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The Nipah virus (NiV), a lethal pathogen from the Paramyxoviridae family, presents a significant global 
health threat as a result of its high mortality rate and inter-human transmission. This investigation 
employed in silico methods that were assisted by machine learning to identify small-molecule 
inhibitors that target the NiV glycoprotein, a critical component of viral entry. Out of the 754 antiviral 
compounds that were screened using Lipinski’s Rule of Five and DeepPurpose, 333 are identified. Five 
best hits were identified through molecular docking, each of which exhibited superior binding scores 
in comparison to the control. This was further refined to three compounds through density functional 
theory (DFT) analysis, with compound 138,567,123 exhibiting the highest electronic stability (DFT 
energy: -1976.74 Hartree; HOMO-LUMO gap: 0.83 eV). Its stability was verified by molecular dynamics 
(MD) simulations, which demonstrated consistent hydrogen bonding and minimal RMSD. Additionally, 
it possessed the highest docking score (-9.7 kcal/mol) and binding free energy (-24.04 kcal/mol, MM/
GBSA). The results underscore ligand 138,567,123 as a promising antiviral candidate for NiV and 
illustrate the efficacy of machine learning-based in silico drug discovery.

Nipah virus (NiV), a member of the Paramyxoviridae family and genus Henipavirus, is one of the most notorious 
viruses due to its high fatality rate, which ranges from 40–75%1. Paramyxovirus is an enveloped, negative-sense 
single-stranded RNA virus, classified under the broader group of paramyxoviruses2. These viruses are generally 
highly infectious, with a host range that includes mammals, fish, birds, and reptiles3–5. The reservoir host of NiV 
is fruit bats of the genus Pteropus, which play a key role in its transmission6. NiV was first identified during an 
outbreak in Malaysia in 1998, NiV has since caused sporadic outbreaks, particularly in South and Southeast Asia, 
with devastating impacts on public health and local economies7–9. Its ability for human-to-human transmission 
has drawn significant attention due to its potential to cause severe outbreaks. Infected individuals often 
experience fever, neurological symptoms like altered sensorium, agitation, and seizures, respiratory issues like 
laboured breathing and cough, and other symptoms like trembling, muscle spasms, and frothy salivation10–12.

A prior work used in silico approaches such as molecular docking, MM-GBSA, ADMET analysis, and 
MD simulations to identify neem-derived phytochemicals as possible Nipah virus attachment glycoprotein 
inhibitors13. Quercetin, Cianidanol, and Kaempferol showed high binding affinities and excellent pharmacokinetic 
characteristics, exceeding the control medication ribavirin. The nanoscale architecture of the Nipah virus fusion 
protein (NiV-F) on membranes was investigated previously using single-molecule localization microscopy. It was 
shown that NiV-F generates unique nanoclusters that improve membrane fusion triggering, which are governed 
by protein interactions and particular mutations, providing new insights into NiV’s fusion activation process14. 
The previous work examined over 1,500 quinolone-based derivatives for potential inhibitors of both the Nipah 
virus glycoprotein (NiV-G) and human ephrin-B2. Using docking, ADMET analysis, MD simulations, and 
MM-GBSA, three top candidate compounds with substantial binding affinities and favorable pharmacokinetic 
characteristics were discovered as prospective NiV treatment leads15. A previous study computationally evaluated 
a database of marine natural products to find potential inhibitors of the Nipah virus RNA-dependent RNA 
polymerase. Deep learning-based docking, MD simulations, and MM/GBSA analysis were used to identify five 
interesting compounds with stable binding at the RdRp active site, providing possible leads for future antiviral 
medication development16. Another study used a proteome-wide approach to find possible therapies for all nine 
Nipah virus proteins. The researchers proposed 4 peptide and 146 small molecule inhibitors targeting multiple 
viral proteins (G, F, M, N, and P) using homology modeling, peptide design, docking, and MD simulations, 
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significantly expanding the structural data on NiV and providing diverse candidates for antiviral development17. 
Another prior study employed deep mutational scanning to determine how all potential amino acid changes 
in the Nipah virus receptor-binding protein (RBP) affect function, receptor binding, and antibody escape18. It 
discovered crucial conserved areas required for RBP function and mapped escape mutations, offering important 
insights for vaccine and antibody therapy development.

Treatments against NiV infections have primarily focused on repurposing broad-spectrum antiviral agents 
and developing monoclonal antibodies. Though Ribavirin is not a proven treatment for NiV, it is particularly 
being used in a state of emergency to treat acute NiV encephalitis as a first-line treatment strategy. Remdesivir, a 
broad-spectrum antiviral targeting RNA polymerase, has demonstrated efficacy in animal models and has been 
considered for emergency use9,19. Favipiravir and Galidesivir, both RNA-dependent RNA polymerase inhibitors, 
are also being investigated for their potential against NiV20,21. Monoclonal antibodies, such as m102.4, have 
showed promise in preclinical research and compassionate-use situations, but challenges relating to manufacture, 
transport, and accessibility have limited their widespread usage22. These limitations highlight the critical need to 
explore alternative approaches for NiV therapeutics.

Viral entry into the host begins with relatively nonspecific interactions between the virus and attachment 
factors on the cell surface. The Nipah virus employs two key glycoproteins, the attachment glycoprotein (G) and 
the fusion glycoprotein (F), for its entry into host cells23,24. The G protein plays an essential role in binding the 
cellular receptors, such as ephrin-B2 and ephrin-B3, present on endothelial and neuronal cells, facilitating viral 
attachment and subsequent entry25,26. Given its important involvement in the viral lifecycle, the G protein is a 
promising target for the development of antiviral therapies27. There are several studies which uses glycoprotein 
as targets. It was identified that antibodies targeting glycoproteins have disrupted the interaction between the 
viral G protein and its host receptors and holds as a promise in treating and preventing infections in animal 
models28–30.

Recent advances in computational methodologies have transformed the landscape of drug discovery. In 
silico approaches enable the identification and optimization of lead compounds from vast chemical libraries, 
significantly reducing the time and cost associated with traditional experimental workflows31. Small molecule 
therapeutics play a pivotal role in drug development due to their size, which allows them to interact with 
biological targets easily32. In-silico techniques have been used to design small-molecule inhibitors that target 
the G protein with high specificity and binding affinity. These computational tools provide valuable insights 
into the molecular interactions between the glycoprotein and potential inhibitors, enabling rational design and 
optimization of drug candidates33,34. Molecular docking studies have been used to identify compounds that fit 
within the receptor-binding domain of the G protein, while molecular dynamics simulations have provided a 
detailed understanding of the stability and binding kinetics of these interactions35,36.

