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Abstract

:

Bromodomain-containing protein 9 (BRD9), a member of the bromodomain and extra terminal domain (BET) protein family, works as an epigenetic reader. BRD9 has been considered an essential drug target for cancer, inflammatory diseases, and metabolic disorders. Due to its high similarity among other isoforms, no effective treatment of BRD9-associated disorders is available. For the first time, we performed a detailed comparative analysis among BRD9, BRD7, and BRD4. The results indicate that residues His42, Gly43, Ala46, Ala54, Val105, and Leu109 can confer the BRD9 isoform selectivity. The predicted crucial residues were further studied. The pharmacophore model’s features were precisely mapped with some key residues including, Gly43, Phe44, Phe45, Asn100, and Tyr106, all of which play a crucial role in BRD9 inhibition. Docking-based virtual screening was utilized with the consideration of the conserved water network in the binding cavity to identify the potential inhibitors of BRD9. In this workflow, 714 compounds were shortlisted. To attain selectivity, 109 compounds were re-docked to BRD7 for negative selection. Finally, four compounds were selected for molecular dynamics studies. Our studies pave the way for the identification of new compounds and their role in causing noticeable, functional differences in isoforms and between orthologues.
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1. Introduction


Post-translational modification of histone proteins has a significant contribution to the epigenetic mechanisms. These modifications are dynamic and reversible, coordinated by signaling pathways and directed by several enzymes [1], affecting many nuclear processes, including gene transcription and regulation. The most common PTM is the acetylation of histone proteins, which generally occurs on highly conserved lysine (K) residues. The presence of the acetyl group on histone lowers its net positive charge by one, consequently reducing the electrostatic interaction between negatively charged DNA and positively charged histones, resulting in a more relaxed and transcriptionally active chromatin [2]. A single lysine modification on histone proteins considerably affects cellular homeostasis by regulating various transcription factors, molecular chaperones, and cellular metabolism [3]. It has now been established that histone acetylation modulates gene transcription in response to physiological and environmental factors by manipulating chromatin structure [4]. Besides the manipulation of chromatin structure, the lysine acetylation (Kac) modulates gene transcription via engaging the bromodomains (BRDs) present in bromodomain-containing proteins (BCPs). The BRDs are evolutionarily conserved protein–protein interaction modules [5] often found in a broad range of chromatin and other transcription-associated proteins.



Of all the BRDs, BRD of the BRD9 is a non-BET BCP that has been reported in pathologies of various cancer types, including bladder cancer, lung adenocarcinoma, esophageal carcinoma, ovarian cancer [6], cervical cancer, hepatocellular carcinoma [7], papillary thyroid carcinoma [8], etc., whereas pharmacological inhibition or genetic knockdown of BRD9 proves to be promising in switching the malignant phenotypes. Furthermore, BRD9 has been inseparably associated with inflammation and Type 2 diabetes owing to β-cell dysfunction [9,10].



Research on BRD9 has been accelerated due to its potential role in diseases. In the last few years, since 2015, the chemical probe landscape of the BRD7/9 was very well established with multiple dual BRD7/9 inhibitors. LP99 is the first reported selective BRD7/9 inhibitor, based on a methylquinolinone scaffold, that effectively inhibits the binding of BRD7/9 to acetylated histones in vivo and in vitro [11]. Other BRD9 inhibitors notably, BI-7273 and BI-9564, used to investigate the biological functions of BRD9 in vivo and in vitro, were demonstrated to be non-toxic by fragment-based screening. The compounds were mainly achieved following a structure-guided chemical optimization that led to the introduction of 2-methyl-2,7-naphthyridin-1-one as an anchor region binder [12]. Subsequently, based on the structural design, GSK in collaboration with the University of Strathclyde reported I-BRD9, a thienopyridone derivative. It has been identified as a selective cytochemical probe for BRD9. In addition, I-BRD9 downregulates cancer and immunology-related genes [13]. Another reported BRD9 inhibitors is a ketone “compound 28” developed from a keto-indolizine BAZ2A/B chemical probe; the compound is potent and selective toward BRD9, and BRD7 showed cellular activity at 1 μM in a fluorescence recovery after photobleaching (FRAP) assay [14]. Despite the presence of many inhibitors, none of these inhibitors has reached clinical trials because most of the inhibitors reported to date are pan or dual inhibitors, liable for many off-target effects [15].



Therefore, there is a strong need to design highly selective BRD9 inhibitors to avoid off-target effects associated with inhibition of other homologous proteins.



Considering the therapeutic potential of BRD9, and lack of selective inhibitors due to the structural resemblance of BRD9 with other BCPs, we aimed to design selective inhibitors against BRD9.



Bromodomain-containing protein 9 is a subunit of SWItch/Sucrose Non-Fermentable Non-Canonical Bromodomain Associated Factor (SWI/SNF ncBAF), a nucleosome remodeling complex. It has 597 amino acids comprised of two domains, DUF123 and BRD. The BRD of BRD9 is composed of 110 amino acids, assembled into four highly conserved left-handed alpha helices (αZ, αA, αB, αC) linked via two highly flexible loop regions. This arrangement forms a lysine-binding hydrophobic pocket between the ZA and BC loops (Figure 1). Acetyl lysine binding pockets have two conserved residues, Asn (BC loop) and Tyr (ZA loop). The carbonyl group of Asn forms a direct and Tyr forms a water-mediated hydrogen bond (H-bond) with the acetyl group of lysine, playing a crucial role in the recognition of acetyl marks on lysine residues. Another conserved trait observed in the BRDs is the set of water molecules present in the binding pocket. These water molecules serve as an essential feature in virtual screening and designing inhibitors for BRDs as they serve as a bridge between the ligand and binding pocket residues [16].



