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 14 

Abstract 15 

Benzodiazepines (BZDs) are widely used to manage anxiety, insomnia, seizures, and other 16 

neurological conditions through modulation of gamma-aminobutyric acid type A (GABA-A) 17 

receptor-mediated inhibition. Despite their therapeutic utility, prolonged use may be associated 18 

with tolerance, dependence, and adverse effects. This study presents an integrated 19 

computational assessment of ten BZDs, combining density functional theory (DFT), molecular 20 

docking, molecular dynamics (MD) simulations, and predicted pharmacokinetic and biological 21 

activity profiling. Molecular geometries were optimized at the B3LYP/6-311G+(d,p) level, and 22 

thermodynamic properties, frontier molecular orbitals, dipole moments, and molecular 23 
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electrostatic potentials were analyzed. Molecular docking was conducted using the human 24 

GABA-A receptor structure (PDB ID: 6HUO), focusing on the isolated α1 subunit (Chain D). 25 

Three prioritized protein–ligand complexes were subsequently examined through 100-ns MD 26 

simulations to characterize their structural behavior and interaction patterns. Predicted 27 

absorption, distribution, metabolism, excretion, and toxicity (ADMET) properties and PASS-28 

based activity profiles were also evaluated. The compounds exhibited differences in frontier 29 

molecular orbital energies and related electronic descriptors. Docking suggested favorable 30 

poses within the selected α1-subunit region, while MD simulations provided additional insights 31 

into the behavior of the prioritized complexes. PASS and ADMET analyses generated 32 

hypotheses concerning potential biological activities and pharmacokinetic characteristics. 33 

These findings provide comparative computational insights into the studied BZDs; however, 34 

experimental validation is required, and the isolated-subunit docking results do not establish 35 

binding at the canonical BZD site or demonstrate receptor modulation or clinical effects. 36 

Keywords: Benzodiazepines; Density functional theory; Molecular docking; Molecular 37 

dynamics simulations; ADMET prediction.  38 

Introduction  39 

BZDs are widely used central nervous system (CNS) medications for the management of 40 

anxiety, insomnia, seizures, and other neurological conditions. They act as positive allosteric 41 

modulators of γ-aminobutyric acid type A (GABA-A) receptors, enhancing GABA-mediated 42 

inhibitory neurotransmission by increasing the frequency of chloride channel opening 1–6. 43 

GABA-A receptors are pentameric ligand-gated ion channels composed of five subunits arranged 44 

around a central chloride-conducting pore. A common receptor composition consists of two α, two β, 45 

and one γ subunit. GABA binds at extracellular β–α subunit interfaces, whereas classical BZDs 46 

interact with an allosteric binding pocket formed at the α–γ subunit interface. This modulation 47 
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of inhibitory neurotransmission underlies the sedative, hypnotic, anxiolytic, and anticonvulsant 48 

effects associated with BZDs 7–9. 49 

Although BZDs are generally considered safer than several older sedative-hypnotic agents, 50 

their clinical use is associated with important safety concerns, particularly among elderly 51 

individuals. Prolonged use may contribute to falls, cognitive impairment, tolerance, physical 52 

dependence, and withdrawal symptoms. Other adverse effects include drowsiness, 53 

disorientation, and impaired psychomotor function. Consequently, their use is generally 54 

recommended for short-term or carefully monitored treatment, depending on the clinical 55 

indication and individual patient characteristics 10–12. These concerns emphasize the importance of 56 

investigating the molecular and pharmacokinetic characteristics of individual BZDs to improve the 57 

understanding of their structural properties and potential biological activities. 58 

Despite their extensive clinical use, BZDs exhibit considerable structural diversity, including 59 

differences in their fused-ring systems, substituents, heteroatom composition, and 60 

physicochemical properties. Such structural variations may influence their electronic 61 

characteristics, predicted protein interactions, conformational behavior, and pharmacokinetic 62 

profiles. Previous computational investigations have examined individual aspects of 63 

benzodiazepine pharmacology, including receptor interactions, electronic properties, and 64 

pharmacokinetics. However, an integrated comparative investigation combining quantum 65 

chemical calculations, molecular docking, MD simulations, biological activity prediction, and 66 

ADMET assessment can provide complementary information across different molecular 67 

endpoints. This approach may help characterize structural differences among BZDs and 68 

generate hypotheses concerning their molecular interactions and potential biological 69 

properties. 70 

The present study investigated ten clinically used benzodiazepines: temazepam (TMZ), 71 

chlordiazepoxide (CDP), flurazepam (FZP), midazolam (MDZ), oxazepam (OXA), 72 
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clorazepate (CZP), clobazam (CBZ), estazolam (ESZ), clonazepam (CLZ), and nitrazepam 73 

(NZP). These compounds were selected to represent a chemically diverse group of 74 

benzodiazepine derivatives with established clinical applications in neurological and 75 

psychiatric treatment. Their structural differences provide a basis for comparing molecular 76 

descriptors, predicted interactions, and pharmacokinetic characteristics within a common 77 

computational framework. The inclusion of conventional BZDs alongside structurally distinct 78 

derivatives, such as clobazam, further enables the investigation of differences associated with 79 

variations in molecular scaffolds and functional groups. 80 

The human GABA-A receptor cryo-electron microscopy structure (PDB ID: 6HUO) was used 81 

as the structural framework for the molecular docking investigation. Chain D, corresponding 82 

to the α1 subunit, was isolated and employed as the receptor model to examine the predicted 83 

interactions of the selected compounds within a consistently defined protein environment. The 84 

docking grid was centered on the co-crystallized ligand alprazolam, allowing the ligand poses 85 

to be evaluated within the corresponding region of the isolated subunit. However, because the 86 

classical benzodiazepine-binding pocket is formed at the α1–γ2 subunit interface, the isolated 87 

α1-subunit model does not fully represent the native intersubunit binding environment. 88 

Accordingly, the docking results and subsequent MD simulations are interpreted as exploratory 89 

computational observations of ligand interactions with the modeled α1 subunit rather than 90 

direct evidence of binding at the complete canonical benzodiazepine site or receptor 91 

modulation. 92 

To characterize the selected compounds at complementary molecular levels, density functional 93 

theory (DFT)-based quantum chemical calculations were performed using the B3LYP/6-94 

311G+(d,p) method to investigate their thermodynamic and electronic properties, including 95 

frontier molecular orbital energies, HOMO–LUMO energy gaps, dipole moments, and 96 

molecular electrostatic potentials. Chemical hardness, softness, and chemical potential were 97 
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derived from the frontier orbital energies to provide comparative descriptors of electronic 98 

structure and reactivity. Molecular docking was subsequently employed to investigate the 99 

predicted binding poses, docking scores, and non-covalent interactions of the BZDs with the 100 

isolated α1-subunit model. The three compounds selected for further investigation, CZP, NZP, 101 

and OXA, were subjected to 100 ns MD simulations to examine their conformational behavior, 102 

protein and ligand RMSD, residue-level fluctuations, hydrogen-bonding patterns, radius of 103 

gyration, solvent-accessible surface area, and protein–ligand interaction profiles. These 104 

analyses provided complementary information regarding the dynamic characteristics of the 105 

modeled complexes beyond their initial docking poses. 106 

In addition, PASS was employed to explore the potential biological activity profiles of the 107 

selected BZDs based on their chemical structures. The predicted probabilities of activity (Pa) 108 

and inactivity (Pi) were examined for pharmacological activities relevant to CNS function, 109 

including anxiolytic, anticonvulsant, antiepileptic, muscle-relaxant, and GABA receptor-110 

associated activities. PASS analysis was incorporated to compare the predicted biological 111 

activity spectra of the compounds and identify additional hypotheses for further investigation. 112 

ADMET prediction was also conducted to characterize their computationally estimated 113 

absorption, distribution, metabolism, excretion, and toxicity-related properties. Together, these 114 

complementary analyses enabled the comparative assessment of electronic properties, 115 

predicted protein interactions, dynamic behavior, potential biological activities, and 116 

pharmacokinetic characteristics. 117 

Overall, this study presents an integrated computational characterization of ten BZDs using 118 

