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Abstract 

Histone deacetylases (HDACs) as an important family of epigenetic regulatory enzymes 

are implicated in the onset and progression of carcinomas. As a result, HDAC inhibition 

has been proven as a compelling strategy for reversing the aberrant epigenetic changes 

associated with cancer. However, non-selective profile of most developed HDAC inhibitors 

(HDACIs) leads to the occurrence of various side effects, limiting their clinical utility. This 

evidence provides a solid ground for ongoing research aimed at identifying isoform-

selective inhibitors. Among the isoforms, HDAC1 have particularly gained increased 

attention as a preferred target for the design of selective HDACIs. Accordingly, in this 

paper, we have developed a reliable virtual screening process, combining different ligand- 

and structure–based methods, to identify novel benzamide-based analogs with potential 

HDAC1 inhibitory activity. For this purpose, a focused library of 736,160 compounds from 

PubChem database was first compiled based on 80% structural similarity with four known 

benzamide-based HDAC1 inhibitors, Mocetinostat, Entinostat, Tacedinaline, and 

Chidamide. Our inclusive in-house 3D-QSAR model, derived from pharmacophore-based 

alignment, was then employed as a 3D-query to discriminate hits with the highest 

predicted HDAC1 inhibitory activity. The selected hits were subjected to subsequent 

structure-based approaches (induced-fit docking (IFD), MM-GBSA calculations and 

molecular dynamics (MD) simulation) to retrieve potential compounds with the highest 

binding affinity for HDAC1 active site. Additionally, in silico ADMET properties and PAINS 

filtration were also considered for selecting an enriched set of the best drug-like molecules. 

Finally, six top-ranked hit molecules, CID_38265326, CID_56064109, CID_8136932, 

CID_55802151, CID_133901641 and CID_18150975 were identified to expose the best 

stability profiles and binding mode in the HDAC1 active site. The IFD and MD results 

cooperatively confirmed the interactions of the promising selected hits with critical residues 

within HDAC1 active site. In summary, the presented computational approach can provide 
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a set of guidelines for the further development of improved benzamide-based derivatives 

targeting HDAC1 isoform. 

Keywords: Cancer, HDAC1 inhibitors, Drug design, virtual screening, induced-fit docking, 

Molecular dynamics simulation 

 

1. Introduction 

 

Histone deacetylases (HDACs) represent one of the valuable targets in antineoplastic drug 

design, mainly due to their potential for regulation of fundamental life phenomena [1-3]. 

They regulate gene expression and cell cycle progression by removing acetyl groups from 

lysine residues located on the N-terminal tail of the histone proteins. The deacetylation 

causes structural condensation of chromatin in a way that impedes the accessibility of 

transcription factors to nucleosomal DNA, suppressing the expression of key pro-apoptotic 

genes [4-6]. 

According to sequence homology and catalytic mechanism, the 18-known human HDAC 

isoforms are grouped into two main categories: the “classical” HDACs and the “sirtuin” 

proteins. This enzyme superfamily can be further subdivided into four classes as well. The 

classical HDACs are zinc-dependent metalloenzymes that comprise class I (HDAC1–3 

and 8), II (HDACs 4–7, 9 and 10) and IV (HDAC11). On the contrary, sirtuins (SIRT1-7), 

also described as class III HDACs, require NAD+ as a cofactor for their enzymatic activity 

[4, 7, 8]. 

The aberrant activation of HDACs and corresponding hypo-acetylation of histones has 

long been associated with the development of various types of human cancers. 

Consequently, HDAC inhibitors (HDACIs) were found to induce cell cycle arrest, 

differentiation, apoptosis, inhibition of proliferation and cytostasis in tumor cells through 

transcriptional re-activation of suppressed genes [9-11]. The FDA approval of some 

structurally diverse HDACIs for clinical use, including, Vorinostat [12], Belinostat [13], 

Panobinostat [14], Chidamide [15], and Romidepsin well validated HDAC family members 

as potential drug targets for cancer therapy [16]. Moreover, many HDACIs such as 

Mocetinostat [17], Entinostat [18], Tacedinaline [19], Givinostat [20], and Abexinostat [21] 

are currently undergoing clinical trials for treating various solid tumors and hematologic 

malignancies. The chemical structures of these inhibitors are shown in Figure 1. 

Generally, a widely accepted pharmacophore model for most HDACIs is constituted of  

three distinct structural features: a) a zinc-binding group (ZBG), b) a surface recognition 

group (cap group), and c) a linker. The first motif, ZBG, plays a vital role in interacting with 

the catalytic zinc ion at the bottom of the active binding site of enzymes. The cap group 

was involved in hydrophobic interactions with residues on the outer surface of the enzyme, 

leading to block the entrance of the HDAC active pocket. The linker occupies the long and 

narrow channel between the catalytic pocket and the outer surface of the enzyme, thereby 

provide the tubular access to the active site [22-24]. 

Hydroxamates and benzamides are renowned ZBGs that have frequently been exploited 

in the design of most potential HDACIs (Figure 1) [2, 24]. Unfortunately, the vast majority 

of hydroxamate derivatives nonspecifically target multiple HDAC isoforms, behaving as 



pan-inhibitors [25, 26]. It is now well proved that insufficient selectivity is main drawback of 

pan-inhibitors, which contributed in the occurrence of the undesired off-target activities 

leading to severe toxicity [27, 28]. Thus, increasing efforts have recently been devoted to 

discovery of non-hydroxamate HDACIs with improved selectivity toward a specific isoform 

due to reduced side effects, improved clinical efficacy and superior therapeutic index. 

Moreover, isoform-selective inhibitors would provide chemical tools for probing the precise 

functions of individual HDAC isoforms in human diseases [29, 30]. In this frame, 

benzamide derivatives have caught more attention as the most successful class of non-

hydroxamate HDACIs in the isoform-selective HDACIs research owing to excellent 

selectivity for class I HDACs, particularly HDAC1 [31, 32]. In particular, HDAC1 was 

significantly overexpressed in various cancers, including prostate, gastric, breast, 

pancreatic and colon cancer [33-37]. Furthermore, the role of this isoform in tumorigenesis 

is not only linked with histone deacetylation, but also displays unique features through 

forming complexes with a variety of non-histone proteins. For example, the HDAC1 acts as 

a pivotal component in interaction with tumor suppressor protein p53, which is a controlling 

factor on cell proliferation and differentiation [38]. 

Nowadays, in silico screening methodologies significantly support the modern drug 

discovery process [39]. In this regard, academia and pharmaceutical companies 

extensively exploit high-throughput virtual screening (HTVS) strategy to accelerate the 

identification of potential bioactive molecules for a given drug target by searching in large 

molecular databases. The cardinal goal of such methods is to minimize failures in the final 

stages of development of a newfangled drug in a fast and cost-efficient way [40]. 

Furthermore, a combination of two complementary VS approaches (ligand- and structure-

based) is often undertaken to compensate the shortcomings of each individual method, 

leading to better productivity of virtual screening outcomes (41-45). 

Although various virtual screening and molecular modeling approaches have been 

assisted in the search for HDACIs [46-51], a limited number of chemical libraries have 

been surveyed for the discovery of potent and selective HDAC1 inhibitors [52]. Thus, this 

necessitates the demand for an extension of chemical space to achieve structural diverse 

selective HDAC1 inhibitors possessing less toxic and more potent profiles. Accordingly, we 

have recently reported a meaningful pharmacophore-based 3D-QSAR model using a large 

set of benzamide derivatives as valuable selective HDAC1 inhibitors [53]. The developed 

3D-QSAR model represented a robust tool for predicting HDAC1 inhibitory activity, 

possessing a rationale for its employment in virtual screening campaign [53]. To 

complement these efforts, in the current study, we decided to exploit this model as a 

convenient filtering tool for further seeking benzamide-based chemotypes as selective 

HDAC1 inhibitors in online PubChem database. In particular, an exhaustive virtual 

screening protocol based on the mentioned 3D-QSAR model coupled with an extensive 

flexible molecular docking and MM-GBSA rescoring calculation was implemented in a 

stepwise-filtering approach. The sequential virtual screening applied in this study is 

illustrated in Figure 2, from which we can witness the number of hits reduced after each 

screening step. The 3D-QSAR model allowed us to discriminate “hits” that satisfy the 

chemical and the geometrical aspects governing HDAC1 inhibitory activity. Subsequently, 

structure-based searching was used to dock each “hit” to the HDAC1 active site and then, 

rank their binding affinities. Further, to enrich the final potential hits with desirable 

pharmacokinetics (Absorption, Distribution, Metabolism and Excretion; ADME) profiles, in 



silico drug-likeness and physicochemical filters have been incorporated in this screening. 

