and 11, the investigated 
complexes exhibited distinct hydrogen-bonding behaviors over the simulation trajectory. Complex7 
maintained relatively stable hydrogen-bond interactions throughout the simulation with a mean 
hydrogen bond count of 2.34 and an average occupancy of 99.53%, indicating persistent ligand 
retention within the active site. The hydrogen-bond occupancy remained consistently above 98% 
across all sampled intervals, demonstrating highly stable intermolecular interactions. Notably, the 
average number of hydrogen bonds increased during the later simulation stages, reaching 2.74 within 
the 80-100 ns interval, suggesting progressive stabilization and improved ligand accommodation 
during the equilibration process. 

 

Figure 10. Time evolution of hydrogen bonds formed between Amentoflavone and SARS-CoV-2 protein 
complexes (complex7, complex8, and complex9) during 100 ns molecular dynamics simulations, illustrating 
interaction persistence and temporal stability of ligand-protein hydrogen-bond networks. 

Among the investigated systems, complex9 exhibited the strongest and most persistent 
hydrogen-bonding network, with a mean hydrogen bond count of 3.00 and an average occupancy of 
99.72%. The complex maintained exceptionally high occupancies approaching 100% throughout 
nearly all simulation windows, particularly between 40-100 ns where the occupancy reached 100% in 
several intervals. In addition, the average number of hydrogen bonds increased steadily during the 
simulation, reaching values above 3.0 during the final stages, indicating highly stable and continuous 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 4 June 2026 doi:10.20944/preprints202606.0440.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202606.0440.v1
http://creativecommons.org/licenses/by/4.0/


 14 of 22 

 

ligand-protein interactions. The strong hydrogen-bond persistence observed in complex9 may be 
associated with the multiple hydroxyl groups present in the biflavonoid structure of Amentoflavone, 
which facilitate repeated donor-acceptor interactions with polar residues within the receptor cavity 
[61,62]. Such persistent hydrogen bonding is highly desirable in drug discovery because it enhances 
ligand residence time, stabilizes binding orientation, and may improve inhibitory efficiency under 
physiological conditions. 

 
Figure 11. Average hydrogen bond number and occupancy percentage of Amentoflavone-bound SARS-CoV-2 
protein complexes across different simulation time windows, demonstrating the persistence, stability, and 
dynamic behavior of intermolecular hydrogen-bond interactions during the molecular dynamic simulations. 

In contrast, complex8 demonstrated comparatively lower interaction persistence, with a mean 
hydrogen bond count of 1.24 and an average occupancy of 72.80%. Although the system exhibited 
strong occupancies above 97% during the early and middle simulation intervals, a substantial decline 
was observed after 70 ns, where occupancy decreased to approximately 10% during the 80-100 ns 
period. This reduction was accompanied by a marked decrease in average hydrogen bond count, 
suggesting partial disruption of ligand-protein interactions and increased conformational flexibility 
within the binding pocket. Such behavior may reflect dynamic structural rearrangements that 
weakened ligand retention during the later simulation stages. From a drug discovery perspective, 
complex9 appears to be the most promising system due to its sustained hydrogen-bond network, 
consistently high occupancy, and stable intermolecular interaction profile throughout the simulation 
trajectory. Collectively, the hydrogen bond analysis demonstrates that Amentoflavone maintained 
persistent and favorable interactions with the investigated SARS-CoV-2 proteins, particularly in 
complex7 and complex9, supporting its potential as a stable multi-target antiviral candidate. 

3.3. Free Energy Landscape (FEL) Analysis 

Free energy landscape (FEL) analysis was performed to investigate the conformational stability, 
energy distribution, and structural transition behavior of the apo and Amentoflavone-bound SARS-
CoV-2 protein systems during the molecular dynamics simulations. The FEL plots were constructed 
using principal component analysis (PCA), where the low-energy regions represent 
thermodynamically stable conformational states, while broader and dispersed energy basins indicate 
increased conformational flexibility and structural transitions [55,73,74]. As illustrated in Figure 12(a-
f), the apo7 and complex7 systems exhibited relatively compact and concentrated low-energy basins, 
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suggesting stable conformational sampling and restricted structural fluctuations throughout the 
simulation trajectory. In particular, complex7 demonstrated a well-defined and localized energy 
minimum with limited conformational dispersion compared with apo7, indicating that 
Amentoflavone binding promoted a more thermodynamically stable conformational state. This 
observation is consistent with the RMSD, RMSF, and hydrogen-bond analyses, where complex7 
exhibited low structural deviations, reduced residue fluctuations, and persistent intermolecular 
interactions throughout the simulation period. The preservation of a compact energy basin suggests 
efficient ligand accommodation and stable protein-ligand association under dynamic physiological 
conditions [55]. 