This study focuses on the in-silico discovery and optimization of small-molecule inhibitors targeting the 
Nipah virus glycoprotein. By using computational methods such as docking, molecular dynamics simulations 
including machine learning techniques such as DeepPurpose, this study aim to identify promising candidates 
that can serve as the basis for therapeutic development against NiV. Previous study identified the ligands G1-
G5 as Nipah virus glycoprotein inhibitors37. These inhibitors were screened and used as control for this present 
study.

Materials and methods
Protein retrieval and compound library
The crystal structure of the Nipah virus glycoprotein (PDB ID: 2 VSM)38 was obtained from the Protein 
Data Bank39. The Computed Atlas of Surface Topography of Proteins (CASTp)40 was employed to discover 
prospective binding sites on the protein surface. The important binding residues revealed from CASTp analysis 
were subsequently employed to delineate the grid box for molecular docking. The selection of control ligands 
(G1–G5) was based on previously reported inhibitors of the Nipah virus glycoprotein37. These known binders 
served as benchmark molecules to validate the docking protocol and assess the relative binding affinity of newly 
screened compounds. The top-performing control ligand, based on docking score and binding pose quality, 
was used as a reference for comparing the effectiveness of the candidate molecules identified in this study. 
These ligands were incorporated to evaluate the binding efficacy of the screened compounds and to function as 
reference standards during the docking and simulation processes. A collection of 754 antiviral compounds was 
obtained from the Selleckchem antiviral chemical database (​h​t​t​p​s​:​​/​/​w​w​w​.​​s​e​l​l​e​c​​k​c​h​e​m​.​​c​o​m​/​s​​c​r​e​e​n​i​​n​g​/​a​n​t​​i​v​i​r​a​l​​-​c​
o​m​p​o​u​n​d​-​l​i​b​r​a​r​y​.​h​t​m​l) for virtual screening.

Docking (Control)
AutoDock 4.2 was employed to prepare the protein. This involved the removal of crystallographic water 
molecules, the repair of missing atoms, the addition of polar hydrogens, and the assignment of Kollman charges. 
The PDBQT format was used to save the constructed structure. The grid box dimensions were defined based on 
the active site residues identified using the CASTp server, ensuring full coverage of the predicted binding pocket 
on the Nipah virus glycoprotein. The grid box was centered at coordinates (x = 20.58, y = 69.50, z = −27.51) with 
dimensions 34 Å × 38 Å × 28 Å and a spacing of 1 Å. These dimensions were selected to encompass not only the 
core binding site but also surrounding residues that may contribute to ligand interactions, allowing for accurate 
and comprehensive docking results. The ligands, which included the controls (G1–G5), were prepared and 
converted into the appropriate format using OpenBabel41. The following parameters were employed to conduct 
docking simulations: exhaustiveness set to 100, an energy range of 4  kcal/mol, and 20 modes to guarantee 
comprehensive conformational sampling. 20 configurations were generated for each compound, and the pose 
with the lowest binding energy was chosen for downstream analysis. The control ligand with the maximum 
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binding affinity was selected as the final reference for comparison with the top hits from the screened antiviral 
library.

DeepPurpose
Initially, the 754 antiviral compounds were filtered to eliminate null values and duplicates. Lipinski’s Rule of 
Five (RoF) was implemented to evaluate the remaining compounds’ drug-likeness, with an emphasis on oral 
bioavailability. According to this rule, a compound is considered more likely to be orally active if it possesses 
a molecular weight of ≤ 500 Dalton, a LogP (lipophilicity) value of ≤ 5, no more than 5 hydrogen bond donors 
(-OH and -NH groups), and no more than 10 hydrogen bond acceptors (oxygen and nitrogen atoms). Those 
compounds which followed the Lipinski’s RoF, was selected and the dataset was saved for further analysis.

The filtered compounds were subsequently assessed using DeepPurpose42, a deep learning-based framework 
that is specifically designed for the prediction of drug-target interactions (DTIs). This was done to improve the 
predictive potential of the virtual screening. Traditional scoring functions may neglect the complex nonlinear 
relationships between molecular structures and protein sequences, which is why DeepPurpose is recommended. 
DeepPurpose forecasts the interaction probability score for each compound–protein pair by utilizing the amino 
acid sequence of the Nipah virus glycoprotein and the SMILES strings of the compounds as input. The early-
phase drug discovery process is considerably streamlined by this AI-driven approach, which enables the rapid 
prioritization of compounds with a high likelihood of binding to the target. The compounds with the highest 
predicted interaction scores, which suggest a greater potential to bind effectively to the target, were selected for 
subsequent molecular docking and downstream analyses. Pandas was employed to perform data preprocessing 
and manipulation, and the predictive model was constructed and applied using essential DeepPurpose modules, 
including utils, dataset, and DTI. The protein sequence was incorporated into a new column designated “Target” 
in the dataset to guarantee that each compound was assessed against the same target. This integrated screening 
approach offers a reliable method for identifying high-potential drug candidates prior to the implementation of 
structure-based validation procedures.

Molecular docking
The SMILES of the top selected compounds were converted to PubChem CIDs using the “PubChem Identifier 
Exchange Service” (https://pubchem.ncbi.nlm.nih.gov/idexchange/). Finally, the unique CIDs were retrieved 
after removing duplicates. Further, the CIDs that had 3D-SDF structures were downloaded using the PubChem 
API, while the remaining 2D-SDF structures were retrieved and then converted to 3D-SDF using Open-
babel. These compounds were prepared and docked using the same method as mentioned in the section 
“Docking(control)”. The top six compounds which showed higher binding energy compared to control was 
selected for Density functional Theory (DFT) analysis.

Density functional theory (DFT)
Density Functional Theory (DFT) is a widely used ab initio method for the investigation of atoms, molecules, 
crystals, surfaces, and their interactions43. It is a potent method for the optimization of existing molecules and 
the discovery of new drugs, and it is essential in quantum chemistry44. The electronic properties of the top-
ranked ligands were assessed using a Python-based methodology to conduct DFT calculations in this study. 
The Python-based Simulations of Chemistry Framework (PySCF) was employed in conjunction with RDKit 
to calculate the total formal charge and electronic structure of each molecule, which were derived from PDB 
files45. The B3LYP functional, a hybrid functional that combines the exact Hartree–Fock exchange with the 
Becke–Lee–Yang–Parr exchange-correlation term46, as well as the 6-31G* basis set47, were employed to conduct 
geometry optimizations and energy calculations. This combination is widely recognized as a dependable option 
for organic molecules, as it effectively balances computational cost and accuracy. The electronic stability and 
reactivity of each compound were evaluated by computing key quantum chemical parameters, including DFT 
energy, HOMO-LUMO energies, SCF convergence, and dipole moment magnitudes. The ligands with the 
most favorable electronic profiles were chosen for further investigation through Molecular Dynamics (MD) 
simulations.