Finally, to examine stabilities of ligand binding modes and validate screening outcomes, 30 

ns molecular dynamics (MD) simulations of HDAC1 complexes with respective best-

ranked ligands was performed. The in silico screening workflow described here, could aid 

in expediting and streamline discovery and development campaign of  selective HDAC1 

inhibitors for cancer treatment. 

 

2. Material and methods 

 

2.1. Hardware and Software Specifications 

 

All computations in this study were performed using molecular modeling package from 

Schrödinger’s Drug Discovery Suite 2015 (Schrodinger, Inc., LLC, New York, USA) 

installed on an Intel Xeon CPU E5-2620 v2 @ 3.30 GHz, 64 GB RAM with 12 processors, 

and a 2 GB graphics card of NVIDIA Quadro K2200 running Ubuntu 10.04 LTS (long- term 

support) as the operating system. Access to the Schrödinger modules as well as the 

capability to organize and analyze data was provided by Maestro as a portal interface of 

Schrödinger [54]. 

 

2.2 Dataset and library preparation 

 

The PubChem is a free online server comprising more than 96 billion unique chemical 

structures and over 246 billion substances which was supported by U.S. National Library 

of Medicine [55]. This database was used in the current in silico framework for virtual 

screening the molecules, which could act as HDAC1 inhibitors. For this purpose, similarity 

search was used to select all compounds containing benzamide sub-structure included 

within PubChem database. In particular, we used the similarity search tool implemented in 

PubChem database. This tool used the fingerprint Tanimoto-based 2-dimensional 

similarity search method. In this regard, the structures of four well-known benzamide-

based HDAC1 inhibitor, Mocetinostat, Entinostat, Tacedinaline, and Chidamide were 

employed as templates to afford the most similar compounds with a Tanimoto threshold of 

80% similarity considering the whole structure of compounds. This latter resulted in the 

generation of a library composed by 736,160 candidate hits. The structures of all achieved 

molecules were saved in Structure-Data File (SDF) format and subjected to the next 

screening filters. 

 

2.3 Ligand preparation 

 

Accurate 2D to 3D conversion and proper optimization of ligand structures is an important 

precursor step toward virtual screening studies. Thus, all the members of obtained library 



were prepared by means of Macromodel [56] and LigPrep [57] modules of Schrodinger 

suite 2015, as previously described by us [58, 59]. In particular, molecular energy 

minimization of the structures was performed in MacroModel environment using the OPLS-

AA 2005 as force field [60, 61]. The generalized born/surface area (GB/SA) solvation 

model was used for simulating the solvent effects with “no cut-off” for non-bonded 

interactions [62]. The Polak-Ribiere conjugate gradient (PRCG) method with 5,000 

maximum iterations and 0.001 gradient convergence threshold was employed. All the 

compounds were then treated by the LigPrep application to accomplish chemical 

correctness along with generate the most probable ionization state at the cellular pH value 

(7.4 ± 0.5). 

 

2.4. Pharmacophore-based 3D-QSAR dataset screening 

 

The five-feature pharmacophore hypothesis (ADDRR) and its corresponding 3D-QSAR 

model, recently developed by us [53], was used as a 3D-query for screening against 

736,160 hits derived through similarity search. This dataset screening was conducted 

using advanced pharmacophore-screening option of software package Phase 4.2, 

implemented in Schrödinger suite [63, 64]. Conformers of each molecule were generated 

in Phase employing the option “generated conformers during search.” The maximum 

number of conformers per structure and the number of conformers per rotatable bond was 

retained at 100 and 10, respectively. The Conformational searches were performed by 

applying the rapid torsional sampling method. The conformers were filter out by specifying 

a maximum energy of 10 kcal/mol relative to the lowest conformation so that the high-

energy conformers discarded. The dataset was then searched to match the 

pharmacophore hypothesis ADDRR using the following criteria: a) at least four out of the 

five Pharmacophore features should be satisfied; b) no site should be considered as 

mandatory; c) do not prefer partial matches involving more sites; d) tolerance level for 

matching the inter-feature distances was set to the default value (3.0 Å). At the end of the 

search, in order to narrow down the number of potential hits, resulting compounds were 

filtered using the 3D-QSAR model to predict HDAC1 inhibitory activity. Hit compounds with 

estimated pIC50 values more than 0.7 were selected for further screening. 

 

2.5. Protein preparation 

 

rystal structure of human HDAC1 (PDB ID: 4BKX) was retrieved from the protein data 

bank [65], and subjected to the protein preparation wizard (PPW) protocol available in 

Schrödinger suite 2015 [66]. This protocol allowed us to obtain a reasonable starting 

structure of the target protein for structure-based screening experiments using a series of 

computational steps [67]. As previously reported [68, 69] ELM2-SANT domain of MTA1 

used for crystallizing HDAC1 (PDB ID 4BKX) was manually removed and the HDAC1 

enzymes was treated using PPW protocol. At first, the protein structure was preprocessed 

as follows: 1) removal of crystallographic water molecules and all irrelevant heteroatoms 

except for the Zn2+ ion within the active site; 2) adding all hydrogen atoms to the structure; 



3) assigning bond orders; 4) generating metal binding state for the enzyme; 5) creating 

disulfide bonds; and 6) filling missing side chains and loops. Moreover, in order to optimize 

the hydrogen bond network, the protonation state of His, Asp, and Glu residues were 

predicted, 180° rotations of the terminal angle of Asn, Gln, and His residues were 

assigned, and hydroxyl and thiol hydrogens were sampled. Finally, OPLS-2005 force field 

was implemented with the convergence RMSD cut-off of 0.30 Å for energy minimization of 

resultant protein structure to ensure its stability and quality for the next studies [60]. 

 

2.6. Receptor grid generation 

Receptor grid file for the prepared HDAC1 protein was generated using Receptor Grid 

Generation option of Glide module (Grid-based Ligand Docking with Energetic) 

implemented in Maestro suite [70]. Energy grids were prepared using the default value of 

protein atom scaling factor (1.0 Å) within a cubic box. Since the position of the catalytic 

Zn2+ ion within the binding site of crystallized HDAC1 (PDB ID: 4BKX) was known, we 

centered the grid on the zinc ion, roughly representing the center of active site (grid box 

center coordinate: X: -46.756; Y: 16.29; Z: -7.785). Moreover, the grid box was chosen to 

be sufficiently large to include not only the active site of the HDAC1 but also significant 

regions of the surrounding surface [68, 69]. The grid box was adjusted based on a size 

capable of accommodating ligands with a length of 16 Å. As a requirement for the grid 

generation procedure for metal-dependent enzymes, metal constraints for receptor grids 

were also considered to generate possible geometries for the metal-coordination bonds. 