 
Figure 12. Free energy landscape (FEL) plots of apo and Amentoflavone-bound SARS-CoV-2 protein systems 
generated from principal component analysis during 100 ns molecular dynamics simulations showing 
conformational sampling, energy minima, and thermodynamic stability of (a) apo7, (b) complex7, (c) apo8, (d) 
complex8, (e) apo9, and (f) complex9 systems. 
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Similarly, the complex9 system displayed relatively stable low-energy conformational states 
with moderate conformational spread compared with apo9, indicating favorable structural 
adaptation upon ligand binding. The presence of continuous and connected low-energy regions 
suggests stable conformational transitions and sustained intermolecular interactions during the 
simulation [73]. These findings are supported by the hydrogen-bond analysis, where complex9 
exhibited the highest hydrogen-bond persistence and occupancy among all investigated systems, 
indicating highly stable ligand retention within the binding pocket. In contrast, the apo8 and 
complex8 systems exhibited comparatively broader and more dispersed energy landscapes 
characterized by multiple minima and wider conformational distributions, reflecting increased 
structural flexibility and conformational heterogeneity. Although moderate flexibility may facilitate 
adaptive binding behavior, excessive conformational dispersion may indicate reduced structural 
compactness and lower thermodynamic stability [75]. From a drug discovery perspective, complex7 
and complex9 appear to represent the most favorable systems due to their compact low-energy 
basins, stable conformational behavior, and consistent interaction persistence throughout the 
simulations. Collectively, the FEL analysis further confirms that Amentoflavone stabilized the 
conformational dynamics of the investigated SARS-CoV-2 targets, supporting its potential as a 
promising multi-target antiviral candidate. 

3.4. Binding Free Energy and Decomposition 

The MM-PBSA binding free energy analysis provided detailed insights into the thermodynamic 
stability and intermolecular interaction contributions governing the binding of Amentoflavone to the 
SARS-CoV-2 target proteins, as presented in Table 1. All investigated systems exhibited negative total 
binding free energies (∆G_bind), indicating thermodynamically favorable and spontaneous ligand-
protein interactions. Among the complexes, the 7XJW-Amentoflavone system demonstrated the most 
favorable binding free energy (-89.064 ± 7.152 kJ/mol), followed by 8DRW (-73.798 ± 18.143 kJ/mol) 
and 9PFH (-71.765 ± 9.143 kJ/mol). This suggests that the 7XJW complex possessed comparatively 
stronger interaction stability and enhanced binding favorability, consistent with the previous 
docking, RMSD, hydrogen-bond, and free energy landscape analyses. Energy decomposition further 
revealed that van der Waals interactions (∆G_vdW) were the major driving force stabilizing the 
complexes, with highly negative contributions observed across all systems. These favorable 
hydrophobic interactions are likely associated with the biflavonoid structure of Amentoflavone, 
whose extended aromatic rings facilitate strong hydrophobic contacts and π-related interactions with 
nonpolar residues within the receptor binding pockets [61,63]. In addition, electrostatic interactions 
(∆G_elec) contributed significantly to the stabilization of the 7XJW and 9PFH complexes, reflecting 
the importance of hydrogen bonding and polar interactions mediated by the multiple hydroxyl 
groups present in the ligand structure. 

In contrast, the polar solvation energy (∆G_polar) contributed unfavorably to binding in all 
systems, as indicated by the positive energy values. This unfavorable contribution is commonly 
associated with desolvation penalties arising from disruption of ligand-solvent and protein-solvent 
interactions during complex formation [76,77]. However, the strong favorable van der Waals and 
electrostatic contributions effectively compensated for the unfavorable polar solvation energies, 
resulting in overall stable and energetically favorable complexes. The nonpolar solvation energy 
(∆G_nonpol) also contributed favorably, although to a lesser extent, further supporting hydrophobic 
stabilization within the binding environment. From a drug discovery perspective, the 7XJW-
Amentoflavone complex appears to represent the most promising system due to its highly favorable 
binding free energy, balanced interaction profile, and previously observed conformational stability 
during molecular dynamics simulations. Collectively, these findings suggest that hydrophobic 
interactions, hydrogen bonding, and electrostatic complementarity play critical roles in stabilizing 
Amentoflavone within the receptor active sites, thereby supporting its potential as a promising multi-
target antiviral candidate against SARS-CoV-2 proteins. 
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Table 1. Relative binding free energies (kJ/mol) of the 7XJW, 8DRW and 9PFH against amentoflavone from 
MMPBSA. 