Molecular dynamics (MD) simulation
MD simulations were employed to investigate the dynamic stability and flexibility of the protein–ligand 
complexes. MD computes the physical movement of atoms and molecules, providing structural integrity and 
conformational changes that occur in the protein-ligand docked complex48. These simulations were conducted 
using GROMACS 2021.249 following a thoroughly validated pipeline. The protein topology was generated using 
the CHARMM36 force field50, while ligand topologies and parameter files were accurately derived using the 
CGenFF server51. The Particle Mesh Ewald (PME) method52 was used for electrostatics, ensuring accurate long-
range interaction calculations. Solvation was performed using the TIP3P water model53 in a cubic simulation 
box with a 1 Å buffer, and the system was neutralized with Na⁺ and Cl⁻ ions. Energy minimization was carried 
out using 50,000 steps of the steepest descent algorithm to eliminate steric clashes and bad contacts. LINCS 
algorithm54 was applied to constrain all bond lengths. Equilibration was performed under NVT conditions 
for 100 ps and NPT conditions for 1 ns, maintaining a temperature of 310 K and a pressure of 1  atm. The 
velocity-rescaling thermostat55 and Parrinello-Rahman barostat56 were used to control temperature and 
pressure, respectively. A 2 fs time step was employed, and coordinates were saved every 10 ps during the 100 ns 
production run. The post MD analysis was performed on the visual platform called “Analogue” developed by 
Growdea Technologies57,58 (https://growdeatech.com/Analogue/). Additionally, the conformational changes in 
the structural level integrity of complexes were analyzed using root mean square deviation (RMSD) and root 
mean square fluctuation (RMSF) evaluations.
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Principle component analysis (PCA)
Principal Component Analysis (PCA) was applied to protein-ligand complexes using the standard configuration 
in GROMACS. The trajectory was pre-processed through a systematic protocol, including the removal of periodic 
boundary effects, to prepare it for PCA. The refined trajectory was analyzed with the ‘gmx covar’ function59,60 
in GROMACS to compute the covariance matrix, which captures the atomic fluctuations within the protein-
ligand complex. The eigenvalues and eigenvectors of the covariance matrix were then computed using the ‘gmx 
anaeig’ function. Finally, the ‘gmx anaproj’ function was employed to project the trajectory onto the principal 
component (PC) surfaces, enabling visualization of the trajectory in PC space.

Free energy landscape (FEL)
The analysis of the system’s equilibrium state, characterized by the minima on the Free Energy Landscape (FEL), 
and its non-equilibrium condition, defined by the barriers on the FEL, serves this objective effectively61. In order 
to determine the FEL, the following equation was applied:

	 ∆G (X) = −kBT ln P (X)� (1)

Where ΔG(X) is the Gibbs free energy, kB is the Boltzmann constant, T is the absolute temperature, X denotes 
the reaction coordinate, and P(X) is the probability distribution of the system along the reaction coordinate.

Binding free energy
The binding free energy was calculated using the MM/GBSA (Molecular Mechanics Generalized Born Surface 
Area) method62,63. During the 100 ns simulation, the binding free energy of the complexes was calculated using 
the GROMACS tool gmx_MM/PBSA. The equation for computing binding free energy is outlined below:

	 ∆ G = Gcomplex − [ Greceptor + Gligand]� (2) 

	 ∆Gbinding = ∆ H − T∆ S� (3)

	 ∆ H = ∆ GGAS + ∆ GSOLV� (4)

	 ∆ GGAS = ∆ EEL + ∆ EVDW� (5)

	 ∆ GSOLV = ∆ EGB + ∆ ESURF� (6)

	 ∆ ESURF = γ .SASA� (7)

In Eq. (Undefined control sequence \- 3), the variables Gcomplex, Greceptor, and Gligand denote the total free energies 
of the protein-ligand complex, the unbound receptor, and the unbound ligand in solvent, respectively. Equation 
(Undefined control sequence \- 3) through (7) provide a more detailed decomposition of the binding free energy 
(ΔGbinding). Equation (Undefined control sequence \- 3) defines ΔGbinding as the differential of enthalpy change 
(ΔH) and the product of temperature (T) and entropy change (ΔS). Equation (4) decomposes enthalpy into 
gas-phase energy (ΔGGAS) and solvation free energy (ΔGSOLV). Additionally, Eq. (5) decomposes ΔGGAS into 
electrostatic energy (ΔEEL) and van der Waals energy (ΔEVDW). Equation (6) separates the solvation energy 
into polar (ΔEGB) and nonpolar (ΔESURF) components. Equation (7) delineates the nonpolar solvation energy 
ΔESURF as the product of surface tension (γ) and solvent-accessible surface area (SASA). The energy components 
were analyzed and graphically represented to emphasize their contributions to binding affinity. The research 
highlighted the significance of electrostatic interactions (ΔEEL), van der Waals forces (ΔEVDW), and solvation 
energies in the stabilization of the protein-ligand complex.

Result and discussion
Protein structure
The three-dimensional crystal structure of the Nipah virus attachment glycoprotein (NiV-G) provided a detailed 
representation of the protein, essential for subsequent computational analyses. Further, the binding site of 
NiV-G was predicted using the Computed Atlas of Surface Topography of Proteins (CASTp), which identified 
key surface cavities and pockets likely to be involved in ligand interactions. The binding pocket is shown in 
the Fig. 1(a) and the predicted binding pocket residues, are listed in Fig. 1(b). These residues are critical for 
understanding the protein-ligand interaction. Similary, the binding site of the protein was identified from 
studies to be GLN559, GLU579, TYR581, and ILE588 which was also included in the binding site residues 
obtained from the CASTp server37,64.

Docking (Control)
The known inhibitors G1, G2, G3, G4, and G5 identified in the study were subjected to molecular docking for 
the selection of a control ligand. The binding energy of the complex are given in the Table 1. Among this, G5 
exhibited the strongest binding affinity, with a top binding energy of −9.3 kcal/mol, indicating consistent high-
affinity interactions. In contrast, G1 showed the weakest binding affinity, with a top binding energy of −7.2 kcal/
mol and a worst binding energy of −6.5 kcal/mol. Based on the top binding energy, G5 was selected as the control 
ligand for further analysis.

The docked pose of G5 within the binding pocket of a protein is given in Fig. 2 (a) and its interaction with key 
residues in the binding site was analysed using the discovery studio(BIOVIA)65 and is given in the Fig. 2 (b). As 
shown in Fig. 2 (a), the ligand is positioned within this cavity and appears to fit snugly into the pocket, indicating 
a strong binding interaction. The orientation of the ligand suggests that it is stabilized by specific non-covalent 
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Fig. 2.  (a) Docked pose of ligand (G5) with protein (b) interaction profile of the ligand with the protein 
binding site.

 

Ligand Top binding energy (kcal/mol) Worst binding energy (kcal/mol)

G5 −9.3 −8.4

G2 −8.8 −8.1

G3 −8.5 −7.7

G4 −7.8 −6.9

G1 −7.2 −6.5

Table 1.  Binding energies of novel inhibitors (G1–G5) with the predicted binding pocket of the protein.