 

2.7. Structure-based virtual screening 

 

The virtual screening workflow (VSW) module implemented in the Schrödinger suite was 

used to identify potential inhibitors, amongst the 28,252 top-ranked hits predicted as most 

active ones through the 3D-QSAR model, against the putative active site of prepared 

HDAC1 protein [71]. As part of this multi-step workflow, two pre-filtering choices, Lipinski’s 

Rule of 5 (RO5) and Reactive filters, were set to remove ligands with undesirable drug-

likeness properties and reactive functional groups. The survivors from the specified 

filtering criteria proceeded to the subsequent docking steps in the workflow. The VSW 

exploits Glide docking protocol to rank the best compounds, providing three different levels 

of docking precision: high-throughput virtual screening (HTVS), standard precision (SP), 

and extra precision (XP) [70, 72, 73]. The pre-generated grid file for the prepared receptor 

was used for docking calculations. In this study, docking calculations were first performed 

in HTVS mode. Subsequently, the retained ligands from this stage are passed to the next 

stage, which performs XP docking calculations. The scaling factor for the van der Waals 

radii of the docked ligands was set to 0.80 Å, with a partial charge cut-off 0.15 Å. In every 

step of glide docking, 10% of the ligands were retrieved with the higher docking score. The 

XP GlideScore scoring function was used to order the best ranked compounds and the 

specific interactions were assessed by using ligand-interaction diagram implemented in 

maestro and PyMOL [74]. Finally, the 105 top-ranked compounds, displaying GlideScore 

values lower than -7.0 kcal/mol, and a satisfactory binding mode consistent with the key 



interactions observed for the active inhibitors within the HDAC1 active site, were retrieved 

for the next filtering stage. 

 

2.8. ADMET properties prediction and PAINS filter analysis 

 

Early determination of problematic candidates possessing poor pharmacokinetic profiling, 

can streamline the overall drug discovery process through a dramatic reduction in wasted 

time and money. Nowadays, in silico approaches are widely used to predict ADMET 

properties (absorption, distribution, metabolism, excretion and toxicity) of new chemical 

entities during lead identification and optimization [75]. Therefore, QikProp module 

implemented in the Maestro suite was used as an extra filter for in silico evaluation of 

ADMET properties and drug-like behavior of the potential hits selected from VSW [76]. In 

these calculations, Mocetinostat, Entinostat, Chidamide, and Tacedinaline were employed 

as standard drugs. This step was performed to select only hits that to be predicted to 

possess satisfactory physicochemical properties in the appropriate range recommended 

by QikProp. Especially, membrane permeability, lipophilicity, human oral absorption, 

cardiotoxicity or potential interaction with hERG channels were amongst important criteria 

investigated for filtering [77]. Default settings were employed for these calculations. 

Subsequently, the set of selected compounds from Qikprop, was further inspected for 

behaving as “Pan Assay Interference Compounds” (PAINS) by using FAFDrugs 4.0 tool 

[78-80]. The PAINS compounds tend to nonspecifically react with a wide range of 

biological targets rather than specifically affecting one desired target, providing false 

positive compounds. Accordingly, these hits cannot be considered appropriate starting 

points for the drug discovery trajectory and should be removed from the screening 

process. 

 

2.9. Induced Fit Docking Studies 

 

In order to improve the reliability of the screening workflow, the induced-fit docking (IFD) 

protocol implemented in the Schrödinger suite was applied on the extracted drug-like 

compounds from the last filter [81]. This protocol allows the incorporation of receptor 

flexibility by adjusting the receptor structure in the binding site based on the docked ligand, 

offering more accurate method for predicting ligand binding mode [82, 83]. The protocol 

was conducted in three consecutive steps. During the first stage, ligands were docked into 

a rigid receptor using softened-potential Glide docking with van der Waals (vdW) radii 

scaling of 0.5 for both the protein and ligand non-polar atoms. The Glide SP mode was 

used for the initial docking, and maximum 20 ligand poses were retained for protein 

structural refinements [72]. The grid box was centered on the zinc ion within the active site 

and the box size was set to “Auto”. In the next step, the Prime module was employed to 

generate the induced-fit protein–ligand complexes. In this way, each of the 20 initial ligand 

poses from the previous step was subjected to the side-chain and backbone refinements. 

Amino acid residues having at least one atom located within 5 Å of each corresponding 

ligand pose were included in the conformational search and refinement while residues 



outside this range were fixed [84, 85]. The refined complexes were ranked by Prime 

energy, and 10 receptor structures within 30 kcal/mol of the minimum energy structure 

were passed through for a subsequent round of Glide docking and scoring. Finally, a 

rigorous re-docking of the ligands was conducted into their respective low-energy receptor 

structure that produced in the second step using Glide XP mode at default settings. An IFD 

score that accounts for both the protein–ligand interaction energy and the total energy of 

the system was calculated employing OPLS-2005 force field and used to rank the IFD 

poses. Since, the more negative IFD score characterizes the more favorable binding, the 

potential hits with top IFD score were selected for the next screening steps. The final 

ligand–protein complexes were also visualized using PyMOL [74] and Ligand Interactions 

diagram embedded in the Maestro suite. 

 

2.10. Ligand binding affinity estimation based on MM-GBSA technique 

 

The approximate scoring functions like GlideScore are untrustworthy predictive criteria to 

rank compounds with respect to their binding affinities [86]. Thus, to obtain further 

accuracy for our protocol, the best ligand-HDAC1 complexes obtained from the IFD 

studies were subjected to the subsequent analysis with MM-GBSA process provided in the 

Prime module of Schrödinger suite 2015 [87]. This method offers an efficient and 

worthwhile post-scoring approach for prioritizing the screened hits with lower ΔGbind 

values through improvement in prediction of relative binding free energy between ligands 

and receptor. The MM-GBSA approach combines the molecular mechanical (MM) 

energies with the continuum solvent generalized Born (GB) model for polar solvation as 

well as a solvent-accessible surface area (SASA) for non-polar solvation term [88, 89]. 

Accordingly, the representative docked pose of ligands was first minimized using the local 

optimization feature in the Prime and then energies of ligand-protein complexes were 

calculated using the OPLS-2005 force field and Generalized-Born/Surface Area continuum 

solvent model. During this process, the ligand strain energy was also considered, as 

previously reported [42, 58]. The binding free energy of each ligand was determined by the 

following equations [90]: 

ΔGbind = Gcomplex-(Gprotein+Gligand) 

= ΔEMM + ΔGSOL 

ΔGSOL = ΔGGB + ΔGSA  

Where ΔEMM is the difference in energy minimization between the protein-ligand complex 

and the sum of the energies of free protein and ligand. This energy is calculated by 

summing contributions from the internal energies, electrostatic and van der Waals 

interaction energies. ΔGSOL is the corresponding difference in the solvation free energies 

calculated by summing contributions from polar (ΔGGB) and non-polar (ΔGSA) solvation 

energies. 

Eventually, the results were ranked based on the obtained ΔGbind values. A satisfactory 

ΔGbind (estimated value lower than −40 kcal/mol) was considered to repossess final hits 

with the highest binding affinity to HDAC1 active site. 



 

2.11. Molecular dynamics (MD) simulation study 

 

The best ranked candidates based on MM-GBSA results were subjected to MD simulation 

experiments for evaluating the stability of their binding mode within the HDAC1 active site 

and elucidation of the ligand-protein interactions in details [91-93]. These studies were 

performed by means of Desmond 4.1 academic version, using Maestro as graphical 

interface [54, 94, 95]. In order to obtain reasonable ligand-protein complexes as starting 

points for the MD simulation protocol, the complexes derived from MM-GBSA calculations, 

were initially prepared using protein preparation wizard workflow as described above. The 

prepared complexes were solved into a cubic-shaped box full of water molecules 

represented by known TIP3P model [96], using Desmond system builder. Force field 

parameters for the protein-ligand systems were assigned using the OPLS-2005 force field 

[60]. An appropriate number of Na+/Cl− counter ions were added to obtain a fixed salt 

concentration of 0.15 M representing the physiological concentration of monovalent ions. 