DFT calculations, molecular docking, MD simulations, PASS prediction, and ADMET 119 

assessment. By examining these compounds across multiple computational endpoints, the 120 

investigation aims to identify structural and electronic differences, characterize their predicted 121 

interactions with the isolated GABA-A receptor α1 subunit, and evaluate their predicted 122 
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biological activity and pharmacokinetic profiles. The findings may provide comparative 123 

molecular information for interpreting benzodiazepine structure–activity relationships and 124 

generating hypotheses for future structural and experimental pharmacological investigations. 125 

Importantly, the study is intended to complement existing research rather than establish 126 

receptor activation, canonical-site binding affinity, subtype selectivity, or clinical efficacy 127 

solely from computational predictions. 128 

 129 

Methods and Materials 130 

Geometry optimization  131 

The chemical structures of all selected drugs were retrieved from the PubChem online structure 132 

database (https://pubchem.ncbi.nlm.nih.gov/) 13. To determine the most stable and 133 

energetically favorable conformations, MD conformational searches were conducted using the 134 

amber force field, implemented via Gabedit (version 2.5.1) software 14. Geometry 135 

optimizations were carried out using the Gaussian 16 software 15.  Density Functional Theory 136 

(DFT) was applied, employing a hybrid exchange-correlation functional combining Becke’s 137 

three-parameter exchange and Lee–Yang–Parr correlation (B3LYP), together with the triple-138 

zeta 6-311G+(d, p) basis set 16. The HOMO and LUMO energies, as part of the frontier 139 

molecular orbital (FMO) analysis, were computed employing the same computational method 140 

17. Using the calculated εHOMO and εLUMO values, key electronic properties such as the 141 

energy gap (ΔE), softness (S), hardness (η), and chemical potential (μ) were derived using 142 

standard formulas:  143 

ΔE = εLUMO – εHOMO 144 

 S =  
1����� − �	���  145 

 η =  
����� − �	��� 2                     146 
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μ = 
����� + �	��� 2   147 

Protein and ligand preparation 148 

The three-dimensional cryo-EM structure of the human full-length heteromeric α1β3γ2L 149 

GABAA_AA receptor in complex with alprazolam, GABA, and megabody Mb38 (PDB ID: 150 

6HUO; resolution: 3.26 Å) was retrieved from the Protein Data Bank 18. Only Chain D, 151 

corresponding to the α1 subunit, was retained for molecular docking and interaction analysis. 152 

Chain D was selected to investigate the interactions of the ten BZDs with the α1 subunit, which 153 

contributes to the classical benzodiazepine-binding interface in the assembled receptor. 154 

Focusing on this chain reduced structural complexity and computational overhead while 155 

enabling comparative analysis of ligand–residue interactions within the selected subunit. The 156 

remaining protein chains (A, B, C, E, F, G, H, I, J, and K), co-crystallized ligands, heteroatoms, 157 

and water molecules were removed using BIOVIA Discovery Studio Visualizer (BIOVIA, 158 

2017) 19,20. The structure was subsequently energy-minimized using Swiss-PdbViewer (v4.1.0) 159 

prior to docking21 . 160 

Validation of the Molecular Docking Protocol 161 

A redocking procedure was performed to assess the reliability of the molecular docking 162 

protocol before docking the test compounds. The co-crystallized ligand alprazolam (ALP) was 163 

removed from the receptor structure (PDB ID: 6HUO; Chain D) and re-docked into the selected 164 

binding site using the same docking parameters applied to the test compounds. The re-docked 165 

pose was superimposed onto the crystallographic conformation using PyMOL, and the root-166 

mean-square deviation (RMSD) between the corresponding heavy atoms was calculated. An 167 

RMSD value of ≤2.0 Å was considered acceptable for reproducing the experimentally 168 

determined ligand-binding pose and validating the docking protocol 22. 169 

 170 
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Molecular docking analysis 171 

Following validation of the docking protocol, the geometry-optimized structures of ten 172 

benzodiazepine (BZD) drugs were used as ligands, while the energy-minimized receptor 173 

structure (6HUO, Chain D) was used as the macromolecular target. AutoDock Tools (version 174 

1.5.7) was employed to convert the receptor and ligand structures into PDBQT format. 175 

Molecular docking was performed within the validated binding region using a grid box 176 

centered at X = 153.788, Y = 162.829, and Z = 160.817 Å, with dimensions of 30 × 30 × 30 177 

Å³ to encompass the selected binding region 23. For each ligand, the pose with the lowest predicted 178 

binding free energy was selected for subsequent analysis. Protein–ligand interactions were 179 

analyzed and visualized using BIOVIA Discovery Studio Visualizer (version 21.1.0.20298) 19. 180 

MD Simualtion 181 

MD simulations were performed to investigate the dynamic behavior and structural stability of 182 

the selected protein–ligand complexes. Simulations were conducted for 100 ns using Desmond 183 

(Schrödinger) under a Linux environment 24. The systems were solvated using the SPC water 184 

model 25 and neutralized with Na⁺ and Cl⁻ ions at a concentration of 0.15 M. An orthorhombic 185 

simulation box with a 10 Å buffer surrounding the solute was generated, and periodic boundary 186 

conditions were applied. Simulations were performed using the OPLS4 force field under the 187 

isothermal–isobaric (NPT) ensemble at 298 K and 1.01325 bar. Trajectory frames were recorded at 100 188 

ps intervals 26. These simulations enabled the assessment of protein–ligand complex stability and 189 

conformational dynamics under the specified simulation conditions.  190 

SMILES preparation and ADMET prediction  191 

SMILES representations of the selected FDA-approved benzodiazepine drugs were obtained 192 

using the Online SMILES Translator and Structure File Generator server of the National 193 

Cancer Institute (NCI) (https://cactus.nci.nih.gov/translate/). As the selected compounds are 194 
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established FDA-approved drugs, ADMET analysis was performed primarily to characterize 195 

and comparatively evaluate their predicted absorption, distribution, metabolism, excretion, and 196 

toxicity-related properties within the present computational study, rather than to assess their 197 

clinical suitability. The ADMET profiles were predicted using the admetSAR 1.0 web server 198 

(https://lmmd.ecust.edu.cn/admetsar1). The predicted parameters were comparatively 199 

examined across the benzodiazepine series to characterize their pharmacokinetic and toxicity-200 

related profiles 27.  201 

PASS Prediction 202 

The PASS prediction tool was used to evaluate the broad range of biological activities of the 203 

selected FDA-approved drugs, providing computational insights into their potential biological 204 

effects. The SMILES of the selected drugs were submitted to the PASS online server 205 

(http://www.way2drug.com/passonline) to predict their potential biological activities 28. The 206 

results provided probability of activity (Pa), showing the predicted likelihood of a compound 207 

exhibiting a particular biological activity, with values ranging from zero to one.  208 

 209 

Results 210 

Analysis of thermodynamic properties 211 

Thermodynamic and electronic properties provide useful information about the molecular 212 

characteristics of BZDs, including their relative energetic states, polarity, and potential 213 

reactivity. Key parameters such as Gibbs free energy (ΔG), enthalpy (ΔH), and dipole moment 214 

(µ) were evaluated to characterize the studied compounds 29,30. The calculated energy values 215 

should be interpreted as properties of the individual molecular systems rather than direct indicators of 216 

receptor-binding strength. 217 



Page 10 of 49 

 

Among the analyzed BZDs, FZP showed the most negative calculated total energy (−1613.578 218 

Hartree), followed by CLZ (−1427.754 Hartree), whereas NZP showed the least negative value 219 

among the studied compounds. These differences primarily reflect the overall electronic energy 220 

of molecules with different atomic compositions and structures and should not be interpreted 221 

directly as differences in molecular stability or receptor-binding affinity. 222 

Dipole moment (µ) provides information about the overall charge distribution and polarity of 223 

a molecule and may influence its electrostatic environment and intermolecular interactions 31. 224 

ESZ exhibited the highest dipole moment (5.71 Debye), whereas CLZ showed the lowest value 225 

(0.56 Debye) (Figure 2B). The remaining compounds, including TMZ, CDP, CBZ, FZP, MDZ, 226 

CZP, OXA, and NZP, displayed intermediate dipole moments. These differences indicate 227 

variation in molecular polarity and charge distribution but do not, by themselves, establish 228 

stronger or weaker receptor interactions. 229 

Molecular Orbital Analysis 230 

Frontier molecular orbitals (FMOs), particularly the highest occupied molecular orbital 231 