 

Fig. 1.  (a) Surface representation of the protein, with the predicted binding pocket highlighted in pink and the 
rest of the protein in green. (b) List of residues predicted to form the binding site by CASTp server analysis.
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interactions with the surrounding protein residues. Further, the interaction plot (Fig.  2(b)), shows π-donor 
hydrogen bond formed with TYR508. Similarly, the ligand forms π-π stacked with TRP504 and a π-anion bond 
with ASP302.

Compound library and screening
The antiviral library, containing 754 compounds, was downloaded and processed for analysis. During 
preprocessing, null values and duplicate entries were removed to ensure data quality. Compounds were then 
filtered based on their adherence to Lipinski’s Rule of Five, which is used to evaluate drug-likeness and oral 
bioavailability. Following this filtering process, 498 compounds were identified which follows the criteria of the 
Lipinski’s RoF. The list of these compounds is given in supplementary sheet (Table S1).

Additionally, the screened compounds were further evaluated using DeepPurpose for Drug-Target 
Interaction (DTI) analysis. The candidates with the highest probability ratings were selected for additional 
analysis. The score indicates the probability of interaction between the compound and the target protein, with 
higher scores signifying an increased likelihood of interaction. The predicted scores of the compounds are 
given in supplementary sheet (Table S2). Based on the predicted scores, the top-ranking compounds with the 
strongest predicted interactions compared to the control were selected for further refinement through molecular 
docking. This process allowed for the identification of the most promising candidates for subsequent analysis. 
The compounds with the predicted score that had the strongest likelihood of interaction compared to the control 
were selected. This resulted in 333 compounds which is highted in yellow in the supplementary sheet (Table S2).

Docking (Screened Compounds)
The selected 333 small compounds were docked with the protein and the binding energy were retrieved as shown 
in supplementary sheet (Table S3). Among the top 333 compounds, there were some compounds which didn’t 
get docked into the binding pocket of the protein. Out of the 333 ligands subjected to molecular docking, only 
270 ligands were successfully docked, likely due to structural factors of the undocked ligands. The ligands which 
are docked are listed in the supplementary sheet (Table S3) along with the binding affinity. Some of the ligands 
may have had unfavourable geometric conformations, such as excessive steric bulk, which could have prevented 
proper accommodation within the binding pocket. Moreover, the ligands which couldn’t get docked might have 
lacked key functional groups required for stable interactions or had structural features, such as high flexibility, 
that reduced their likelihood of adopting a favourable binding pose. Additionally, ligands with extremely large 
or small molecular sizes may not have been compatible with the physical dimensions of the binding site, further 
contributing to their inability to dock. The results, presented in the table (supplementary sheet Table S3), indicate 
that compound 5,279,171 exhibits the most favourable average binding energy of −9.43 kcal/mol, as well as the 
highest top binding score of −10.2 kcal/mol. 5,279,171 exhibited the highest binding affinity, with an average of 
−9.43 kcal/mol and a peak score of −10.2 kcal/mol. 154,701,550 exhibited a mean binding energy of −9.32 kcal/
mol, demonstrating consistent stability with a minimum binding score of −9.0 kcal/mol. 9,956,222 exhibited 
a similar high binding score of −10.2 kcal/mol, however its average was marginally lower at −9.13 kcal/mol. 
Compounds 129,130,827 and 138,567,123 demonstrated somewhat lower average binding energies of −8.99 
and − 8.78 kcal/mol, respectively.

Further, the binding scores were compared to the control (G5) and the top binding scores which were better 
than the control was selected for further analysis. The selected ligands along with the binding scores is shown 
in the Table 2. The ligands 5,279,171 and 9,956,222 shows the lowest binding scores compared to the selected 
compounds with − 10.2 kcal/mol, indicating highly stable interactions within the binding site.

The interaction of the selected compounds with the protein is given in the Fig. 3. The ligands 138,567,123 
and 129,130,827 shown in Fig. 3(d, e) forms the highest number of hydrogen bonds compared to the other 
ligands. 138,567,123 forms conventional hydrogen bonds with LYS560 and carbon-hydrogen bonds with 
GLU505, ASP302, TYR351, and HIS281. Similarly, the ligand 129,130,827 forms conventional hydrogen bonds 
with residues GLN559, GLY506, and ALA532, followed by carbon-hydrogen bonds with GLU579 and GLU505. 
The ligand 5,279,171 in Fig. 3(a) shows the least number of hydrogen bonds, TYR508 forms a π-donor hydrogen 
bond and the residue ASP302 forms a conventional hydrogen bond. Further the ligand 9,956,222 (Fig. 3 (b)) 
forms carbon hydrogen bonds and conventional hydrogen bonds with the residues GLN530, TRP504 and 
THR218, ARG236 respectively. Furthermore, the Fig. 3 (c) shows one carbon-hydrogen bond with GLN490 and 
two conventional hydrogen bonds with ARG236 and ALA532. These complexes were further caried for analysis 
using density functional theory (DFT).

The top five compounds selected for the active site of the Nipah virus glycoprotein are more thoroughly 
examined in the bond distance study to determine their binding behavior and stability. Conventional hydrogen 

Ligand Top binding scores(kcal/mol) Worst binding scores(kcal/mol)

5,279,171 −10.2 −9

9,956,222 −10.2 −8.8

154,701,550 −9.9 −9

138,567,123 −9.7 −8.4

129,130,827 −9.4 −8.7

G5 (control) −9.3 −8.4

Table 2.  Binding energy of the compounds selected after deeppurpose along with control ligand.
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bonds often lay within the 3–6 Å range shown in the Table 3, indicating stable and energetically advantageous 
interactions. Compounds such as 5,279,171 and 9,956,222 made many critical contacts with residues such as 
Asp302, Trp504, and Asp219, which are required to stabilize the ligand within the binding pocket. Furthermore, 
π-π stacking and π-anion interactions with residues such as Phe458, Trp504, and Glu579, with bond lengths 
typically ranging from 4 to 7 Å, increase the conformational stability of the ligand-protein complexes. The 
existence of halogen and alkyl interactions in compounds like 154,701,550 and 129,130,827 adds another layer 
of non-covalent stability.