Before the MD simulation, a series of restrained minimization and short MD simulations 

were performed to slowly relax the model system without deviating considerably from the 

initial protein coordinates. The stages of pre-relaxation process are the following: 1) 12 ps 

simulation in the NVT ensemble (constant number of particles, volume and temperature) 

restrained with non-hydrogen solute atoms (temperature 10 K); 2) 12 ps simulation in the 

NPT ensemble (constant number of particles, pressure and temperature) restrained with 

non-hydrogen solute atoms (temperature 10 K); 3) 12 ps simulation in the NPT ensemble 

(temperature 300 K) restrained with solute non-hydrogen atoms and 4) 24 ps simulation in 

the NPT ensemble (temperature 300 K) with no restraints. The temperatures and 

pressures in the short initial simulations were controlled using Berendsen thermostat and 

barostat, respectively. Finally, the equilibrated system was simulated for 30 ns at the 

constant temperature of 300 K and pressure of 1.01325 bar, employing the NPT as 

ensemble class. RESPA integrator was applied in order to integrate the equations of 

motion, with an inner time step of 2.0 fs for bonded interactions and non-bonded 

interactions within the short-range cut-off [97]. Nose-Hoover thermostats [98] were used to 

keep constant the simulation temperature, and the Martyna-Tobias-Klein method [99] was 

used to control the pressure. Long-range electrostatic interactions were calculated by 

particle-mesh Ewald method (PME) [100]. The cut-off for van der Waals and short-range 

electrostatic interactions was set at 9.0 Å. Consequently, a single trajectory of 30 ns for 

each complex was obtained. The trajectory files were analyzed using simulation event 

analysis, simulation quality analysis, and simulation interaction diagram tools provided in 

the Desmond package. Moreover, the mentioned tools were employed to generate all plots 

regarding MD simulation presented in this study. 

 

3. Results and discussion 

 

This study aims to develop an attentively designed a virtual screening workflow that can 

efficiently be used to identify novel and promising hits as selective HDAC1 inhibitors. 

Recently, our group successfully developed a predictive 3D-QSAR model derived from 



pharmacophore-based alignment method using a large set of benzamide derivatives as 

noteworthy selective HDAC1 inhibitors [53]. Encouraged by the results obtained from the 

validation of model, to exploit the available data concerning both ligands and HDAC1 

structure, the virtual screening strategy was centered on the parallel application of both 

3D-QSAR model and conceptually different structure-based methods, in a stepwise-

filtering approach (Figure 2). Below, the results of the different in silico experiments used 

in the current screening are presented and discussed. 

 

3.1. Dataset and Library preparation 

 

Given that structural similarities of ligands can indicate similarities in their pharmacological 

features, a similarity search method (ligand-based) was used to efficiently screen 

PubChem database to cast an initial library for our screening process. This approach leads 

to the selection of a narrower chemical space of the database, and then increases the 

chance of success. For this purpose and according to a Tanimoto similarity metric of 80% 

with Mocetinostat, Entinostat, Tacedinaline, and Chidamide, a starting virtual library of 

736,160 structurally similar compounds (227,638 Mocetinostat-like, 24,919 Entinostat-like, 

239,276 Tacedinaline-like, and 244,327 Chidamide-like molecules) was identified from the 

PubChem database. These hits were prepared at the cellular pH value (7.4 ± 0.5) using 

LigPrep considering possible ionization states and guaranteed that all ligands are in the 

lowest energy conformation. Prepared ligands were subjected to the following hierarchical 

filtering steps. 

 

3.2. 3D-QSAR Pharmacophore-based virtual screening 

 

Pharmacophore hypothesis alignment is one of the most widely used ligand-based 

approaches for screening existing databases to prioritize potent compounds for 

experimental evaluation. The main advantage of this method is the high screening speed 

and rapid elimination of compounds lacking fundamental structural features. Thus, the five-

point pharmacophore hypothesis (ADDRR), supplemented with a highly predictive 3D-

QSAR model, previously developed by us for selective HDAC1 inhibitors [53], was used as 

a tool for discriminating potential inhibitors from virtual library of 736,160 hits obtained in 

the previous step. Various conformers of these hits were thoroughly searched for matching 

at least four out of the five features. Pharmacophore searching led to the identification of 

473,919 hits that met the specified requirements in the pharmacophore model. Lastly, 

further filtration of matches based on estimated pIC50 values > 0.7 in turn allowed the 

selection of 28,252 top-ranked compounds with the highest predicted inhibitory activity for 

the next structure-based studies. 

 

 

 



3.3. Structure-based virtual screening 

 

Ligand-based approaches suffer from high false positives, i.e., hits that match the  

pharmacophore hypothesis but do not show activity, due to unsuitable fitting in the target 

binding site. In contrast, structure-based methods consider the receptor structure capable 

of predicting the accurate binding mode of ligands within the active site of the target 

protein and, thereby preferentially ranking active ligands ahead of inactive ones. Thus, to 

reduce the risk of false positives, the identified 28,252 potential hits were employed to 

execute structure-based virtual screening against the putative active site of HDAC1, using 

the VSW procedure available in Maestro molecular modeling environment. This workflow 

allows to perform a fast preliminary screening (HTVS), followed by a more accurate 

docking protocol (SP or XP). The molecular docking protocol necessitates prudently 

optimized 3D-structure of protein for accurate binding affinity prediction. Thus, the X-ray 

structure of HDAC1 (PDB ID: 4BKX) was optimized in the protein preparation wizard 

environment, applying OPLS-2005 as force field to remove bad atomic contacts in the 3D-

structure and to obtain a structure with a lower energy state. Using “Lipinski’s rule of five” 

(RO5) and "Reactive" pre-filters at the dawn of the screening workflow, the dataset was 

trimmed to exclude less pharmacokinetically suitable ligands. In fact, Lipinski’s RO5 is 

commonly used as criteria for evaluation of drug-like behavior of hits, which is necessary 

for rational drug design campaigns. This rule describes four ranges for important 

physicochemical properties of small-molecule drugs, including 1) a partition coefficient (log 

P) ≤ 5; 2) a molecular weight (MW) ≤ 500 g/mol; 3) a number of hydrogen bond acceptors 

≤ 10; 4) a number of hydrogen bond donors ≤ 5. Any value differing from these values was 

considered as a violation. The acceptable value of RO5 violations for a drug-like molecule 

is 1 [77]. According to results, 24,025 out of 28,252 hits were identified to satisfy Lipinski's 

properties and thereby signified to possess appropriate drug-like potential. Moreover, after 

applying Reactive filtering, 23,030 hits lacked any reactive functional groups that were 

survived for proceeding to the next steps. Afterwards, the two modes of structure-based 

virtual screening were then applied for the docking of the retrieved 23,030 drug-like hits 

targeting the key residues of HDAC1 active site and subsequent scoring of their binding 

affinities. In the first stage, the top 10% hits in terms of docking score comprising 2,303 

molecules, were retained employing Glide HTVS method. Further re-docking of these 

compounds using XP Glide mode leads to 230 hits. Since XP docking method is highly 

accurate and penalizes severe steric clashes, the final hit selection was conducted based 

on XP GlideScore threshold lower or equal to -7.0 kcal/mol. This filter rendered 105 top-

ranked hits as potential HDAC1 inhibitors to continue further examination.  

 

3.4. ADMET prediction and PAINS filter analysis 

 

The intrinsic activity of a drug is not the only factor that determines its effectiveness upon 

administration. A drug should be capable of permeating a wide variety of barriers before 

reaching its site of action and should undertake so without being metabolized. Therefore, 

evaluating the absorption, distribution, metabolism, excretion, and toxicity (ADMET) profile 

of drug candidates is of utmost importance in the early stages of drug discovery, thereby 



improving the probability of clinical success later during the drug development process. 