(HOMO) and lowest unoccupied molecular orbital (LUMO), provide useful information about 232 

the electronic characteristics and chemical reactivity of molecules. The HOMO is generally 233 

associated with electron-donating ability, whereas the LUMO is associated with electron-234 

accepting ability 32,33. The HOMO–LUMO energy gap represents the energy difference between 235 

these orbitals and is commonly used as an indicator of molecular reactivity and kinetic stability 236 

34,35. A larger gap generally corresponds to lower chemical reactivity, whereas a smaller gap may 237 

indicate greater chemical reactivity. 238 

As shown in Figure 3, CDP exhibited the smallest HOMO–LUMO gap (2.81 eV) among the 239 

studied BZDs, suggesting comparatively greater predicted chemical reactivity. In contrast, 240 

CBZ showed the largest gap (5.05 eV), indicating comparatively lower predicted reactivity and 241 

greater kinetic stability. Chemical hardness (η) and softness (S) were also derived from the 242 
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HOMO and LUMO energies 35. Higher hardness generally indicates greater resistance to 243 

electronic deformation, whereas higher softness is associated with greater electronic 244 

polarizability and reactivity 32. TMZ, CZP, OXA, MDZ, and FZP exhibited relatively lower 245 

softness values (0.21–0.25 eV), whereas NZP showed the highest softness value (0.494 eV), 246 

indicating comparatively greater predicted electronic reactivity. These FMO-derived properties 247 

provide insights into the electronic behavior of the studied BZDs but do not, by themselves, 248 

establish receptor-binding strength or biological efficacy. 249 

Molecular electrostatic potential (MEP) analysis  250 

Molecular electrostatic potential (MEP) mapping provides useful information about the charge 251 

distribution of a molecule and helps identify regions that may participate in electrostatic 252 

interactions, hydrogen bonding, and molecular recognition 17. In the MEP maps, red regions 253 

represent areas of relatively negative electrostatic potential, which may favor interactions with 254 

electrophilic species, whereas blue regions indicate relatively positive potential and may favor 255 

interactions with nucleophilic species 36,37. Among the studied BZDs, NZP exhibited the highest 256 

negative electrostatic potential around its oxygen atoms (−0.066 a.u.), represented by the deepest red 257 

region, while its highest positive potential was observed around hydrogen atoms (+0.066 a.u.), 258 

represented by the deepest blue region. CLZ and CZP showed the next highest negative 259 

potential values around their oxygen atoms, at −0.064 and −0.063 a.u., respectively, with 260 

corresponding maximum positive potential values of +0.064 and +0.063 a.u. around hydrogen 261 

atoms. These variations indicate differences in the electrostatic charge distribution of the 262 

studied compounds. The MEP maps of NZP, CLZ, and CZP are presented in Figure 4. 263 

Validation analysis of the Molecular Docking Protocol 264 

The crystallographic orientation of the redocked alprazolam (ALP) was comparable to its 265 

original conformation, with a heavy-atom RMSD of 1.89 Å between the two structures (Figure 266 
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5). As the RMSD was below the commonly used threshold of 2.0 Å, the result indicated good 267 

reproducibility of the docking procedure for reproducing the ALP pose within the selected 268 

docking region of the isolated α1-subunit model. However, this validation does not establish 269 

the representation of the canonical benzodiazepine-binding site, as the α1–γ2 subunit interface 270 

was not retained in the docking model. 271 

BZD drugs' docking scores and interactions with 6HUO 272 

Molecular docking was performed to explore the potential interactions of BZDs with the 273 

isolated α1 subunit (Chain D) of the human GABA-A receptor (PDB ID: 6HUO), focusing on 274 

predicted docking scores and ligand positioning within the selected docking region. The 275 

GABA-A receptor is an important pharmacological target in neuropharmacology and 276 

psychiatric treatment 3,38. The docking protocol was evaluated by extracting and re-docking the co-277 

crystallized ligand alprazolam (ALP) into the prepared α1-subunit model. The minor positional 278 

deviation between the original and re-docked ALP conformations indicated reproducibility of ligand 279 

placement within the isolated-subunit model 38,39. However, this validation does not establish 280 

canonical benzodiazepine-site binding, as the α1–γ2 subunit interface was not retained. 281 

Docking scores for all compounds are presented in Table 1. 282 

Using ALP as the reference compound (−7.5 kcal/mol), several BZDs showed comparable or 283 

favorable predicted docking scores, including OXA (−7.3 kcal/mol), NZP (−7.1 kcal/mol), 284 

CZP (−6.9 kcal/mol), ESZ (−6.8 kcal/mol), and CDP (−6.7 kcal/mol). Other compounds in the 285 

lower docking-score range included FZP (−6.2 kcal/mol) and CBZ (−6.1 kcal/mol) 40. Analysis 286 

of the docking poses revealed various noncovalent contacts between the ligands and residues within the 287 

selected α1-subunit region. Several BZDs formed conventional hydrogen bonds involving residues 288 

such as SER205, TYR210, and PHE100. OXA, NZP, and CZP formed relatively short 289 

hydrogen-bond contacts (<2.3 Å), which may contribute to their predicted docking scores 3,41,42. 290 
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Aromatic interactions, including π–π contacts involving TYR210, TYR160, and PHE100, were 291 

also observed with the aromatic rings of several ligands. Hydrophobic interactions, including 292 

alkyl and π-alkyl contacts, were particularly observed for CBZ, including contacts with 293 

residues such as PRO525 and GLU522. Additional interactions, including halogen and carbon–294 

hydrogen contacts, were observed less frequently. Overall, the docking results indicate that 295 

differences in hydrogen bonding, aromatic contacts, and hydrophobic interactions may 296 

contribute to variation in the predicted docking scores among the studied BZDs. These findings 297 

describe computationally predicted interaction patterns within the isolated α1-subunit model 298 

and should not be interpreted as direct evidence of canonical benzodiazepine-site binding or 299 

receptor modulation. 300 

SAR on binding affinity 301 

The docking scores of the selected BZDs against the D chain of the 6HUO protein were ranked 302 

as follows: OXA (−7.3 kcal/mol) > NZP (−7.1 kcal/mol) > CZP (−6.9 kcal/mol) > ESZ (−6.8 303 

kcal/mol) ≈ TMZ (−6.8 kcal/mol) ≈ CDP (−6.8 kcal/mol) ≈ MDZ (−6.8 kcal/mol) > CLZ (−6.6 304 

kcal/mol) > CBZ (−6.4 kcal/mol) > FZP (−6.2 kcal/mol), with ALP showing a docking score 305 

of −7.5 kcal/mol. Structural differences among the BZDs, including substitutions at the N1, 306 

C3, C5, and C7 positions, may contribute to differences in their predicted interaction patterns 307 

and docking scores. 308 

ALP, the co-crystallized reference ligand, showed the most favorable docking score among the 309 

analyzed compounds. Its triazolo-fused ring system may contribute to its observed pose 310 

through aromatic and other noncovalent interactions within the selected docking region. OXA, 311 

which showed the most favorable docking score among the studied BZDs, contains a hydroxyl 312 

(−OH) group at the C3 position that may facilitate hydrogen-bonding interactions with residues 313 

in the docking region. NZP, bearing a nitro (−NO₂) group at C7, exhibited a strong electron-314 

withdrawing substituent that may influence its electrostatic interactions and contribute to its 315 
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predicted docking score. CZP contains a carboxyl (−COOH) group at C3, which may 316 

participate in hydrogen-bonding and electrostatic interactions. 317 

ESZ, featuring a fused triazole ring, may benefit from its aromatic and electronically 318 

delocalized structure, which could contribute to its predicted interaction pattern. TMZ and CDP 319 

exhibited moderate docking scores; TMZ contains a hydroxyl group at C3, whereas CDP 320 

contains an N4-oxide (−N→O) moiety that increases molecular polarity and may influence its 321 

interactions within the docking region. 322 

MDZ, despite containing an imidazole-fused ring, showed a slightly less favorable docking 323 

score, which may be related to differences in its orientation or steric environment within the 324 

selected region. CLZ, containing a nitro group at C7, showed an intermediate docking score. 325 

CBZ, a 1,5-benzodiazepine derivative, displayed a less favorable score, potentially reflecting 326 

differences in ring geometry and aromatic contacts. FZP, bearing an N1-alkyl substitution, 327 

showed the least favorable docking score among the studied compounds, although the 328 

contribution of this substituent to the predicted pose cannot be established from docking alone. 329 