Density functional theory (DFT)
The DFT (Density Functional Theory) study offers valuable insights into the electronic properties of the ligands, 
which are crucial for comprehending their reactivity and prospective interactions with the protein during docking. 
Energy levels of the Highest Occupied Molecular Orbital (HOMO) and Lowest Unoccupied Molecular Orbital 
(LUMO), SCF (Self-Consistent Field) convergence, DFT energy, and overall energy are essential for assessing 
the ligand’s reactivity, electronic distribution, and stability. The DFT calculations showed significant variations in 
the electronic properties of the five ligands. The HOMO-LUMO energy gap is a measure of chemical reactivity 
and kinetic stability; a smaller gap indicates greater reactivity, while a wider gap denotes greater stability. Among 
the ligands, compound 9,956,222 had the smallest HOMO-LUMO gap (0.06 eV), indicating better electronic 
reactivity, which could improve its interaction with the target protein. In contrast, compound 129,130,827 had a 
bigger gap (0.74 eV), indicating greater stability and possibly lower reactivity. Dipole moments, which represent 

Compounds Conventional H-Bond Å Carbon H-Bond Å Halogen Å Pi-Anion Å Pi-Pi T-Shaped Å Alkyl Å

5,279,171 Asp302 (5.35) Tyr508 (7.17) His281 (4.01) Asp219 (4.85) Trp504 (6.74), 
Phe458 (5.99, 6.46)

Val507 (5.92), 
Lys560 (5.64)

9,956,222 Thr218 (5.14), Arg236 (6.01) Trp504 (4.73), Gln530 (6.96)
Glu579 (8.11), 
Gln559 (4.78), 
Asp219 (4.14)

Val507 (6.11), 
Lys560 (5.94), 
Ala532 (6.33)

154,701,550 Arg236 (6.99), Ala532 (3.84) Gln490 (4.62) Gln530 (6.26), Thr531 
(4.66) Trp504 (6.06) Leu234 (4.80), 

Tyr280 (5.31)

138,567,123 Lys560 (4.46) Glu505 (4.05), Asp302 (5.27), 
Tyr351 (7.34), His281 (5.99) Trp504 (4.53) Phe458 (5.61) Val507 (5.65), 

Ile304 (7.00)

129,130,827 Gln556 (4.94), Gly506 (3.27), 
Ala532 (3.58) Glu579 (6.44), Glu505 (4.68) Gly489 (3.54), Thr531 

(3.58)
Lys560 (5.18), 
Val507 (5.63)

Table 3.  Interaction analysis with bond distance for the residues for the selected compounds.

 

Fig. 3.  2D interaction plot of selected compounds (a) 5,279,171 (b) 9,956,222 (c) 154,701,550 (d) 138,567,123 
(e) 129,130,827.
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molecular polarity and potential solubility, varied greatly between compounds, with 9,956,222 having the 
highest dipole moment (70.11 Debye), indicating a strong polar nature and the potential for improved aqueous 
solubility. Notably, 138,567,123 and 5,279,171 obtained SCF convergence, which increased the trustworthiness 
of their computed attributes.

Among the selected compounds, as shown in Tables 4 and 138,567,123 exhibited the most stable structure, 
with the lowest DFT energy (−1976.74 Hartree), a successful SCF convergence, and a large HOMO-LUMO 
gap (0.83 eV), suggesting excellent electronic stability. Followed by the ligand 5,279,171, exhibiting a slightly 
less negative DFT energy (−1308.32 Hartree), successful SCF convergence, and the largest HOMO-LUMO gap 
(0.94 eV), indicating strong electronic stability even though it has the lowest dipole moment (3.39 Debye). 
The compounds 129,130,827 and 9,956,222 follow with moderate DFT energies, although the SCF for these 
compounds did not converge, and 9,956,222 shows a very small HOMO-LUMO gap (0.054 eV) and an 
extremely high dipole moment (70.11 Debye). Furthermore, 154,701,550 has lower stability and a moderate 
HOMO-LUMO gap (0.63 eV) but lacks SCF convergence, reducing its reliability. Thus, the top three compounds 
(138567123, 5279171, and 129130827) which shows lowest DFT energy were selected for further analysis. The 
selected ligands for MD simulation are highlighted in Table 4.

MD simulation
RMSD
The root mean square deviation (RMSD) is calculated for the 100 ns simulation in order to evaluate the stability 
of their interaction with protein. The Fig.  4 (a) shows the RMSD of the protein when ligands (129130827, 
138567123, 5279171, and control) is bound. Here, the control ligand (G5) exhibits the most stable behaviour, 
with RMSD values fluctuating around 0.15 nm, indicating minimal structural deviation. Slightly higher 
RMSD fluctuations are observed for 138,567,123 and 5,279,171, though their behaviour remains relatively 
stable throughout the simulation. However, 129,130,827 demonstrates the highest and most variable RMSD, 
suggesting significant structural deviation and potential instability in the protein backbone. Overall, all the 
compounds showed a stable RMSD for the protein ranging from 0.15 nm to 0.2 nm.

Further, Fig.  4 (b) shows the RMSD of the ligands. Here the control (G5) is observed to exhibit stable 
behaviour, with RMSD values remaining below 0.5 nm throughout the simulation. When compared to the 
control, the ligand 138,567,123 shows slightly lower fluctuations, indicating a moderate degree of deviation 
from the initial ligand position. Further, ligand 5,279,171 shows greater deviations compared to the control 
with the initial RMSD below 0.5 nm which increased to 2.5 nm around 20–30 ns and reached 1.55 nm at the 
end of the simulation. In contrast, 129,130,827 demonstrated drastic increases in RMSD values, especially after 
70 ns. These deviations are significantly higher than those of the control, reflecting considerable movement or 
instability of the ligand within the binding pocket.

Overall, all ligands exhibit varying degrees of deviation when compared to the control. Ligand 138,567,123 
surpasses the control (G5) in maintaining both protein and ligand stability. However, ligand 5,279,171 displays 

Fig. 4.  RMSD trajectories for protein and ligands for the 100 ns simulation (a) RMSD of the protein (b) RMSD 
of the ligands control, 138,567,123, 5,279,171, and 129,130,827.

 

Compound DFT Energy (Hartree) SCF Converged HOMO (eV) LUMO (eV) QM Dipole (Debye)

129,130,827 −1640.11 FALSE −6.57 −5.83 3.86

154,701,550 −1511.17 FALSE −5.18 −5.81 31.84

9,956,222 −1561.65 FALSE −5.66 −5.60 70.11

138,567,123 −1976.74 TRUE −6.07 −5.24 5.24

5,279,171 −1308.32 TRUE −5.85 −4.91 3.38

Table 4.  Density functional theory (DFT) calculations for the selected ligands, including DFT energy, SCF 
convergence status, HOMO-LUMO energy, and QM dipole moment.
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significant deviations for both the protein and ligand, highlighting its overall instability in comparison to the 
control. The consistently low RMSD values and reduced fluctuations demonstrate that 138,567,123 supports a 
more robust structural conformation, making it a valuable candidate.