Compound ∆GvdW(kJ/mol) ∆Gelec (kJ/mol) ∆Gpolar(kJ/mol) ∆Gnonpol (kJ/mol) ∆G bind (kJ/mol) 

7XJW -158.259 ± 14.696 -78.230 ± 9.374 166.197±15.553 -18.772 ± 0.844 -89.064 ± 7.152 

8DRW -172.876 ± 21.602 -19.530 ± 10.265 137.092±23.381 -18.484 ± 1.520 -73.798 ±18.143 

9PFH -165.425 ± 11.461 -61.765 ± 13.243 173.539 ±16.794 -18.114 ± 0.741 -71.765 ± 9.143 

 ∆𝑮𝐛𝐢𝐧𝐝 = Binding Energy; ∆𝑬𝐞𝐥𝐞𝐜 = 𝐞𝐥𝐞𝐜𝐭𝐫𝐨𝐬𝐭𝐚𝐭𝐢𝐜 𝐞𝐧𝐞𝐫𝐠𝐲; ∆𝑬𝐯𝐝𝐖 = 𝐯𝐚𝐧 𝐝𝐞𝐫 𝐖𝐚𝐚𝐥𝐬; ∆𝑬𝐩𝐨𝐥𝐚𝐫 =

 𝐏𝐨𝐥𝐚𝐫 𝐒𝐨𝐥𝐯𝐚𝐭𝐢𝐨𝐧 𝐄𝐧𝐞𝐫𝐠𝐲; ∆𝑬𝐬𝐚𝐬𝐚 =  𝐒𝐨𝐥𝐯𝐞𝐧𝐭 𝐀𝐜𝐜𝐞𝐬𝐬𝐢𝐛𝐥𝐞 𝐒𝐮𝐫𝐟𝐚𝐜𝐞 𝐀𝐫𝐞𝐚. 

3.5. Energy Contribution by the Individual Amino Acid Residues 

To further elucidate the molecular basis of Amentoflavone binding within the SARS-CoV-2 targets, 
residue-wise free energy decomposition analysis was performed to identify the key amino acid residues 
contributing to complex stabilization, as illustrated in Figure 13(a-c). The analysis revealed that several 
residues within the receptor binding pockets contributed favorably through strong hydrophobic and 
electrostatic interactions with the ligand. In the 7XJW complex, residues including Leu164, Met190, 
Glu165, Cys144, Leu27, Val42, and His41 exhibited notable negative energy contributions, with Leu164 
and Met190 showing the strongest stabilizing effects. These residues are predominantly hydrophobic or 
moderately polar in nature, suggesting that van der Waals interactions and hydrophobic 
complementarity played major roles in stabilizing the ligand within the active site [78]. Similarly, the 
8DRW complex showed favorable contributions from residues such as Phe294, Ile249, Asp245, Asp248, 
Gln107, and Gln110, where Phe294 exhibited the strongest contribution. The presence of aromatic and 
charged residues within the binding cavity likely enhanced both hydrophobic stabilization and 
electrostatic interactions with the hydroxyl-rich biflavonoid scaffold of Amentoflavone [79]. In contrast, 
the 9PFH system demonstrated comparatively fewer dominant interacting residues, with Met165, Gln189, 
Pro168, and Met49 contributing significantly to ligand stabilization, particularly through hydrophobic 
contacts and hydrogen-bond interactions. 

The residue decomposition profile further supports the findings obtained from molecular 
docking, hydrogen-bond, and MM-PBSA analyses, where hydrophobic interactions and electrostatic 
complementarity were identified as the principal driving forces governing complex stability. 
Notably, the 7XJW complex exhibited the strongest and most distributed favorable residue 
contributions, indicating enhanced interaction cooperativity within the receptor cavity. The strong 
contributions from Leu164 and Met190 may explain the highly favorable total binding free energy 
and stable conformational behavior observed during the molecular dynamic simulations. Although 
the 8DRW complex displayed several strong residue contributions, the interaction energies appeared 
more localized and accompanied by comparatively higher structural flexibility, consistent with the 
broader conformational distributions observed in the RMSD and FEL analyses [80]. Meanwhile, the 
9PFH system maintained stable but relatively moderate residue interaction contributions. From a 
drug discovery perspective, the 7XJW-Amentoflavone complex appears to represent the most 
promising system due to its balanced residue interaction network, strong hydrophobic stabilization, 
and favorable energetic contributions across multiple active-site residues. Collectively, the residue-
wise energy decomposition analysis highlights the importance of aromatic, hydrophobic, and polar 
residues in stabilizing Amentoflavone within the receptor binding pockets and further supports its 
potential as a promising multi-target antiviral lead compound against SARS-CoV-2 proteins. 
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Figure 13. Per-residue binding free energy decomposition profiles of Amentoflavone-bound SARS-CoV-2 
protein complexes showing the major amino acid residues contributing to ligand stabilization in (a) 7XJW, (b) 
8DRW, and (c) 9PFH systems obtained from MM-PBSA analysis. 