Overall, the observed variation in docking scores may reflect differences in molecular 330 

structure, hydrogen-bonding capacity, aromatic character, polarity, and steric features among 331 

the studied BZDs 43,44. These findings represent computationally predicted interaction patterns 332 

within the isolated α1-subunit model and should not be interpreted as direct evidence of 333 

canonical benzodiazepine-site affinity or receptor modulation. 334 

MD simulation analysis 335 

A 100 ns MD simulation was conducted using the Desmond module within the Schrödinger 336 

suite. The Simulation Interaction Diagram (SID) was employed to comprehensively analyze 337 

the dynamic behavior of the complexes, including protein and ligand RMSD, residue flexibility 338 

(RMSF), hydrogen bond formation, radius of gyration (Rg), solvent-accessible surface area 339 
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(SASA), and detailed protein–ligand as well as ligand–protein interaction profiles throughout 340 

the simulation trajectory. 341 

Protein RMSD Analysis  342 

To examine the conformational behavior of the isolated α1-subunit model in complex with 343 

three selected BZDs (CZP, NZP, and OXA), 100 ns MD simulations were performed, and the 344 

root mean square deviation (RMSD) of each complex was analyzed (Figure 6). The CZP-bound 345 

complex showed an initial adjustment during the first 10 ns, with RMSD values ranging from 346 

1.91 to 8.51 Å (average 4.67 ± 1.15 Å), followed by a relatively consistent trajectory until 347 

approximately 80 ns. The fluctuations observed toward the end of the simulation may reflect 348 

conformational adjustments in flexible regions of the protein 45. 349 

The NZP-bound complex reached an apparently stable trajectory within approximately 5 ns, 350 

with RMSD values ranging from 2.26 to 6.31 Å (average 4.31 ± 0.95 Å) throughout the 351 

simulation. The relatively consistent trajectory suggests that the overall conformation of the 352 

isolated α1-subunit model was maintained during the simulation. Persistent hydrogen-bonding 353 

interactions observed during the simulation may have contributed to the observed interaction 354 

pattern. The OXA-bound complex showed RMSD values between 1.83 and 7.04 Å (average 355 

4.57 ± 0.74 Å). The trajectory remained relatively consistent until approximately 70 ns, 356 

followed by moderate fluctuations that may reflect transient conformational adjustments or 357 

changes in ligand orientation 46. 358 

Overall, all three complexes maintained their overall structural behavior throughout the 100 ns 359 

simulations, although differences in RMSD profiles were observed. NZP showed the lowest 360 

average RMSD among the three complexes, indicating comparatively lower overall 361 

conformational deviation during the simulation. These findings provide insight into the 362 

dynamic behavior of the prioritized ligand–α1-subunit complexes; however, RMSD alone does 363 

not establish binding affinity or receptor activity.  364 
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Ligand RMSD Analysis 365 

Ligand RMSD analysis was performed to examine the conformational behavior of the three 366 

prioritized compounds during the 100 ns MD simulations (Figure 6). Lower ligand RMSD 367 

values generally indicate smaller deviations from the reference conformation, whereas larger 368 

fluctuations may reflect conformational changes or changes in ligand orientation during the 369 

simulation. NZP showed the lowest average RMSD among the three ligands, ranging from 370 

2.482 to 7.095 Å (average 5.116 ± 0.538 Å), with a comparatively consistent trajectory 371 

throughout the simulation. CZP exhibited RMSD values ranging from 2.590 to 37.927 Å 372 

(average 13.793 ± 3.779 Å), showing relatively consistent behavior until approximately 70 ns 373 

followed by increased fluctuations during the later phase. OXA displayed the largest 374 

deviations, with RMSD values ranging from 2.470 to 94.192 Å (average 25.590 ± 22.960 Å), 375 

particularly after approximately 60 ns, indicating substantial changes in ligand conformation 376 

or orientation relative to the initial pose. 377 

Overall, NZP exhibited comparatively lower conformational deviation during the simulation, 378 

whereas CZP and OXA showed greater fluctuations. These differences provide insight into the 379 

dynamic behavior of the ligands within the simulated isolated α1-subunit model. However, 380 

ligand RMSD alone cannot establish binding affinity, binding persistence, or ligand 381 

dissociation; such interpretations require consideration of additional trajectory-based analyses, 382 

including protein–ligand contacts, hydrogen-bond occupancy, ligand–protein distances, and 383 

interaction patterns. 384 

Protein RMSF Analysis 385 

The flexibility and residue-level dynamics of the isolated α1-subunit model in complex with 386 

CZP, NZP, and OXA were investigated using root mean square fluctuation (RMSF) analysis 387 

during the 100 ns MD simulations. RMSF measures the average positional fluctuation of 388 
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individual residues around their mean positions and provides information on local protein 389 

flexibility during the simulation 47,48. 390 

Most residues showed relatively low fluctuations, generally below 2 Å, across the three 391 

complexes. The mean RMSF values were 1.978 Å for CZP, 2.206 Å for NZP, and 1.826 Å for 392 

OXA. These values indicate that most regions of the isolated α1-subunit model exhibited 393 

limited residue-level fluctuations throughout the simulations. The maximum RMSF values 394 

were 9.516 Å for CZP, 9.364 Å for NZP, and 8.182 Å for OXA, suggesting that the larger 395 

deviations were localized to specific regions rather than distributed throughout the protein. 396 

Such localized fluctuations can occur in flexible loops, surface-exposed segments, or terminal 397 

regions 49,50. 398 

The CZP complex showed the highest fluctuation at THR310 (9.516 Å), with neighboring 399 

residues LYS308 (9.174 Å), PHE311 (8.648 Å), and ASN312 (7.719 Å) also displaying 400 

elevated mobility. Similarly, the NZP complex exhibited pronounced fluctuations around 401 

THR310 (9.364 Å), while LYS308 (8.346 Å), PHE311 (8.444 Å), and ASN312 (7.165 Å) 402 

showed comparable mobility. In the OXA complex, the mean RMSF was comparatively lower 403 

(1.826 Å), although notable fluctuations were observed at LYS308 (8.182 Å) and GLY307 404 

(6.356 Å). The recurring RMSF peaks across the TRP305–ASN312 region, particularly around 405 

LYS308–THR310, indicate that this segment represents a comparatively flexible region of the 406 

simulated α1-subunit model. 407 

Overall, the RMSF profiles indicate that residue-level fluctuations were largely localized to 408 

specific regions, while most residues exhibited relatively limited mobility. The observed 409 

flexibility may contribute to local conformational adjustments during ligand-bound 410 

simulations; however, RMSF alone cannot establish ligand-induced allosteric effects, binding-411 

site breathing, or mechanisms of ligand attachment or dissociation 51,52. 412 

Radius of Gyration (Rg) Analysis 413 



Page 18 of 49 

 

Rg was analyzed to examine the overall compactness of the simulated protein–ligand 414 

complexes during the 100 ns MD simulations. Rg describes the distribution of protein atoms 415 

around their center of mass and provides an indication of changes in the overall compactness 416 

of the protein structure. Relatively stable Rg values with limited fluctuations generally indicate 417 

that the overall dimensions of the protein remain comparatively consistent during the 418 

simulation. 419 

The three complexes showed relatively narrow Rg ranges throughout the simulation (Table 2, 420 

Figure 6, and Supplementary Figure S6). For the CZP complex, Rg values ranged from 3.521 421 

Å at frame 315 to 3.712 Å at frame 929, corresponding to a range of 0.191 Å, with an average 422 

value of 3.618 Å. The NZP complex showed values between 3.396 Å at frame 900 and 3.583 423 

Å at frame 222, with a range of 0.187 Å and an average of 3.496 Å. For the OXA complex, Rg 424 

values ranged from 3.462 Å at frame 223 to 3.645 Å at frame 649, corresponding to a range of 425 

0.183 Å, with an average value of 3.551 Å. 426 

The relatively small Rg variations observed for all three complexes indicate that the overall 427 

compactness of the simulated protein structures remained comparatively consistent throughout 428 

the trajectories. NZP showed the lowest average Rg among the three complexes, although this 429 

difference alone should not be interpreted as evidence of superior ligand stability or stronger 430 

binding. The Rg profiles remained relatively consistent after approximately 20 ns, suggesting 431 

no substantial change in the overall dimensions of the simulated protein structures during the 432 

later stages of the trajectories. 433 

Overall, the Rg analysis indicates that all three ligand-bound isolated α1-subunit models 434 

maintained relatively stable global compactness during the simulations. However, Rg alone 435 

cannot establish ligand-induced structural effects, binding-site stability, or receptor activity. 436 