RMSF
Figure 5 shows the results of a subsequent analysis of the Root Mean Square Fluctuation (RMSF). The control 
ligand produces minimal variation, signifying stable areas. Similarly, 138,567,123 and 129,130,827 showed 
enhances stability, with lesser peaks at high RMSF. Additionally, Ligand 5,279,171 demonstrated numerous 
peaks with elevated RMSF. Here, 5,279,171 exhibits the most pronounced fluctuations, indicating increased 
flexibility and potential instability. The residues, ARG258, ASP420, and GLU422 shows more fluctuations which 
is higher than 0.3 nm. Contrastingly, the compounds 138,567,123 and 129,130,827 shows similar flexibility 
patterns but with slightly lower RMSF values than 5,279,171. In this case, 138,567,123 and 129,130,827 did not 
exhibit any residues with RMSF > 0.3 nm. contrast, the Control remains the most rigid overall, with only slight 
fluctuations at the residue LEU207, and ASN326 higher than 0.3 nm. The terminal residues exhibit consistently 
high RMSF across all compounds, despite the diverse effects of the ligands on other regions of the protein. These 
results suggest that 5,279,171 is the most flexible, whereas 138,567,123 and 129,130,827 display more stable 
conformations, with the Control showing minimal conformational changes throughout the simulation.

Conformation changes
The initial (0 ns) and final (100 ns) trajectories of the protein-ligand complex are extracted and given in Fig. 6. It 
reveals the conformational changes that occurred during the molecular dynamics simulation. These alterations 
signify the ligand’s interaction with the protein binding site and the occurrence of substantial structural 
rearrangements. Figure 6 (a) of the control ligand shows that the initial trajectory is positioned deeply within the 
binding pocket, suggesting initial strong binding interactions. In the final trajectory, the ligand remains bound in 
a similar position but exhibits a slight shift and rotation. This indicates that the ligand has adjusted its orientation 
to form more favorable interactions within the binding pocket. As contrary to this, the ligand 138,567,123 
(Fig. 6(b)) initially occupies the binding pocket with a compact orientation, fitting tightly within the cavity but 
the ligand undergoes a significant positional shift, indicating partial rearrangement within the binding site. This 
might suggest that the initial pose was less stable, and the ligand found a more favourable binding conformation 
over time. Minor adjustments in the protein surface are observed, possibly reflecting local flexibility around 
the binding pocket to accommodate the ligand’s movement. The ligand 5,279,171 (Fig. 6(c)) starts in a deeply 
buried position within the binding pocket, showing strong initial interactions. In the final trajectory, it shifts 
toward the edge of the binding pocket, suggesting a partial loss of binding interactions. This could indicate 
weaker binding stability or the inability of the ligand to remain tightly bound during the simulation. Lastly, the 
ligand 129,130,827 (Fig. 6 (d)), initially positioned centrally within the binding pocket, appeared to establish 
significant contacts with the protein surface. In the final trajectory this remains largely within the binding pocket 

Fig. 5.  Root means square Fluctuation (RMSF) of protein when ligands (control, 138567123, 5279171, and 
129130827) are bound.
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Fig. 6.  Conformational changes of the protein-ligand complex at different time points during molecular 
dynamics simulation. (a, c, e, g) represent the structures at 0 ns, (b, d, f, h) show the corresponding structures 
at 100 ns. (a, b) control, (c, d) 138,567,123, (e, f) 5,279,171, and (g, h) 129,130,827.
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but shifts slightly and adopts a different orientation. This indicates that while the ligand retained its binding, it 
underwent minor adjustments to optimize its interactions with the protein. In conclusion, 138,567,123 and 
129130827showed enhanced stability compared to the other systems, as evidenced by the ligand’s significant 
yet purposeful conformational adjustment within the binding pocket. While the ligand reoriented itself during 
the simulation, it remained securely bound and transitioned into a more energetically favourable pose. This 
indicates that the ligand might have achieved a stable configuration by optimizing its interactions with the 
protein. The minimal structural adjustments observed in the protein further support the notion that the binding 
pocket effectively accommodates the ligand without destabilization.

Hydrogen bonds
The formation of hydrogen bonds (H-bonds) between proteins and ligands plays a crucial role in stabilizing 
their interactions. These chemical bonds are crucial for ligand recognition and complex stability because they 
provide specificity, binding affinity, and induce conformational changes. The Fig. 7 shows fluctuations in the 
number of hydrogen bonds, which ranges from 0 to 5, over a time span of 100 ns. The control (Fig.  7 (a)) 
exhibits frequent hydrogen bond formation but maintains a limited number of hydrogen bonds, mostly between 
0 and 2 throughout the simulation. The distribution of hydrogen bond interactions is irregular, with fluctuations 
observed over time, indicating transient interactions rather than sustained bonding. Further, 138,567,123 shows 
an increased number of hydrogen bonds compared to the control, with values fluctuating primarily between 1 
and 2, occasionally reaching 3. The interactions are more sustained and frequent throughout the simulation, 
suggesting stronger and more consistent hydrogen bonding. Additionally, 129,130,827 shows moderate 
hydrogen bond interactions, with values typically fluctuating between 1, 2 and 3 occasionally reaching 4. This 
hydrogen bond interactions are more frequent and sustained, particularly in the latter half of the simulation, 
suggesting a strengthening of the ligand-protein interaction over time. Figure  7 (c) showed that 5,279,171 
exhibits the highest number of hydrogen bonds among other ligands, frequently reaching values of 3 or more 
and occasionally as high as 5 bonds. The interactions are relatively frequent but not as consistent or high in 
number as system 138,567,123 or 129,130,827.

In conclusion, 138,567,123 exhibits the strongest hydrogen bonding, with the consistency of interactions. 
It also forms stronger and more reliable interactions with the protein, potentially enhancing ligand stability 
and binding efficiency. It sustained hydrogen bonding, surpassing the control in terms of stability and binding 
potential.

Fig. 7.  Hydrogen bond formed between glycoprotein and ligands during 100 ns of simulation. (a) control, (b) 
138,567,123, (c) 5,279,171, and (d) 129,130,827.
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Interaction analysis
Further, the protein-ligand interactions at the 100 ns time point of the simulation is obtained and given in 
Fig. 8, with the ligand and surrounding amino acids involved in various types of molecular interactions. The 
control ligand forms stable yet straightforward interactions, including hydrogen bonds and π-interactions with 
critical residues such as GLU506, PHE458, TRP504, PRO441, and LEU221, indicating a basic level of binding 
stability. Ligand 138,567,123 demonstrates the most extensive and varied interaction profile, characterised by 
strong hydrogen bonds with LYS560 and an alkyl bond with GLU504, indicating robust and stable binding. 
Ligand 5,279,171 establishes alkyl connections with ARG402 and ILE401, alongside π-anion interactions with 
ARG372, indicating a dynamic yet stable binding configuration that may provide flexibility inside the binding 
pocket. Ligand 129,130,827 exhibits a more intricate interaction profile, featuring hydrogen bonds with 
CYS240, carbon-hydrogen bonds with ASN586 and SER239, a halogen interaction with ASP582, and a π-π 
T-shaped interaction with GLY238. This indicates a moderate degree of stability, with both conventional and 
non-conventional interactions contributing to its binding. Ligand 138,567,123 has the most diversified and 
stable interactions, followed by ligand 5,279,171, which displays a more dynamic binding profile, whilst ligand 
129,130,827 shows moderate stability with a range of unique interaction types.