Nowadays, in silico techniques are widely used for the fast prediction of safety, 

pharmacokinetic, bioavailability and toxicity properties of new chemical entities in human 

body preceding expensive experimental procedures [101]. Consequently, as a step of the 

developed screening workflow, QikProp software was used to assess many crucial 

pharmacokinetic parameters of 105 hits that passed the last step. This step enabled us to 

eliminate weak druggable candidates and further focus on the molecules with favorable 

pharmacokinetic properties. The special parameters considered for ligand selection in this 

step of filtering were as follows: Caco-2 and MDCK cell permeability in nm/sec (QPPCaco-

2 and QPPMDCK >500), blood-brain barrier permeability (QPlogBB: -3 to 1.2), the 

percentage of human oral absorption (HOA > 80%), lipophilicity (QPlogP: -2 to 6.5), 

aqueous solubility (QPlogP: -6.5 to 0.5), and predicted IC50 values for blockade of hERG 

K+ Channels and so cardiotoxicity (QPlogHERG < -5). Data indicated that predicted 

pharmacokinetic properties of 77 out of 105 compounds concurred with permissible ranges 

described for the human being. The results for all 77 retrieved molecules were also 

comparable with the corresponding descriptors for standard drugs, qualifying them as 

drug-like molecules. Furthermore, the resultant compounds were fruitfully screened for 

their potential capability to behave as PAINS by FAFDrugs 4.0 web server. Based on this 

filtration criterion, 3 molecules among 77 compounds have sub-structural features that 

marked them as “frequent hitters” in high-throughput screenings. Eventually, this step 

reduced the number of screened hits, thereby highly enriching the library with 74 more 

promising virtual hits. The ADMET prediction results of these top-screened candidates 

were provided in the Supplementary Table S1. 

 

3.5. Induced-fit docking (IFD) 

 

In order to narrow down the number of the potential hits and guarantee the reliability of  the 

screening protocol, 74 retrieved drug-like molecules were further analyzed using IFD 

calculations, a flexible docking technique, as previously described by us [102-104]. 

Considering a rigid receptor in standard virtual docking studies can lead to misleading 

results, since many proteins undergo side-chain or backbone movements, upon ligand 

binding. The most important feature of IFD is that both ligand and residues in the 

receptor’s active site and its vicinity are imparted flexibility. Thus, this docking protocol can 

significantly improve the prediction of binding mode of hit candidates into the HDAC1 

active site. The best pose of the compounds obtained from initial virtual docking 

experiments was exploited for IFD studies targeting the key residues involved in HDAC1 

active binding site. To validate the applied docking protocol, the binding modes of 

Mocetinostat, Entinostat, Tacedinaline, and Chidamide, four well-known HDAC1 inhibitors, 

were also explored via IFD procedure. The obtained IFD results for all compounds were 

sorted based on XP GlideScore values. With the purpose of screening compounds with 

docking score lower than those found for the reference compounds, the score values lower 

than -11.00 kcal/mol were considered as filtering criteria. This led to identify 37 top-ranked 

hit candidates as prominent HDAC1 inhibitors with docking score within the range from 

-13.91 to -11.02 kcal/mol, Glide energy from -69.06 to -44.56 kcal/mol, glide Emodel 

energy from -123.49 to -61.91 kcal/mol and IFD score from -1217.85 to -1209.36 kcal/mol 



(Table S2). To confirm that, the best binding poses of each selected ligand were engaged 

in critical interactions within the HDAC1 active site, all predicted IFD poses were visually 

scrutinized. The different scores and energies obtained from IFD and the interaction 

details for 37 selected hits are presented in Tables S2 and S3, respectively. 

The active site of zinc-dependent HDAC1 consisted of a long and narrow hydrophobic 

tube-like channel, leading to an internal cavity that contains the catalytic Zn2+ ion. Various 

hydrophobic residues such as phenylalanine, histidine, glycine, methionine, leucine and 

tyrosine, play significant roles in the creation of this active site. Therefore, these crucial 

residues along with the catalytic zinc ion were proposed to be involved in the potential 

binding interaction between inhibitors and HDAC1 active site [68, 69, 105-107]. The 

analysis of the IFD results indicated that best binding pose of 37 selected hits was properly 

settled in the same space as occupied by the approved HDAC1 inhibitors. In consonance 

with docking models of reference ligands, the predicted binding mode of these hits was 

predominantly driven by the extensive hydrophobic interactions with key residues Met30, 

Leu139, Phe150, Cys151, Phe205, Leu271, and Tyr303 (Table S3). Besides the potential metal-

coordination bond with the catalytic Zn2+ ion, several H-bond interactions were detected 

with residues Asp99, His140, His141, Gly149, His178, Tyr204, Phe205, Leu271, and Tyr303, that 

contribute to further stability of molecules in the binding site. The latter interactions were 

strengthened by the formation of π–π stacking contacts with residues His140, His141, His178, 

Phe150, Tyr204, Phe205, and Tyr303. Moreover, the amino acids Arg34, Phe150, His178, and 

Phe205 were occasionally observed to be engaged in additional cation-π interaction with 

some of the selected hits (Table S3). 

 

3.6. MM-GB/SA rescoring of hit compounds and binding mode analysis 

 

Although docking methods and the associated scoring functions exhibit good predictive 

power in offering the best ligand pose within the protein-binding site, they are not reliable 

enough to rank order compounds with respect to their binding affinities and thereby 

biological activity. This poor correlation can be due to severe approximations employed by 

docking scoring functions, which can substantially amplify inaccuracies in such 

calculations [86, 108]. It has recently been appeared that the incorporation of more 

physically relevant energy terms such as solvation energy and surface accessibility area 

with a molecular mechanical force field provides ligand binding energy calculations with a 

more acceptable accuracy [88, 89]. Thus, the best-docked pose of each ligand selected 

from the previous IFD studies was rescored using a subsequent MM-GBSA post-docking 

protocol. MM-GBSA allow us to perform relatively accurate predictions of ligand binding 

affinity for a specific target and so can be applied with confidence to prioritize active hits in 

a virtual library. Rescoring using MM-GBSA leads to minor changes in ligand 

conformations within the receptor site. These changes result from the minimization of the 

ligand in the receptor’s environment and consequent stabilization of receptor-ligand 

complex [88, 89]. 

In this step of screening workflow, ranking of the ligands was conducted based on 

obtained free binding energy values (ΔGbind). The ΔGbind values lower than -40 kcal/mol 

were considered to retrieve the final set of compounds, leading to the identification of 12 



top-ranked hits. This implies that these compounds were the most stable ligands within 

protein-binding site, thereby possessing the highest in silico binding affinity for HDAC1 

active site. The chemical structures of these compounds are shown in Figure 3. The 

calculated ΔGbind values of the selected hits along with their contributions to the total 

binding free energy from various energy components are provided in Table 1. 

About the free binding energy values of known inhibitors reported in Table 1 (Mocetinostat, 

Entinostat, Chidamide, and Tacedinaline), the selected hits were predicted to have a 

higher binding affinity than known ligands toward HDAC1 active site (ΔGbind ranged from -

54.095 to -40.199 kcal/mol). Specifically, most of these ligands exerted more favorable van 

der Waals and lipophilic terms than known inhibitors. In addition, general inspection of the 

free energy components in this Table revealed that the van der Waals and the lipophilic 

interaction energies (ΔGvdW and ΔGLipo) are the most important contributors to the ligands 

binding energy. This observation emphasizes critical importance of hydrophobic 

interactions in the stability of the igand–protein complexes, which is logical considering the 

highly hydrophobic nature of HDAC1 binding pocket. A close-up view of the best-docked 

pose of the six top-ranked hits inside the HDAC1 active site along with their 2D interaction 

diagram is depicted in Figure 4. The binding mode analyses of these compounds were 

also described in detail below. The details regarding atoms/residues of top six potential 

hits involved in key interactions within HDAC1 binding site as well as the predicted binding 

mode of the other final hits selected from this step are also provided in the supplementary 

Tables S4, S5 and Figure S1. 

 

3.6.1. Binding mode of compound CID_38265326 

 

The hit CID_38265326 was identified to occupy the HDAC1 binding site with the most 

favorable binding energy (ΔGbind: -54.095 kcal/mol). Interestingly, this result was in good 

accordance with data predicted by IFD modeling studies. As shown in Table S2, the best 

XP Glide and IFD scores (-13.913 and -1217.85 kcal/mol, respectively) were also obtained 

for this compound amongst screened hits. This ligand passes the tube-like gorge of the 

HDAC1 enzyme while interacting by hydrophobic contacts with the key residues Leu271, 

Phe205, and Phe150, as well as two hydrogen bonds with Asp99 (see Tables S4, S5 and 

Figure 4). In this way, the molecule was extended into the internal cavity and favorably 

participated in expected hydrophobic interactions with Val19, Tyr24, Met30, Pro32, Ile35, 

Phe109, Trp135, Ala136, Leu139, Cys151, and Tyr303. This situation allowed the carbonyl 

oxygen of the benzamide group to get involved in a direct interaction with the Zn2+ 2.12 Å 

away, while the N-H of amide can form a hydrogen bond with Gly149 (Table S4). Moreover, 

phenyl and pyridine rings of the ligand were observed to engage residues phe150, His140, 

His141, and Arg34 through π-π stacking and cation-π interactions, thereby improving further 

binding affinity of the ligand to HDAC1 active site. 