 437 

 438 
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 Solvent Accessible Surface Area (SASA) Analysis 439 

SASA was analyzed to examine changes in the solvent exposure and surface characteristics of 440 

the simulated protein–ligand complexes during the 100 ns MD simulations. SASA provides 441 

information about the surface area of a molecular system that is accessible to the surrounding 442 

solvent and can be used to monitor changes in solvent exposure and overall conformational 443 

behavior during a simulation. 444 

The SASA profiles of the CZP, NZP, and OXA complexes are presented in Table 2, Figure 6E, 445 

and Supplementary Figure S6. The CZP complex showed SASA values ranging from 152.907 446 

Å² at frame 293 to 508.692 Å² at frame 986, corresponding to a range of 355.785 Å², with an 447 

average value of 274.916 Å². The NZP complex exhibited values between 161.341 Å² at frame 448 

12 and 337.338 Å² at frame 243, with a range of 175.997 Å² and an average value of 216.166 449 

Å². For the OXA complex, SASA values ranged from 136.154 Å² at frame 223 to 485.842 Å² 450 

at frame 814, corresponding to a range of 349.688 Å², with an average value of 306.028 Å². 451 

The lower average SASA observed for the NZP complex indicates comparatively lower solvent 452 

exposure of the analyzed molecular system during the simulation, whereas the higher average 453 

value for OXA reflects greater solvent-accessible surface area. The comparatively narrower 454 

SASA range observed for NZP also indicates less variation in solvent exposure relative to CZP 455 

and OXA. The SASA profiles became relatively consistent after approximately 25 ns, although 456 

fluctuations remained throughout the trajectories. 457 

Overall, the SASA analysis indicates differences in solvent exposure and surface behavior 458 

among the three simulated complexes. However, SASA alone cannot establish ligand burial 459 

depth, binding affinity, complex stability, or biological efficacy. Interpretation of ligand-460 

specific solvent exposure would require ligand SASA or protein–ligand interface SASA, 461 

together with complementary analyses such as protein–ligand contacts, hydrogen-bond 462 

occupancy, and ligand–protein distance measurements. 463 



Page 20 of 49 

 

Hydrogen Bond Interaction Analysis 464 

The hydrogen-bonding dynamics of the ligand–protein complexes were monitored throughout 465 

the 100 ns MD simulations to examine the persistence of polar interactions during the 466 

trajectories (Figure 6). The CZP complex maintained at least one hydrogen bond during a 467 

substantial portion of the simulation, with occasional increases to two to four hydrogen bonds. 468 

The mean hydrogen-bond count was approximately 1.11, indicating that polar contacts were 469 

maintained for a considerable portion of the trajectory 53–55. 470 

NZP showed a more variable hydrogen-bonding pattern, with periods of hydrogen-bond 471 

formation interspersed with frames in which these contacts were absent. The complex formed 472 

a maximum of three hydrogen bonds, with an average of approximately 1.01. This pattern 473 

indicates intermittent polar contacts and greater variation in hydrogen-bond occupancy 474 

compared with the CZP complex 56. 475 

OXA exhibited the most dynamic hydrogen-bonding profile among the three complexes. 476 

Hydrogen bonds were absent in a number of frames, while transient increases of up to five 477 

hydrogen bonds were observed in some portions of the trajectory. Despite these fluctuations, 478 

the mean hydrogen-bond count was approximately 1.11, similar to that observed for CZP 54,57. 479 

The transient increases indicate that OXA was capable of forming multiple polar contacts during 480 

particular stages of the simulation, although these interactions were not continuously 481 

maintained. 482 

Overall, the hydrogen-bond analysis indicates differences in the persistence and variability of 483 

polar contacts among the three ligand-bound complexes. CZP showed comparatively sustained 484 

hydrogen-bond occupancy, whereas NZP displayed greater variation in hydrogen-bond 485 

formation. OXA exhibited more pronounced fluctuations, including occasional periods with 486 

multiple simultaneous hydrogen bonds. These observations describe the dynamic polar 487 
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interaction patterns of the simulated complexes but should not be interpreted as direct measures 488 

of binding affinity or receptor activity. 489 

Protein-ligand contact analysis 490 

Simulation interaction diagram (SID) analysis was performed to characterize the non-covalent 491 

interaction patterns between the ligands and the isolated α1-subunit model throughout the 100 492 

ns MD simulations. Hydrophobic interactions, ionic interactions, hydrogen bonds, and water-493 

mediated contacts were examined to assess the persistence and distribution of protein–ligand 494 

contacts during the trajectories (Figure 7). 495 

The CZP complex showed recurrent contacts with LYS105, LYS117, and LYS156, with 496 

reported interaction fractions of 0.04, 0.74, and 0.08, respectively (Figure 7A). Among these 497 

residues, LYS117 showed the highest reported interaction fraction, indicating that this contact 498 

was observed more frequently during the simulation. The NZP complex exhibited contacts 499 

involving HIS102, TYR160, LYS384, and THR385, with reported interaction fractions of 1.28, 500 

1.60, 0.19, and 0.08, respectively (Figure 7B). The OXA complex displayed a broader 501 

interaction pattern involving THR13, ARG17, ASN87, LYS93, ASP98, PHE101, HIS102, 502 

SER107, ALA109, THR113, LYS117, TYR160, ALA161, GLN204, SER205, and TYR210, 503 

with reported interaction fractions ranging from 0.01 to 0.48 (Figure 7C). SER107 showed the 504 

highest reported interaction fraction among the OXA-associated residues. 505 

Overall, the three complexes displayed distinct interaction patterns during the simulations. CZP 506 

showed recurrent contacts with a smaller subset of residues, NZP exhibited interactions 507 

involving several residues including HIS102 and TYR160, and OXA displayed a broader 508 

distribution of contacts across the simulated α1-subunit model. These differences indicate 509 

variation in the persistence and distribution of protein–ligand interactions during the 510 

trajectories. However, SID analysis describes interaction occurrence rather than directly 511 

measuring binding affinity or binding strength. 512 
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Ligand-protein contact analysis 513 

Ligand–protein interactions contribute to the observed behavior of small molecules within a 514 

protein environment, and Simulation Interaction Diagram (SID) analysis revealed distinct 515 

interaction patterns for CZP, NZP, and OXA during the 100 ns MD simulations of the isolated 516 

α1-subunit model derived from PDB ID 6HUO. CZP showed recurrent hydrophobic contact 517 

with PHE100 and a side-chain hydrogen bond with THR99, with the latter exhibiting 518 

approximately 58% occupancy. These interactions indicate relatively persistent polar and 519 

nonpolar contacts during the simulation. NZP exhibited a hydrogen bond with HIS102 at 520 

approximately 85% occupancy, together with π–π interactions involving TYR160 at 521 

approximately 30–40% occupancy and additional hydrophobic contacts. These interactions 522 

indicate comparatively persistent polar and aromatic contacts during the trajectory. OXA 523 

displayed a broader but more variable interaction pattern, involving predominantly 524 

hydrophobic contacts and intermittent hydrogen bonding associated with its hydroxyl group. 525 

Overall, the three ligands exhibited distinct patterns in the type and persistence of protein–526 

ligand contacts. The observed differences may reflect the influence of ligand structure, polarity, 527 

and aromatic features on their interaction patterns within the simulated α1-subunit 528 

environment.  529 

Biological Activities Using PASS 530 

PASS analysis was performed to explore the predicted biological activity profiles of the 531 

selected BZDs. Predicted activities were interpreted according to their probability of activity 532 

(Pa), with Pa > 0.7 considered a higher predicted probability, 0.5–0.7 considered an 533 

intermediate predicted probability, and Pa < 0.5 considered a lower predicted probability 58. 534 

The analyzed compounds—CDP, chlorazepate, CBZ, clonazepam, ESZ, FZP, MDZ, NZP, OXA, 535 

and TMZ—showed diverse predicted biological activities, including muscle relaxant, 536 

anticonvulsant, anxiolytic, GABA receptor-related, and antiepileptic activities. 537 
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Antineurotic activity was predicted with Pa > 0.7 for chlorazepate, ESZ, FZP, and MDZ. 538 