The bond distances were listed in the Table  5. The control compound exhibited moderate stability, as 
evidenced by its robust π–π interaction with Phe458 (5.87 Å) and its conventional hydrogen bond with Gly506 
(3.90 Å). Additionally, it maintained multiple alkyl interactions. Compound 138,567,123 maintained a stable 
and persistent binding conformation by forming two strong hydrogen bonds with Lys560 (4.46 and 3.93 Å) and 
retaining a π–π interaction with Trp504 (6.95 Å). Compound 5,279,171 exhibited a unique π–cation interaction 
with Arg372 (7.86 Å) and significant alkyl contacts with Arg402 and Ile401, which suggests that it has a favorable 
hydrophobic anchoring. A complex network of interactions was demonstrated by compound 129,130,827, 
which included a conventional H-bond with Cys240 and multiple carbon H-bonds with Ser239 and Asn586. In 
addition, it established a π–π interaction with Gly238 and a halogen bond with Asp582, which indicates that it 
is in a conformationally favorable and well-stabilized state following MD. The selected compounds’ potential as 

Fig. 8.  Molecular interactions of the ligands (a) control, (b) 138,567,123, (c) 5,279,171, and (d) 129,130,827 
with surrounding amino acid residue of the protein at the 100 ns time point of the simulation.
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promising Nipah virus glycoprotein inhibitors is further supported by these results, which affirm their structural 
integrity and binding persistence over the simulation time.

Principal component analysis
The Fig. 9 shows the principal component analysis (PCA). The control (Fig. 9 (a)) exhibits a broad distribution 
with two distinct clusters separated along eigenvector 1. This suggests that the control system transitions 
between two major conformational states during the simulation, with moderate sampling of intermediate states. 
Alternatively, ligand 138,567,123 leads to a more diffuse distribution of data, particularly along eigenvector 1, 
suggesting a higher degree of conformational variability and systemic flexibility. Stabilising the protein-ligand 
complex into two independent conformational states for ligand 5,279,171, as seen in the two lobes, suggests 
dynamic equilibrium between both states. At the same time, ligand 129,130,827 causes mild alterations, showing 
a longer and less dense cluster in comparison to the control. This suggests it has an effect on protein dynamics, 
but a smaller one than 138,567,123 or 5,279,171. In general, the findings demonstrate that the protein’s 
conformational behaviour is modulated differently by each ligand, with the most pronounced split into discrete 
states observed with ligand 5,279,171.

Fig. 9.  Principal component analysis (PCA) of the protein-ligand complex (a) control, (b) 138,567,123, (c) 
5,279,171, and (d) 129,130,827.

 

Compounds Conventional H-Bond Å Carbon H-Bond Å Halogen Å Pi-Anion Å Pi-Cation Å Pi-Pi T-Shaped Å Alkyl Å

control Gly506 (3.90) Phe458 (5.87) Pro441 (5.25, 4.85), 
Leu221 (6.22), Trp (3.84)

138,567,123 Lys560 (4.46, 3.93) Trp504 (6.95)

5,279,171 Arg372 (7.86) Arg402 (4.82), Ile401 
(5.63)

129,130,827 Cys240 (4.02) Ser239 (4.09, 4.21, 4.02), 
Asn586 (4.78) Asp582 (5.75) Gly238 (5.19)

Table 5.  Interaction analysis with bond distance for the residues for the selected compounds.
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Free energy landscape (FEL)
The control (Fig. 10 (a)) shows a well-defined low-energy basins which are separated by a moderate energy barrier. 
This suggests that the control has four primary stable conformational states with some degree of interconversion. 
The energy barrier between the basins is not extremely high, indicating moderate flexibility in conformational 
transitions. The ligand 138,567,123 shows a single dominant low-energy basin Fig.  10 (b), with only a few 
surrounding high-energy regions. This indicates that 138,567,123 primarily stabilizes one conformation, with 
minimal sampling of alternative states. The energy barrier between conformations is relatively low, suggesting 
high stability and reduced flexibility. In the Fig. 10 (c), multiple low-energy basins are present, similar to the 
control system, indicating higher conformational diversity. The basins are separated by moderate energy barriers, 
which suggests a balance between stability and flexibility. Additionally, the ligand 129,130,827 Fig. 10 (d) has 
a single, deep low-energy basin which dominates the landscape, with higher energy regions encompassing the 
conformational space. The deep basin indicates a highly stable conformation, but the surrounding high-energy 
regions suggest significant energy barriers for transitions to other states.

The compounds 138,567,123 and 129,130,827 show strong stabilization of their respective conformations, 
with 138,567,123 being more flexible due to lower energy barriers and 129,130,827 being more rigid due to high 
barriers. The control and 5,279,171 exhibit higher conformational diversity, with moderate barriers allowing 
transitions between multiple stable states. These FELs provide a clear understanding of the energy landscape, 
with 138,567,123 emerging as a balanced system offering both stability and flexibility.

Binding free energy
In addition to FEL, MM/GBSA energy for the last 20 ns of the simulation was also computed for the complex 
as given in Table 6. Table 6 shows the energetic components contributing to the protein-ligand binding energy, 
divided into van der Waals (VDWAALS), electrostatic (EEL), polar solvation (EGB), and non-polar solvation 
(ESURF) energies, along with their total contributions.

The total binding free energy, ΔTOTAL, represents the overall stability of the protein-ligand complex, 
incorporating all the individual energetic contributions, including van der Waals interactions (VDWAALS), 
electrostatic interactions (EEL), polar solvation (EGB), and non-polar solvation energies (ESURF). As shown 
in table, 138,567,123 demonstrates the most favourable total binding free energy of −24.04  kcal/mol and a 
standard deviation of ± 3.29, indicating a strong and stable interaction between the ligand and the protein. 
Further, the control shows a total binding free energy of −21.64 kcal/mol ± 2.57, which is also favourable but 
less than 138,567,123. The compounds 129,130,827 shows a total binding free energy of −20.17 kcal/mol ± 3.78 
exhibiting moderately strong binding. Finally, the compound 5,279,171 has the weakest binding affinity, with 

Fig. 10.  Free Energy Landscape (FEL) of the protein-ligand complexes at 100 ns simulation (a) control, (b) 
138,567,123, (c) 5,279,171, and (d) 129,130,827.
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a total binding free energy of −14.74 kcal/mol ± 3.42. Overall, the total binding free energy analysis highlights 
138,567,123 as the most stable complex, with control and 129,130,827 showing moderately strong binding, 
while 5,279,171 exhibits the least favourable binding energy.