 

 

 

 



3.6.2. Binding mode of compound CID_56064109 

 

As shown in the MM-GBSA results in Table 1, the hit CID_56064109 displayed the binding 

affinity for the HDAC1 active site with the ΔGbind value of -49.947 kcal/mol. The putative 

binding mode of this molecule within HDAC1 binding site (with an IFD score of -1216.121 

kcal/mol and GlideScore of -12.107 kcal/mol) indicated that the ligand binding is primarily 

mediated by hydrophobic interactions (see Tables S2 and S3). In this compound, 2- 

(benzyloxy)pyridine moiety address the active site tunnel, providing appropriate 

hydrophobic interactions with residues Leu271, Tyr204, and Pro206 (see Table S5 and Figure 

4). The pyridine portion was also involved in an additional π–π stacking interaction with 

Tyr204. The rest of the molecule embedded in the hydrophobic internal cavity and stabilized 

by favorable hydrophobic contacts with Pro29, Tyr303, Phe205, Met30, Leu139, and Cys151 

(Table S5) as well as π– π stacking interactions with His178 and Phe205. The adopted 

conformation of the ligand within HDAC1 active site, benefits from the establishment of 

additional hydrogen bonds with Gly149, His178 (Table S4), in addition to the zinc ion 

coordination. 

 

3.6.3. Binding mode of compound CID_8136932 

 

The binding energy of -49.046 kcal/mol was predicted for the complex formation of this hit 

with HDAC1 binding site (Table 1). As shown in Figure 4, phenyl and cyclopropyl groups of 

this ligand were found to fit inside the lipophilic tube and main cavity of HDAC1 active site, 

so that they were able to establish intensive hydrophobic interactions with the neighboring 

residues Tyr24, Met30, Phe109, Leu139, Phe150, Cys151, Tyr204, Phe205, Leu271, and Tyr303 

(See Table S5). This accommodation enables phenyl rings of ligand to engage in π–π 

stacking interactions with residues Tyr204, His178, and Phe150, while the nitro functional 

group participated in two cation-π interactions with Phe150 and Phe205. In addition to 

interaction of the carbonyl oxygen of benzamide moiety with the catalytic zinc ion at the 

end of the pocket, this moiety was involved in additional hydrogen bond formation with 

residues Tyr303 and Gly149 (Table S4). 

 

3.6.4. Binding mode of compound CID_55802151 

 

The best-bound conformation of this ligand within HDAC1 active site exhibited a ΔGbind 

value of -48.745 kcal/mol (Table 1). The predicted binding mode for this hit (Figure 4) 

showed that HDAC1 active site properly encompassed aromatic groups of the ligand, 

forming the expected hydrophobic interactions (Table S5). Moreover, the pyridine moiety 

binding to the active site tunnel was engaged in a π-π stacking with the phenyl ring of 

Phe205 residue. The phenyl ring of  benzamide moiety buried in the internal cavity, was 

also able to establish a triple π-π stacking with Phe150, His141, and His178. This orientation 

enables the terminal amide side-chain of ligand to embed in a region close to the Zn-

binding site of protein. Consequently, beyond the zinc ion coordination, carbonyl oxygen 



and N-H of this benzamide group established two hydrogen bonds with residues His140 

and Gly149, respectively (Table S4). The carbonyl group of amide linker between pyridine 

and phenyl rings also form another hydrogen bond with His178, which contribute to further 

stabilization of ligand binding inside HDAC1 active site (Table S4).  

 

3.6.5. Binding mode of compound CID_133901641 

 

The proposed binding mode of ligand CID_133901641 accounted for a ΔGbind value of  

-47.975 kcal/mol, filling the tunnel and main cavity of HDAC1 active site. In this context, 

terminal ether side-chain of ligand overlaid the mouth of the active site tunnel, such that 

stabilized by favorable hydrophobic contacts with Tyr204, Leu271, and Phe205, as well as 

hydrogen bond interaction with His178 (see Tables S4, S5 and Figure 4). The rest of the 

ligand perfectly nestles in the tunnel and internal cavity of the active site, making favorable 

hydrophobic contacts with Met30, Phe150, Tyr303, Cys151, and Leu139 (Table S5). With this 

accommodation, carbonyl oxygen of amide linker between phenyl rings is able to interact 

with the catalytic zinc ion at the end of the pocket. In addition, residues His140, His141, and 

His178 along with Gly149 were observed to participate in π - π stacking and hydrogen bond 

interactions with ligand, respectively. 

 

3.6.6. Binding mode of compound CID_18150975 

 

This ligand was predicted to orient inside the HDAC1 binding site (ΔGbind: -47.873 

kcal/mol) in such a way that the benzimidazole, phenyl and cyclopropyl moieties were 

properly clamped by lipophilic tube and main cavity of HDAC1 active site, providing 

expected hydrophobic interactions with the key residues Met30, Phe109, Phe150, Leu139, 

Cys151, Phe205, Leu271, Tyr303, Trp312 (Table S5). In this respect, phenyl ring favorably took 

part in additional π-π stacking interactions with residues Phe150 and His141 as well. In 

addition to the observed zinc ion coordination, the carbonyl oxygen and N-H of benzamide 

groups of the ligand exerted interactions with the residues Tyr303, Gly149 and Gly138 through 

hydrogen bonding (Table S4). 

 

3.7. Molecular dynamics simulation analysis 

 

Molecular dynamics (MD) simulation has evolved into a fundamental in silico technique for 

capturing dynamic events of biological systems under specific conditions of physiological 

environment. A high-performance MD, especially when coupled with other computational 

tools, can provide detailed insight into conformational changes and internal interactions of 

protein-ligand complexes on the time scales by introducing atomic-level perturbations 

[109]. Thus, the best binary complexes of the 12 final screened hits and known ligands 

with HDAC1, in terms of the lowest binding free energy and the best orientation of the 

ligand in the active site, were further subjected to an extensive MD study for 30 ns. The 



objective of MD simulations was to ensure the stability of the binding mode and the main 

intermolecular interactions of the ligands in the HDAC1 active site. In this regard, the 

resulting trajectories for all complexes were completely scrutinized through different 

standard simulation parameters including the root mean square deviations (RMSDs) for all 

backbone atoms and ligands, the root mean square fluctuations (RMSFs) of individual 

amino acid residues, intermolecular hydrogen bond formation and gyration radius. 

Overall structural fluctuations and conformational stability of each complex were evaluated 

by analyzing the RMSD of protein backbone atoms versus simulation time. The results of 

the RMSD analysis for the selected hits and known inhibitors are reported in Figures S2 

and S3, respectively. As seen in the Figure S2, after an initial period of RMSD fluctuations, 

all ligand-protein complexes, except for CID_17479772 and CID_29693448, reached 

equilibrium status and then the conformational stasis was accomplished without much 

fluctuation in the rest of the simulation time. These results implied that these systems 

folded into a more stable state than the starting structure, consequently reinforcing the 

reliability of the docking outcomes. 