Muscle relaxant activity showed lower predicted probabilities for CDP, ESZ, and CBZ. 539 

Anticonvulsant activity showed Pa > 0.7 for most compounds, with CDP representing an 540 

exception. Higher predicted probabilities for anxiolytic activity were observed for MDZ, FZP, 541 

ESZ, TMZ, and OXA. GABA receptor agonist activity was also predicted with Pa > 0.7 for 542 

OXA, TMZ, ESZ, FZP, and MDZ. Similarly, OXA, ESZ, FZP, and MDZ showed higher 543 

predicted probabilities for antiepileptic activity. FZP, clonazepam, and OXA were additionally 544 

predicted to have CYP3A4 substrate activity with relatively high Pa values. 545 

The predicted biological activities are summarized in Table 3. Overall, the PASS results 546 

indicate that the selected BZDs share several predicted CNS-related activity profiles, while 547 

differences in Pa values were observed among individual compounds. These predictions 548 

provide computational indications of possible biological activities but do not establish 549 

experimental efficacy, receptor agonism, or clinical pharmacological effects. 550 

Comparative ADMET Analysis of BZDs 551 

The predicted ADMET profiles of the ten BZDs showed variation in absorption, permeability, 552 

metabolic interactions, and toxicity-related parameters. The compounds showed predicted 553 

human intestinal absorption (HIA) values ranging from 0.929 to 1.000, together with predicted 554 

Caco-2 permeability values ranging from 0.500 to 0.887, indicating potentially favorable 555 

intestinal absorption and cellular permeability characteristics 59. Predicted blood–brain barrier 556 

(BBB) values ranged from 0.837 to 0.991, suggesting the potential for CNS access 60. These 557 

computational predictions are consistent with the CNS-directed use of several BZDs but should not be 558 

interpreted as direct measures of clinical efficacy or confirmed BBB penetration. 559 

Differences were also observed in the predicted CYP450 interaction profiles. OXA, TMZ, 560 

CDP, and NZP were predicted to be non-inhibitors of both CYP3A4 and CYP2C9, whereas 561 

CLZ, ESZ, CBZ, and FZP showed predicted CYP3A4 inhibitory activity. CZP and NZP were 562 
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predicted to inhibit CYP3A4, while ESZ, CBZ, CZP, NZP, and MDZ showed predicted 563 

CYP2C9 inhibitory activity. These results indicate potential differences in CYP-mediated 564 

metabolic interactions among the compounds. However, enzyme inhibition predictions alone 565 

cannot establish actual metabolic clearance, plasma accumulation, or the duration of 566 

pharmacological effects in vivo. 567 

Toxicity-related predictions also varied among the compounds. The predicted carcinogenicity 568 

scores ranged from 0.642 to 0.809, while high predicted Tetrahymena pyriformis toxicity 569 

(hTPT) was observed across the series. Acute oral toxicity predictions placed most compounds 570 

within Categories III–IV, whereas MDZ was assigned to Category II in the applied prediction 571 

model 61. These computational toxicity classifications should be interpreted as model-based predictions 572 

rather than direct evidence of clinical safety or toxicity. 573 

Overall, the ADMET analysis revealed compound-dependent differences in predicted 574 

absorption, permeability, CYP450 interactions, and toxicity-related parameters. These findings 575 

provide a comparative computational assessment of the selected BZDs and may help identify 576 

differences in their predicted pharmacokinetic and toxicological profiles. Experimental 577 

pharmacokinetic, metabolic, and toxicological studies would be required to confirm these 578 

predictions. 579 

 580 

Discussion 581 

The present study combined DFT, molecular docking, MD simulation, PASS prediction, and 582 

ADMET profiling to examine the structural, electronic, and predicted pharmacokinetic 583 

properties of selected BZDs in relation to an isolated α1-subunit model derived from the human 584 

GABA-A receptor structure (PDB ID: 6HUO). The analyses revealed differences among the 585 

compounds in their electronic descriptors, predicted docking poses, conformational behaviour, 586 

and computationally predicted pharmacological and pharmacokinetic properties. Together, 587 
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these methods provide complementary perspectives on molecular characteristics and predicted 588 

ligand-associated behaviour. The docking and MD findings, however, should be interpreted 589 

within the context of the isolated α1-subunit model rather than as direct evidence of binding at 590 

the canonical benzodiazepine-binding site, receptor modulation, or experimental 591 

pharmacological activity. 592 

FMO analysis revealed differences in the HOMO–LUMO energy gaps of the investigated 593 

compounds, providing insight into their predicted electronic reactivity and related molecular 594 

properties. CDP exhibited the lowest HOMO–LUMO gap, suggesting comparatively greater 595 

electronic reactivity, whereas CBZ had the highest gap, indicating comparatively lower 596 

electronic reactivity and greater resistance to electronic perturbation within the applied 597 

framework. These observations relate to the concepts of chemical hardness and softness, 598 

whereby softer molecules generally exhibit greater electronic polarizability and responsiveness 599 

to changes in their electronic environment 56. NZP showed the highest calculated softness 600 

among the studied compounds, suggesting comparatively greater electronic polarizability. 601 

Although these descriptors help distinguish the electronic characteristics of the BZDs, they do 602 

not independently demonstrate improved receptor accommodation, binding affinity, or 603 

biological activity. 604 

The electronic analysis was complemented by thermodynamic and electrostatic calculations. 605 

FZP showed the most negative calculated total energy among the investigated compounds. 606 

However, total energies calculated for individual molecules should not be interpreted directly 607 

as measures of their stability relative to one another or of their receptor-binding strength 608 

without appropriate comparative calculations. Dipole moment analysis identified ESZ as 609 

having the highest calculated dipole moment, indicating comparatively greater molecular 610 

polarity and a different charge distribution that may influence intermolecular interactions. 611 

Molecular electrostatic potential (MEP) mapping also revealed regions of relatively negative 612 
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and positive electrostatic potential in compounds such as NZP, CLZ, and CZP 36. Negative 613 

electrostatic regions, particularly around oxygen atoms, may serve as potential sites for 614 

interactions with suitable partners, while positive regions may interact with electron-rich sites. 615 

These calculations help characterize molecular polarity and potential interaction regions but do 616 

not establish receptor-binding specificity or pharmacological activity. 617 

Molecular docking revealed differences in the predicted poses and docking scores of the 618 

investigated BZDs within the selected region of the isolated α1-subunit model. OXA produced 619 

a docking score of −7.3 kcal/mol, close to that of the co-crystallized ligand alprazolam (ALP), 620 

which scored −7.5 kcal/mol. The hydroxyl group at C3 of OXA may contribute to the predicted 621 

hydrogen-bonding interactions with residues such as SER205 and THR207. NZP also showed 622 

a comparatively favourable docking score, potentially reflecting contributions from its C7 nitro 623 

substituent to polarity and electrostatic interactions. TYR210, TYR160, and PHE100 624 

participated in various predicted aromatic or hydrophobic contacts across the docked 625 

compounds. These results suggest that hydrogen bonding, aromatic contacts, and hydrophobic 626 

interactions may contribute to the predicted poses within the selected α1-subunit region. 627 

Nevertheless, docking scores and predicted contacts are dependent on the model and scoring 628 

function used. Because the α1–γ2 interface was not retained in the model, these findings do not 629 

establish binding at the canonical benzodiazepine-binding site or demonstrate receptor 630 

modulation. 631 

From a structure–activity relationship (SAR) perspective, substitutions at N1, C3, C5, and C7 632 

may influence the physicochemical properties and predicted interaction patterns of BZDs. The 633 

differences observed in docking scores may reflect the combined effects of hydrogen-bonding 634 

capacity, polarity, aromatic character, and steric features on ligand positioning within the 635 

selected α1-subunit region. For example, the C3 hydroxyl group of OXA may contribute to its 636 

predicted hydrogen-bonding pattern, whereas the C7 nitro group of NZP may influence its local 637 
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electrostatic environment. Differences in ring geometry and substituent size among compounds 638 

such as FZP and CBZ may also contribute to their predicted docking behaviour. These 639 

interpretations remain in computational associations rather than experimentally established 640 

SAR relationships. The present results therefore do not establish that specific substitutions 641 

increase or decrease receptor affinity. Further structural and experimental studies would be 642 

needed to clarify how these molecular features influence interactions with the complete 643 