Discussion
This study highlights the potential of computational tools in the discovery and optimization of small-molecule 
inhibitors targeting the Nipah virus glycoprotein (NiV-G). The use of molecular docking, density functional 
theory (DFT), and molecular dynamics (MD) simulations facilitated the identification of lead compounds with 
promising binding affinity and stability, underscoring the efficiency of in silico methodologies in antiviral drug 
discovery.

Our computational analysis identified two highly promising ligands, 5,279,171 and 9,956,222, each exhibiting 
exceptional projected binding affinities of − 10.2 kcal/mol against the Nipah virus glycoprotein (NiV-G). The 
other three compounds 154,701,550, 138,567,123 and 129,130,827 also showed strong binding affinities in the 
range − 9.9 kcal/mol to −9.4 kcal/mol. These values significantly exceed the binding energies documented in 
many computational studies, underscoring substantial progress in the discovery of effective inhibitors.

Compared to previous investigations, ligand 211,559 from the BBB + Asinex library exhibited the highest 
binding affinity at − 9.2 kcal/mol66, while ligands ND_nw_193 and ND_nw_93 from another prior study 
displayed affinities of − 8.8 and − 8.3 kcal/mol, respectively64. Our identified ligands clearly outperform these 
compounds, emphasizing the robustness and effectiveness of our computational screening approach. This 
advancement is further emphasized by the fact that phytoconstituents previously studied for Nipah inhibition, 
including 6-Deoxy-L-Mannopyranose (− 6.65 kcal/mol), Vanillic acid (− 6.31 kcal/mol), and the standard 
antiviral Ribavirin (− 5.52 kcal/mol), exhibited significantly lower predicted binding energies67. The considerable 
disparity between these phytoconstituents and our identified ligands underscores the importance of our findings.

This study’s identified ligands showed interactions with critical residues that were also found in previous 
studies. Specifically, the interaction between the protein and the ligands involved residues His281, Tyr351, Tyr508, 
Gln490, and Tyr506, consistent with previous findings68. Additionally, residues Gln559 and Gln579 identified in 
earlier studies were also observed in this study64,37. Another prior study reported interactions involving critical 
residues Arg236, Ala532, and Lys560, which were similarly detected in our current analysis66,67. This evident 
improvement in anticipated inhibitory action rectifies prior shortcomings in computational analyses of Nipah 
virus glycoprotein and considerably propels the domain of computational drug research against viral infections.

Among the screened compounds, ligand 138,567,123 consistently outperformed the control ligand (G5) 
across multiple analyses. 138,567,123 showed sustained hydrogen bonding and strong interactions with key 
residues within the NiV-G binding pocket. These results were further validated by MD simulations69, which 
demonstrated minimal root mean square deviation (RMSD) and fluctuation (RMSF) values for 138,567,123, 
indicating a stable and robust protein-ligand complex. Additionally, principal component analysis (PCA) and 
free energy landscape (FEL) studies confirmed the ligand’s ability to stabilize the protein while maintaining 
structural flexibility. The DFT calculations provided insights into the electronic properties of the compounds. 
A large HOMO-LUMO gap and favourable DFT energy for 138,567,123 highlighted its electronic stability 
and potential reactivity. These properties translated into the most favourable binding free energy (−24.04 kcal/
mol) among all selected ligands, as calculated using the MM/GBSA method. Comparatively, the control ligand 
showed moderately strong binding, while ligands 5,279,171 exhibited lower stability and binding efficiency, as 
evidenced by higher RMSD values and weaker energetic contributions.

These results reinforce the feasibility of targeting NiV-G with small molecules as a therapeutic strategy 
against Nipah virus infections. By focussing on the receptor-binding domain, this method directly reports a vital 
step in the viral entry process, providing a new channel for therapeutic intervention. The integration of AI-based 
screening approaches with conventional computational methodologies facilitated the identification of potential 
drug candidates, effectively accelerating the drug discovery process.

Although this study offers a comprehensive computational framework for the identification of potential 
inhibitors of the Nipah virus glycoprotein, it is important to recognize several limitations. In silico methods, 
such as molecular docking, MM-GBSA, molecular dynamics simulations, and DFT analyses, are the primary 
foundation of all results. Despite their robustness and widespread acceptance, these methods are predictive 
in nature. These methods are unable to completely capture the intricacy of biological environments, including 
immune responses, enzymatic metabolism, and potential off-target effects. In addition, the confirmation of the 
actual efficacy, bioavailability, and safety of the proposed compounds is restricted by the absence of in vitro or 
in vivo experimental validation. Consequently, these compounds require additional experimental studies to 
validate their findings and progress toward clinical development, despite the fact that the computational data 
offer robust initial evidence and a valuable starting point.

Compound ΔVDWAALS ΔEEL ΔEGB ΔESURF ΔGGAS ΔGSOLV ΔTOTAL

Control −38.09 ± 3.04 −12.66 ± 2.91 34.09 ± 2.67 −4.99 ± 0.40 −50.75 ± 4.37 29.1 ± 2.41 −21.64 ± 2.57

138,567,123 −31.31 ± 3.00 −18.87 ± 5.12 30.61 ± 4.18 −4.47 ± 0.30 −50.18 ± 5.62 26.14 ± 4.16 −24.04 ± 3.29

5,279,171 −23.25 ± 3.23 −8.86 ± 8.38 20.63 ± 4.86 −3.26 ± 0.44 −32.12 ± 7.41 17.37 ± 5.03 −14.74 ± 3.42

129,130,827 −29.47 ± 4.03 −10.77 ± 13.06 23.55 ± 11.55 −3.48 ± 0.46 −40.24 ± 11.67 20.07 ± 11.74 −20.17 ± 3.78

Table 6.  Binding free energy components along with standard deviation for the protein-ligand complexes for 
the last 20 Ns of the MD simulation.
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Future work should prioritize the experimental validation of these findings, particularly the in vitro and in 
vivo evaluation of ligand 138,567,123. Further optimization of this compound, along with its analogues, could 
enhance its pharmacokinetic and pharmacodynamic properties. This study provides a strong foundation for 
the development of targeted antiviral therapies and highlights the transformative potential of computational 
approaches in addressing global health challenges like the Nipah virus.

Conclusion
This study demonstrates the effective application of computational methods to identify potential small-molecule 
inhibitors that target the Nipah virus glycoprotein (NiV-G). Among the compounds that were screened, ligand 
138,567,123 demonstrated favourable electronic stability, dynamic behaviour, and binding affinity, suggesting 
that it has the potential for further investigation. Although these preliminary in silico findings provide valuable 
preliminary insights, they must be validated through experimental studies to corroborate their therapeutic 
relevance. Overall, the study emphasizes the importance of computational screening in the early stages of 
antiviral drug discovery and establishes a foundation for future experimental-based investigations.

Data availability
Data is provided within the manuscript or supplementary information files.
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