4. Discussion 

The identification of effective multi-target inhibitors remains an important strategy for combating 
SARS-CoV-2, particularly in response to the continuous emergence of viral variants and the potential 
development of drug resistance. In the present study, Amentoflavone exhibited favorable interaction 
profiles across all investigated viral targets, suggesting broad-spectrum inhibitory potential. The 
observed binding behavior may be attributed to its biflavonoid architecture, which contains multiple 
hydroxyl groups and aromatic rings capable of forming extensive hydrogen-bonding and hydrophobic 
interactions within protein active sites. Similar observations have been reported for flavonoid-based 
inhibitors of SARS-CoV-2 proteases and replication-associated proteins, where polyphenolic scaffolds 
enhanced ligand–protein complementarity and binding stability [20,21]. 

The molecular dynamics simulations further demonstrated that Amentoflavone remained stably 
accommodated within the receptor cavities while preserving the structural integrity of the proteins. 
Stable conformational behavior, limited structural deviations, and persistent intermolecular 
interactions are generally regarded as indicators of effective target engagement and prolonged 
inhibitory activity under physiological conditions [64,67]. Moreover, the compact low-energy 
conformational basins observed in the free energy landscape analysis suggest that ligand binding 
promoted thermodynamically favorable conformational states, consistent with previous studies 
reporting enhanced stability of antiviral protein-ligand complexes occupying restricted energy 
minima [73,74]. 

The favorable MM-PBSA binding energies further revealed that van der Waals and electrostatic 
interactions were the primary driving forces governing complex stabilization. This observation 
agrees with previous computational investigations demonstrating that hydrophobic contacts and 
hydrogen-bond networks are critical determinants of flavonoid-mediated inhibition of SARS-CoV-2 
proteins [61,76]. Collectively, these findings highlight Amentoflavone as a promising multi-target 
antiviral scaffold and provide a strong computational basis for subsequent in vitro and in vivo 
validation studies aimed at developing novel therapeutic interventions against COVID-19. 
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5. Conclusions 

This study employed an integrated computational strategy combining molecular docking, 
molecular dynamics simulations, free energy landscape analysis, hydrogen-bond evaluation, and 
MM-PBSA calculations to investigate the inhibitory potential of natural bioactive compounds against 
the SARS-CoV-2 target proteins 7XJW, 8DRW, and 9PFH. Among the screened compounds, 
Amentoflavone consistently demonstrated superior interaction behavior and favorable binding 
characteristics across all investigated systems. Molecular docking analysis revealed stable binding 
orientations supported by strong hydrogen-bond and hydrophobic interactions within the receptor 
active sites. Subsequent molecular dynamics simulations confirmed that the ligand-bound complexes 
maintained stable conformational behavior, compact structural organization, and persistent 
intermolecular interactions throughout the 100 ns simulation period. The RMSD, RMSF, SASA, 
radius of gyration, and hydrogen-bond analyses collectively indicated that Amentoflavone binding 
did not destabilize the protein structures but instead promoted stable ligand accommodation and 
interaction persistence under physiological conditions. 

Furthermore, free energy landscape and MM-PBSA analyses demonstrated that the binding of 
Amentoflavone was thermodynamically favorable and primarily driven by van der Waals and 
electrostatic interactions. Residue-wise energy decomposition further identified several hydrophobic 
and polar residues that contributed significantly to ligand stabilization within the receptor cavities. 
Among the investigated systems, the 7XJW-Amentoflavone complex exhibited the most favorable 
energetic and dynamic stability profile, suggesting enhanced inhibitory potential relative to the other 
targets. Overall, the findings of this study highlight the therapeutic promise of Amentoflavone as a 
potential multi-target SARS-CoV-2 inhibitor and provide a valuable computational framework for 
accelerating antiviral drug discovery. Nevertheless, further in vitro and in vivo investigations are 
required to validate the biological activity, pharmacological efficacy, and clinical applicability of the 
proposed compound. 
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