GABA-A receptor. 644 

To examine the conformational behaviour of selected ligand–protein complexes, 100 ns MD 645 

simulations were performed for CZP, NZP, and OXA. Analysis of protein RMSD, ligand 646 

RMSD, radius of gyration (Rg), and solvent-accessible surface area (SASA) revealed 647 

differences among the three simulated systems. NZP showed the lowest average protein and 648 

ligand RMSD, together with relatively consistent compactness and solvent-exposure profiles 649 

during the simulation. These observations indicate comparatively lower conformational 650 

deviation in the NZP-associated system over the simulated period. In contrast, OXA exhibited 651 

substantial ligand RMSD fluctuations during the later stages of the trajectory, indicating 652 

changes in its position or conformation relative to the initial reference structure. This contrast 653 

between OXA's initial docking score and its subsequent RMSD behaviour illustrates the 654 

different information provided by docking and MD simulation: docking estimates the 655 

favourability of a predicted pose using a scoring function, whereas MD follows structural 656 

changes over time under the simulated conditions. However, RMSD, Rg, and SASA alone 657 

cannot establish ligand retention, binding affinity, or receptor activity. The observed 658 

differences should therefore be interpreted as trajectory-dependent behaviour within the 659 

simulated systems. 660 

Hydrogen-bond occupancy and SID analyses further highlighted differences in the predicted 661 

interaction patterns of NZP, OXA, and CZP. NZP showed relatively persistent hydrogen-662 
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bonding and aromatic interactions involving residues such as HIS102 and TYR160 during 663 

portions of the trajectory. OXA formed multiple hydrogen bonds at certain stages, although 664 

these interactions varied over time. CZP displayed both polar and hydrophobic contacts, 665 

including recurrent interactions involving PHE100 and THR99. The recurrence of residues 666 

such as HIS102, TYR160, SER205, and PHE100 across the analyses indicates that they 667 

contributed to predicted interactions within the simulated isolated α1-subunit environment. 668 

Nevertheless, the frequency or persistence of individual contacts does not independently 669 

establish binding affinity, binding specificity, or receptor function. These observations describe 670 

interactions within the selected structural model and should not be taken as definitive evidence 671 

of interactions at the canonical α1–γ2 benzodiazepine-binding interface. 672 

PASS and ADMET analyses provided additional predictions regarding the potential biological 673 

activities and pharmacokinetic characteristics of the selected BZDs. PASS predicted several 674 

CNS-related activities, including anxiolytic, anticonvulsant, muscle relaxant, and GABA 675 

receptor-related activities, with differences in Pa values among the compounds. Higher 676 

predicted probabilities for several anxiolytic and GABA receptor-related activities were 677 

observed for OXA, ESZ, FZP, MDZ, and TMZ. The ADMET analysis also predicted intestinal 678 

absorption, Caco-2 permeability, and blood–brain barrier (BBB) permeability across the 679 

investigated compounds, suggesting potentially favourable absorption characteristics and 680 

possible CNS exposure according to the applied prediction models. These results do not, 681 

however, establish oral bioavailability or actual BBB penetration, which depend on multiple 682 

physicochemical, biological, and pharmacokinetic factors. 683 

Differences were also observed in the predicted CYP450 interaction profiles. OXA, TMZ, and 684 

CDP were predicted to be non-inhibitors of both CYP3A4 and CYP2C9. In contrast, CLZ, 685 

CBZ, CZP, NZP, and FZP were predicted to inhibit CYP3A4, while ESZ, CZP, and MDZ were 686 

predicted to inhibit CYP2C9. These profiles suggest potential differences in the compounds' 687 
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predicted metabolic interaction characteristics. However, computational enzyme-inhibition 688 

predictions alone cannot establish changes in drug metabolism, systemic accumulation, drug 689 

exposure, or clinical safety. The predicted toxicity parameters should likewise be treated as 690 

model-based estimates rather than direct evidence of toxicity or safety. Experimental testing 691 

would be required to determine whether these predicted properties translate into measurable 692 

biological or clinical effects. 693 

Several limitations should be considered when interpreting these findings. The docking and 694 

MD simulations used the isolated GABA-A receptor α1 subunit (Chain D), allowing the 695 

structural and ligand-associated properties of this subunit to be examined without modelling 696 

the complete receptor. Consequently, the predicted interactions are specific to the selected 697 

structural model and do not establish binding at the canonical benzodiazepine-binding 698 

interface. The substantial ligand RMSD fluctuations observed for OXA and CZP also require 699 

further examination. Inspection of the trajectories and verification of the RMSD calculations 700 

would help determine whether these changes reflect ligand displacement, conformational 701 

variation, or methodological factors. In addition, the selected complexes were analysed using 702 

single MD trajectories, leaving the reproducibility of their observed behaviour across 703 

independent simulations undetermined. The DFT descriptors, docking scores, PASS 704 

predictions, and ADMET profiles provide computational estimates rather than experimental 705 

confirmation of binding affinity, pharmacological activity, pharmacokinetic behaviour, or 706 

clinical safety and efficacy. No experimental validation was performed in the present study. 707 

Independent MD simulations, detailed trajectory analysis, and appropriate biochemical and 708 

pharmacological experiments would help assess the robustness of these observations and 709 

clarify their biological relevance. 710 

Overall, the investigated BZDs displayed distinct electronic, docking, dynamic, and predicted 711 

ADMET profiles. NZP showed comparatively lower conformational deviation during the MD 712 
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simulation and relatively persistent predicted interaction patterns, whereas OXA had a 713 

favourable initial docking score but exhibited greater ligand RMSD fluctuations during the 714 

later stages of the trajectory. These contrasting observations illustrate the value of combining 715 

electronic-structure calculations, docking, MD simulation, PASS prediction, and ADMET 716 

profiling to compare molecular properties and predicted behaviour. The findings remain 717 

computational and should be interpreted in the context of the isolated α1-subunit model and 718 

the limitations of the prediction methods. Further studies using independent MD trajectories, 719 

the complete receptor system where appropriate, and experimental assays are needed to 720 

establish the relevance of the predicted interactions and assess their potential pharmacological 721 

significance. 722 

 723 

Conclusion 724 

This study integrated DFT, molecular docking, MD simulations, PASS prediction, and 725 

ADMET profiling to comparatively characterize ten BZDs. The compounds exhibited distinct 726 

electronic properties, predicted binding interactions, conformational behaviors, and 727 

computationally predicted biological activity and pharmacokinetic profiles. Among the 728 

investigated compounds, OXA showed the most favorable docking score, whereas NZP 729 

exhibited comparatively lower ligand RMSD during the 100-ns MD simulation. However, the 730 

substantial ligand RMSD fluctuations observed for OXA and CZP warrant further trajectory 731 

inspection. 732 

These findings provide a comparative computational assessment of BZD properties and may 733 

inform future investigations. Nevertheless, because docking and MD simulations used an 734 

isolated GABA-A receptor α1 subunit rather than the complete receptor, the results do not 735 

establish binding at the canonical benzodiazepine-binding interface or demonstrate receptor 736 

modulation. Similarly, PASS and ADMET outputs represent computational predictions rather 737 
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than experimental evidence of pharmacological activity, safety, or clinical efficacy. Further 738 

studies using the complete receptor structure, independent MD simulations, and experimental 739 

validation are needed to establish the biological relevance of these findings. 740 
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Figure 1. Chemical structures of the selected BZDs, showing their abbreviations and 947 

corresponding PubChem Compound Identifiers (CIDs). 948 
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 951 

952 

 953 

Figure 2. Comparison of calculated physicochemical and electronic descriptors of the selected 954 

BZDs: (A) Gibbs free energy, (B) dipole moment, (C) chemical softness, and (D) chemical 955 

potential. 956 
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 959 

Figure 3: Comparison of calculated highest occupied molecular orbital–lowest unoccupied 960 

molecular orbital (HOMO–LUMO) energy gaps among the selected BZDs. 961 

 962 

 963 

Figure 4. Molecular electrostatic potential (MEP) maps of the three prioritized 964 

benzodiazepines, illustrating the spatial distribution of electrostatic potential across their 965 

molecular surfaces. 966 
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 967 

Figure 5: Validation of the molecular docking protocol by superimposing the redocked ligand 968 

pose onto its co-crystallized conformation. 969 
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 970 