By comparing the RMSD plots, it can be found that CID_38265326, CID_56064109, 

CID_8136932, CID_55802151, CID_133901641, and CID_18150975 (indicated by 

asterisk in Figure 3) had the least fluctuations in RMSD amongst hits. Accordingly, it was 

concluded that the complex of these hits with HDAC1 active site are more stable than the 

other ligands under the same MD simulation conditions. As reported in Figure 5, the 

RMSD profiles of these six complexes were almost the same at the end of the simulation 

with average RMSD values of 1.89, 2.02, 2.03, 2.12, 1.95, and 1.93 Å, respectively. In 

particular, they were perfectly superimposed in the last 10 ns of the simulation time. For 

CID_56041109, CID_8136932, and CID_55802151, the system gradually reached an 

overall stability after about 15 ns, whereas the bound state of compounds CID_38265326, 

CID_133901641, and CID_18150975 displayed a longer equilibration time (after 10 ns of 

MD simulation). Moreover, the RMSD values of these compounds were comparable with 

those found for known inhibitors, (Entinostat (RMSD: 1.71 Å), Tacedinaline (RMSD: 2.13 

Å), Chidamide (RMSD: 1.84 Å), and Mocetinostat (RMSD: 1.82 Å)), fortified their stable 

binding with HDAC1 active site under similar simulation conditions. 

RMSF refers to the variation of the atomic Cα coordinates of the protein from its average 

position throughout the MD simulation. This assessment is particularly useful for 

characterizing the flexibility of individual residues in the protein backbone. Thus, RMSF of 

backbone atoms for six aforementioned ligand-protein complexes with the best RMSD 

profile, was analyzed to explore the dynamic behavior of the essential residues involved in 

the interaction with a specified ligand. Figure 6 illustrates the superimposed RMSF graph 

of protein-ligand complexes. Although some residues in several complexes fluctuated 

much more than in other complexes, overall pattern of residue fluctuations in complexes 

except for CID_38265326 was found to be similar to that seen in Entinostat. The results of 

RMSF analysis indicated that the main fluctuations in all systems corresponded to 

residues that were far from the ligand binding site. As shown in Figure 6, in all  systems a 

noticeable value of RMSF was observed in a restricted number of residues at the N-

terminal and the C-terminal tails of protein. Furthermore, residues such as Glu86, Ala223, 

Ala239, Ser290, and Ala317, with high fluctuation were located in the flexible loop regions. In 

contrast, the conformational changes of crucial residues in the HDAC1 active site, (lowest 

RMSF values for all complexes), verifying the capability of ligands to form stable 



interactions within the protein. In particular, in CID_38265326, the key residues Leu139, 

His140, His141, and Phe150 represented maximum RMSFs of 1.31, 1.40, 1.48, and 1.86 Å, 

respectively. The RMSF fluctuations of these residues in five other hits and Entinostat 

were observed to be higher than CID_38265326. In agreement with results of MM-GBSA 

analysis, these findings perfectly corroborated the favourable binding affinity of 

CID_38265326 for the protein-binding site compared with other hits and so supported the 

reliability of MD simulation. 

The radius of gyration (Rg) is an indicator of how the structural compactness of protein 

changes during a simulation, which in turn reflects system stability. Time-dependency plots 

of the radius of gyration for the simulated complexes of six hits and known inhibitors are 

shown in Figures S4 and S5, respectively. As shown in Figure S4, the Rg values of 

HDAC1 backbone atoms in the presence of CID_38265326, CID_8136932, CID-

55802151, CID_133901641, and CID_18150975, were slightly reduced during the 

simulation time, implying a more compact protein structure. In contrast, insignificant 

expansion of the protein structure has been observed with CID_56064109. As a result, the 

target protein showed reasonably stable structure lacking any major 

expansion/contraction, after the binding of these ligands throughout the simulation period. 

Moreover, the comparative results revealed that hits were found as lesser fluctuated and 

thereby with more stable protein structure than known inhibitors (Figure S5). 

The MD trajectories were also examined for an in-depth study of the underlying forces in 

relation to protein-ligand structure stability during simulation time. The pattern of molecular 

interaction of six best-selected ligands over the binding site revealed that main contacts 

were essentially preserved as underlined by the dynamic analysis of the simulation 

interaction diagrams (Figures 7, 8 and S7). In this regard, CID_38265326 and 

CID_8136932 displayed the highest number of contacts with the protein over the course of 

the trajectory, (0-20 and 0-18 contacts, respectively). These findings clearly support the 

lowest amount of RMSF being observed in these two hits compared with other ligands 

(Figure 6), consolidating their thermodynamic stability. We found a total number of 0-16 

and 0-15 contacts for ligands CID_56041109 and CID_18150975 respectively, whereas 

the lowest number of contacts was found for ligands CID_55802151 and CID_133901641 

(for both about 0-12 contacts) (Figure 7). 

As depicted in Figure 8, the carbonyl oxygen of the benzamide moiety of all hits, tightly 

interacted with the catalytic zinc center, during the entire simulation time, suggesting the 

relevance of this interaction for substantial binding of ligands with HDAC1 active site. 

Moreover, hydrogen bonds were found as another important interaction involved in the 

stability of selected HDAC1-ligand complexes. In fact, protein rigidity is denoted by 

increased intra-molecular hydrogen bonds. Hydrogen bond monitoring revealed that same 

interactions observed in docking models of most hits were reproduced after MD 

simulations. For example, in line with the docking studies, the Gly149 and Asp99 were 

among hydrogen bond interacting residues with hit CID_38265326. In particular, the 

hydrogen bond formed by Gly149 was also observed in the simulation process of five other 

ligands and known inhibitors bound to HDAC1 active site (Figure 7). Notably, this residue 

is one of the critical residues within the ligand binding pocket of HDAC1. The results also 

revealed that CID_38265326 formed additional hydrogen bonds with residues Arg34, 

Arg270, and Tyr303 during 37%, 20%, and 7% of the simulation time, respectively. In 



addition, the crucial residue Tyr303 can occasionally be targeted by two other compounds 

CID_8136932 and CID_55802151 through hydrogen bonding. 

The 30 ns MD simulations were also deciphered some additional polar contacts as water 

mediated H-bonds, which were beneficial to the stability of the molecules in the HDAC1 

active site. As illustrated in Figure 8, residues Arg34, Asp99, Arg270, Leu271, Phe205, and 

Tyr303 were found to be particularly relevant in forming water-bridging H-bonds with 

selected hits. Moreover, residue Arg34 was involved in further electrostatic interaction with 

compound CID_38265326 (Figure 7). 

As indicated in Figure 7, the hydrophobic interactions are the main contacts that manage 

the binding mode of six nominated ligands toward HDAC1 active site. Given the analyzed 

data, the selected hits depicted hydrophobic interactions such as those found in docking 

calculations. In this regard, the key lipophilic residues in HDAC1 binding site, Met30, His178, 

Tyr303, Phe150, Phe205, and Leu271 were particularly targeted for establishment of various 

hydrophobic contacts with hits during the simulation. Moreover, further stabilization of most 

of these ligands in the HDAC1 active site was facilitated, although occasionally, by π- π 

stacking with His178, His141, Phe150, Tyr303, and Tyr204 as well as cation-π stacking 

interactions with Arg34, Arg270, Phe205, Phe150, and His178. 

Overall, the MD simulation results clearly confirmed the advantageous interactions of six 

screened compounds with reasonable thermodynamic stability in the HDAC1 active site, 

further consolidating their capability as plausible HDAC1 inhibitors. 

 

4. Conclusion 

 

In this work, it was attempted to develop an exhaustive virtual screening protocol involving 

a combination of conceptually different in silico methods (structure and ligand-based) for  

the efficient identification of novel benzamide-based analogs as HDAC1 inhibitors. To 

achieve this goal, computational evaluation of a library of 736,160 compounds, attained by 

similarity search of four renowned HDAC1 inhibitors, was conducted in several hierarchical 

steps. First, the five-point pharmacophore hypothesis (ADDRR), supplemented with a 

highly predictive 3D-QSAR model, recently developed by us [53], was used as a 

preliminary filtering tool, for selecting portions of the starting library that were compliant 

with chemical and geometrical aspects responsible for HDAC1 inhibitory activity. 