Figure 6. Comparison of the binding-site environment, non-bonded interactions, and 971 

hydrogen-bonding surfaces of the three prioritized BZDs and the co-crystallized reference 972 

ligand alprazolam (ALP) within the GABA-A receptor structure (PDB ID: 6HUO). 973 
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.975 

Figure 7. MD analysis of three prioritized BZDs docked to the isolated α1 subunit (Chain D) 976 

of the GABA-A receptor (PDB ID: 6HUO) over 100 ns: (A) protein Cα RMSD, (B) ligand 977 

RMSD, (C) protein Cα RMSF, (D) radius of gyration (Rg), (E) solvent-accessible surface area 978 

(SASA), and (F) intermolecular hydrogen bonds. 979 
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 980 

Figure 8. Protein–ligand interaction profiles of the selected complexes over 100 ns, shown as 981 

stacked bar charts for (A) CZP, (B) NZP, and (C) OXA. 982 
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Table 1. Predicted binding affinities and non-bonded interactions of the selected BZDs with 989 

the isolated α1 subunit of the GABA-A receptor (PDB ID: 6HUO), including interacting 990 

residues, interaction types, and distances. 991 

Ligand Binding affinity (kcal/mol) Residue in contact Interaction type * Distance (Å) 

ALP (Bound drug) -7.5 

SER205 H 2.674 

TYR210 PPS 3.905 

PHE100 PPTS 5.181 
TYR160 PPTS  5.504 
PHE100 PA 4.756 
TYR160 PA 4.768 

TMZ -6.8 

SER205 H 2.958 
PHE100 PA 5.144 
TYR210 PPS 4.064 
PHE100 PPT 5.211  

CDP  -6.8 

THR207 H 2.229 

TYR160 PPS 5.183  

TYR210 PPS 4.202 

PHE100 PPTS 5.147  
TYR160 PPTS 5.238 
PHE100 PA 4.650 

FZP -6.2 

SER205 H 2.523,  
TYR160 PA 4.869 
SER205 H 2.672 
TYR210 PPS 3.881 
TYR160 PPTS 5.674 
PHE100 PA 4.879 

MDZ -6.8 
SER205 H 2.336 
TYR210 PPS 4.063 

OXA -7.3 

SER205 H 2.092 
THR207 Psi 3.957 
TYR210 PPS 4.0091 
TYR160 PPTS 5.261 
TYR160 PA 5.487 

CZP -6.9 

SER205 H 2.347 
TYR210 PPS 3.942 
PHE100 PPTS 5.238 
TYR160 PPTS 5.485 
PHE100 PA 4.823 
TYR160 PA 4.749 

CBZ -6.4 

TYR160 H 2.691 
PHE100 PPT 5.050 
PHE100 PA 5.049 
HIS102 PA 4.120 
TYR160 PA 4.647 
TYR210 PA 3.916 
VAL203 PA 5.380 

ESZ -6.8 
TYR210 PPS 4.026 
PHE100 PPTS 5.205 
PHE100 PA 5.422 

CLZ -6.6 

HIS102 H 2.274 
TYR160 H 2.518 
HIS102 PdH 3.045 
PHE100 PPT 4.884 
PHE100 PPT 5.150 

NZP -7.1 

HIS102 H 2.055 
SER205 H 2.698 
PHE100 PPTS 4.675 
VAL203 PA 5.027 

* PA: π-Alkyl, H: Conventional hydrogen bond, PdH: π-Donor hydrogen bond, Psi: π-Sigma, PPS: π-π Stacked, 992 

PPTS: π-π T-shaped. 993 
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Table 2. The three selected complex average RMSD, RMSF, and Rg. 994 

Parameter CZP NZP OXA 
Protein Cα RMSD (Å) 4.67±1.145 4.31±0.938 4.57±0.729 
Ligand RMSD (Å) 13.79±3.779 5.12±0.538 25.59±22.960 

Protein Cα RMSF (Å) 1.98±1.095 2.21±1.077 1.83±0.934 
Radius of gyration (Å) 3.62±0.026 3.50±0.028 3.55±0.029 

Solvent-accessible surface area (Å2) 274.92±70.626 216.17±19.915 306.028±119.989 

Hydrogen bond 1.11±0.832 1.01±0.490 1.11±1.032 

 995 

Table 3. PASS-predicted biological activities of the selected benzodiazepines. 996 

Compounds 

Pharmacological Activity (Pa values) 

Anti-
neurotic 

Muscle  
relaxant 

Anti-
convulsant 

Anxiolytic 
GABA 

receptor  
agonist 

Anti-
epileptic 

CYP3A4  
Substrate 

TMZ 0.527 0.954 0.947 0.927 0.877 0.574 0.635 

CDP 0.44 0.494 0.698 0.626 -   -  - 

FZP 0.924 0.986 0.967 0.742 0.806 0.715 0.729 

MDZ 0.891 0.964 0.923 0.799 0.727 0.731 0.409 

OXA 0.527 0.891 0.934 0.913 0.822 0.721 0.704 

CZP 0.815 0.756 0.852 0.477 0.526 0.508 0.327 

CBZ 0.555 0.448 0.891 0.684 0.695 0.561 0.575 

ESZ 0.88 0.664 0.939 0.849 0.918 0.725 0.604 

CLZ 0.464 0.817 0.905 0.41 0.664 0.582 0.728 

NZP 0.505 0.736 0.847 0.382 0.563 0.507 0.695 

 997 
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 999 
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 1002 

 1003 

 1004 

 1005 

 1006 

 1007 
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Table 4. Predicted absorption, distribution, metabolism, excretion, and toxicity (ADMET) 1008 

properties of the selected BZDs. 1009 

Name  Absorption Distributi
on 
 
 
SL 

Metabolism 
 

Toxicity 

BBB HIA CP P-GpS CYP450 
3A4 

CYP450 
 2C9 

hERG C TPT AOT 

OXA +0.964 +0.983 +0.887 -0.517 0.589(M) 0.656(NI) 0.506(NI) 0.873(NI) 0.771 0.990(hTPT) 0.727(III) 
CLZ +0.898 +0.993 +0.500 -0.763 0.467(M) 0.639(I) 0.606(NI) 0.889(NI) 0.780 0.969(hTPT) 0.469(III) 
TMZ +0.975 +0.991 +0.798 -0.550 0.622(M) 0.601(NI) 0.545(NI) 0.831(NI) 0.809 0.934(hTPT) 0.814(III) 
CDP +0.837 +0.929 +0.591 -0.560 0.605(M) 0.833(NI) 0.756(NI) 0.921(NI) 0.659 0.942(hTPT) 0.613(III) 
ESZ +0.980 +1.000 +0.843 -0.594 0.662(M) 0.682(NI) 0.822(I) 0.894(NI) 0.713 0.985(hTPT) 0.807(III) 
CBZ +0.991 +0.990 +0.749 -0.573 0.459(M) 0.701(I) 0.530(NI) 0.865(NI) 0.785 0.940(hTPT) 0.620(IV) 
CZP +0.972 +0.995 +0.531 -0.560 0.452(N) 0.557(I) 0.521(I) 0.873(NI) 0.642 0.985(hTPT) 0.485(IV) 
NZP +0.980 +0.993 +0.518 -0.589 0.534(M) 0.679(I) 0.613(NI) 0.850(NI) 0.720 0.919(hTPT) 0.745(III) 
FZP +0.990 +1.000 +0.612 -0.855 0.611(M) 0.635(I) 0.711(NI) 0.718(I) 0.760 0.974(hTPT) 0.783(III) 
MDZ +0.972 +1.000 +0.887 -0.507 0.473(M) 0.521(NI) 0.713(I) 0.738(NI) 0.770 0.976(hTPT) 0.733(II) 

*BBB Blood–Brain Barrier, HIA Human Intestinal Absorption, CP Caco-2 Permeability, P-GpS P-glycoprotein Substrate, SL 1010 

Subcellular Localization, M Mitochondria, N Nucleus, C Carcinogens, TPT Tetrahymena pyriformis Toxicity, AOT Acute 1011 

Oral Toxicity, NS Non-Substrate, NI Non-inhibitor, I Inhibitor, WI Weak-Inhibitor, NC Non-carcinogens, lTPT Low TPT, 1012 

hTPT High TPT. 1013 
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