Subsequently, 28,252 identified hits with the highest predicted inhibitory activity (pIC50 > 

0.7) were subjected to various filtering processes to elicit an enriched set of promising 

candidates as HDAC1 inhibitors. The exploited filtering criteria in the order of steps 

included 1) the estimated XP GlideScore values lower than −7.0 kcal/mol obtained from 

the structure-based virtual screening workflow; 2) having adequate pharmacokinetic and 

ADMET properties within the acceptable range described for a drug-like molecule as 

predicted by using QikProp software and FAFDrugs webserver; 3) the top IFD score and 

the lowest GlidScore value along with considering the best interaction pattern with the key 

residues in the HDAC1 active site obtained from flexible docking studies (IFD 

calculations); 4) the best estimated binding free energy values calculated using Prime/MM-

GBSA simulation. 



The discussed filtering process afforded a final selection of 12 top-ranked drug-like hits. 

These compounds fulfilled necessary ADMET properties calculated for human purpose 

and passed the false positive evaluation during PAINS analysis. Furthermore, the results 

of IFD docking simulations coupled with MM-GBSA rescoring method were indicative of 

higher binding affinities of selected hits to HDAC1 active site compared with currently 

known active inhibitors. As a final step, the best-docked pose of the top-screened hits in 

complex with the HDAC1 active site was employed for a series of 30 ns simulations to 

disclose the binding strength, the overall stability of the interaction profiles and novel 

interactions not observed during docking studies. Regarding the comparative analysis of 

RMSD, RMSF, Rg parameters, and pattern of intermolecular interactions during MD 

simulation time, among the final hits, six compounds CID_38265326, CID_56064109, 

CID_8136932, CID_55802151, CID_133901641 and CID_18150975 presented the best 

stability profiles and binding mode in the HDAC1 active site. The IFD and MD results 

cooperatively exposed the importance of hydrophobic contacts and optimum hydrogen 

bonds with crucial residues of HDAC1 binding pocket, such as Gly149, Phe150, His178, 

Tyr204, Phe205, Arg270, Leu271, and Tyr303. Consequently, top-six presented hits can be 

considered as encouraging templates for the further development of new benzamide 

chemotypes as HDAC1 inhibitors. We expect that the findings obtained here, provide an 

outline for future experimental explorations to stimulate successful design of improved 

analogs. 
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Highlights 

 

 An exhaustive virtual screening protocol was settled to screen more than 

736,000 molecules as HDAC1 inhibitors. 

 An in-house 3D-QSAR model was used for discriminating hits with the 

highest predicted HDAC1 inhibitory activity. 

 In silico structure-based protocols includes IFD, MM-GBSA calculations and 

MD simulations. 

 In silico ADMET and PAINs analysis, were performed to select an enriched 

set of the best drug-like molecules. 

 Six top-ranked hits with the best in silico pharmacodynamics and 

pharmacokinetic profiles 
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Figure 1. Chemical structures of FDA-approved HDACIs and drugs in clinical trials 

 

 

 

 

 

   



Figure 2. Schematic representation of the virtual screening process employed in this study 

 

 

 

 

 

 

 

 

 



Figure 3. Chemical structures of the best hits nominated out by MM-GBSA studies as 

possible HDAC1 inhibitors 

 

 

 



Figure 4. A) The putative binding mode of the six top-ranked compounds as found by MM-GBSA 

method into the active site of HDAC1. In each case, the protein and Zn2+ ion are represented as 

orange cartoon and violet spheres, respectively. The main hydrogen bond interacting residues and 

ligand in the binding site are shown as stick models and colored by elements. H-bonds and metal-

coordination bonds are marked as black dotted lines. The figures were prepared using the PyMOL. 

(B) The representation of the 2D interaction diagram of the five top-screened hits with the key 

amino acid residues in the HDAC1 active site. The figures were generated using the ligand-

interaction diagram available in Maestro modelling environment suite. 

 

 

 



 

 

 

 

 



Figure 5. Superimposed RMSD (upper bound) graph of the backbone atoms of HDAC1 in 

complex with the best hits; CID_38265326 (blue), CID_56064109 (orange), CID_8136932 

(pink), CID_55802151 (gray), CID_133901641 (yellow), and CID_18150975 (green), as 

well as known inhibitor Entinostat (purple). RMSD were calculated between the final 

conformation and the starting conformation through the 30 ns of the MD simulation. 

 

 

 

Figure 6. Superimposed RMSF graph of MDM2 in complex with the best hits; 

CID_38265326 (blue), CID_56064109 (orange), CID_8136932 (pink), CID_55802151 

(gray), CID_133901641 (yellow), and CID_18150975 (green), as well as known inhibitor 

Entinostat (purple), obtained from 30 ns MD simulation. 

 

 

 



Figure 7. Protein interactions with the three top-ranked hits; CID_38265326, 

CID_56064109 and CID_8136932 monitored throughout the simulation. These interactions 

can be clustered by type and summarized, as shown in the plots. (A) Categorization of 

protein-ligand interactions into four types: H-bonds, hydrophobic, ionic, and water bridges. 

(B) Hydrophobic contacts of the ligand into the HDAC1 binding site over the course of the 

trajectory. (C) The representation of the total number of specific contacts that the protein 

makes with the ligands over the course of the trajectory (D) a timeline representation of the 

interactions and contacts of panel A (H -bonds, hydrophobic, ionic, water bridges). Some 

residues make more than one specific contact with the ligand, which is represented by a 

darker shade of orange, according to the scale to the right of the plot. 

 

 



 

  



Figure 8. 2D schematic of the detailed atomic interactions of the best hits, CID_38265326, 
CID_56064109, CID_8136932, CID_55802151, CID_133901641, and CID_18150975, with 

the protein residues monitored throughout the simulation. In each case, interactions that 

occur more than 5.0% of the simulation time in the selected trajectory are shown. 

 

 

 

 

 

 

 

 



Table 1. Binding energy results of the compounds screened by Prime/MM-GBSA 

calculations. 

 

entry ΔGbind
a 

(Kcal/mol) 
ΔGCoulom

b 

 
ΔGCovalent

c 

 
ΔGHbond

d 

 
ΔGLipo

e 

 
ΔGSolvGB

f 

 
ΔGvdW

g 

 

CID_38265326 -54.095 -6.612 2.544 -1.232 -45.962 9.449 -47.401 

CID_56064109 -49.947  -5.892  11.670  -0.523 -38.906  32.564 -48.004 

CID_8136932 -49.046  37.220  13.041  -5.000  -37.852 - 9.097 -58.336 

CID_55802151 -48.745 15.105 3.749 -0.691 -37.878 17.406 -51.870 
CID_133901641 -47.975 20.358 4.452 -1.124 -32.390 10.085 -53.583 

CID_18150975 -47.873 -2.626 8.857 -0.146 -31.002 21.174 -37.724 

CID_133990085 -46.099 28.226 7.512 -1.225 -34.867 11.343 -64.611 
CID_78806275 -46.004   3.153   18.225   -1.089   -31.107   25.501   -35.351 

CID_17479772 -45.685 -5.038 10.475 -0.277 -31.233 20.921 -39.158 

CID_29693448 -42.477 75.584 2.973 -5.414 -32.005 -36.140 -60.010 
CID_87008561 -40.710 -5.532 9.679 -0.979 -36.212 35.713 -44.158 

CID_41266113 -40.199 -1.235 12.262 -1.939 -33.647 32.907 -51.820 

Mocetinostat -35.993 21.296 9.713 -1.000 -33.283 18.191 -24.324 
Entinostat -38.087 13.033 16.310 -0.739 -31.001 20.025 -39.976 

Chidamide -37.145 -31.014 11.130 -1.186 -24.912 37.151 -27.360 

Tacedinaline -34.598 10.017 7.029 -1.199 -30.346 30.952 -23.705 
  

a Binding free energy 

b Coulomb energy contribution to the binding free energy  

c Covalent energy contribution to the binding free energy  

d hydrogen bonding Contribution to the binding free energy 

e Lipophillic binding Contribution to the binding free energy 

f the generalized born electrostatic solvation energy Contribution to the binding free energy  

g van der Waals energy contribution to the binding free energy. 