To investigate the similarities, differences, and binding mode of BRD inhibitors, a comprehensive literature review was carried out along with an exploration of the binding site. The sequence alignment of the three closely related proteins BRD9, BRD7, and BRD4 showed that most residues forming the active sites are located in loops, suggesting that the entry channel is reasonably flexible. By considering those differences, a structure-based pharmacophore model was generated for screening the zinc database to retrieve the potential hits. Designing selective small molecules against BRD of BRD9 offers a powerful tool to comprehend the contributions of this “reader” domain in regulating epigenetic processes. The information revealed by the selective binding of such compounds to BRD9 will certainly resolve many complex mechanisms and their involvement in the regulation of transcription.




2. Results and Discussion


2.1. Structural Characterization


To achieve improved selectivity, we mainly focused on the crucial and differentiating residues of BRD9. The following differences were observed in the binding site of the isoforms.



In BRD4, adjacent to the BC loop, a WPF shelf composed of Trp, Pro, and Phe is present, while in BRD9, this shelf is made up of Gly and two Phe residues, referred to as the GPP shelf [18] (Figure 2). Moreover, Phe45 in BRD9 is observed to be deflected back to accommodate larger ligands, but this is not the case for Phe83, present at a similar position in the BRD of BRD4 [19]. The other difference is the presence of distinct gatekeeper residues that act as a selectivity filter, present at the starting point of αC helix that was found to interact with the aliphatic region and acetyl group of the acetyl–lysine side-chain, making a wall of the binding pocket [5]. In the case of BRD4, it is Ile, which Tyr replaces in BRD9. As a result, BRD9 has a slightly larger pocket in contrast to BRD4, where the pocket size is restricted by the β-chain of Ile.



BRD7 is a paralog of BRD9 with an overall structure similarity of 36% [20] and 85% in their BRDs [13]. In the present study, the RMSD of the binding pocket was found to be 0.77 Å. To characterize the binding pockets, co-crystal structures of BRD9 and BRD7 were studied. Although there is high sequence similarity, some differentiating residues are present in the binding site (Figure 3), identified by superposition and some experimental investigations [13,21]. These differences were mainly focused on during pharmacophore modeling and docking-based virtual screening.




2.2. Pharmacophore Modeling


The pharmacophore model was created by using four co-crystallized structures of BRD9 with known inhibitors, BI-7273, I-BRD9, LP99, and Indolizine-28 (PDB ID; 5EU1 [12], 4UIW [13], 5IGN [11] and 5E9V [14], respectively. Initially, H-bonds, cation–π interactions, π–π interactions and water bridging of the reported structures with His42, Gly43, Phe44 Phe45, Asn100 and Tyr106 were observed in the binding site of BRD9. We also highlighted the differences in the binding site of BRD9 and its isoform, BRD7. Based on crucial and differentiating residues, a pharmacophore model was generated, comprising two aromatic (F1 and F3),one hydrophobic (F4), one H-bond acceptor (HBA) (F2), one H-bond donor (HBD) (F5), and one hydrophobic-aromatic feature (F6). The pharmacophore model’s features were precisely mapped with key residues such as, Asn100, Phe44, Tyr106, and Gly43, all of which play important roles in BRD9 inhibition. In particular, the HBD feature was mapped on the Gly43, which is selectively present in the BRD9 pocket, while the HBA feature was mapped onto the conserved Asn100 residue. The two aromatic features with the projected point were Tyr106, Phe44 and Phe45. A single exclusion volume was also applied to direct the inaccessible areas for any potential ligand and increase steric selectivity (Figure 4).




2.3. Statistical Validation


To assess the discriminating power of the pharmacophore model between true positive and true negative, a test set of 13, 041 compounds including (i) active (<500 nM) and inactive (>500 nM) compounds, (iii) BRD4 inhibitors with experimental activity values [11,12,13,14] and a decoy dataset, was utilized.



The hit rate is given in Table 1.



The pharmacophore model was validated by multiple statistical parameters, including sensitivity (Se), specificity and area under curve (AUC).



Sensitivity is the rate of the true positive compounds retrieved from the database.


Se = Tp/Tp + Fn



(1)







Fn is the number of false negatives, and Tp is the total number of actives.



Specificity denotes the percentage of rejected inactives by the particular virtual screening workflow.


Sp = Tn/Tn + Fn



(2)







Tn is the number of true negatives; Fp is the number of false positives.



A ROC curve was plotted by setting the score of the active molecule as the first threshold. In a ROC curve, the values lie in the range of 0–1. The curve being closer to 1 or a left-handed hyperbolic indicates an accurate ranking, representing the systematic distribution of actives. Considering the above criteria, the generated pharmacophore model with an AUC of 0.81 (Figure 5) was considered a reliable model for virtual screening.




2.4. Pharmacophore-Based Virtual Screening


After validating the pharmacophore model, it was used as a 3D query for the virtual screening of four ZINC database subsets (Section 3.2.1). Overall, 714 compounds were recognized as lead compounds and subsequently subjected to molecular docking studies to refine the results. Screening results are mentioned in Table 2.




2.5. Docking-Based Virtual Screening


After benchmarking, docking and interaction analyses of screened compounds were performed to select the BRD9 from the pharmacophore-based virtual screening result. The acetyl binding site of BRD9 is predominantly composed of His42, Phe44, Phe45, Phe47, Val49, Ile53, Asn100, and Tyr106. BRD9 holds a hydrophobic active site; therefore, the hydrophobic interactions cannot be ignored as they play a part in the positioning of the ligand in the active site. Among the active class of inhibitors, BI-7273 was selected as a reference compound as it shows 3-fold and 50-fold more selectivity towards BRD9 as compared to BRD7 and BRD4, respectively.



In terms of interaction patterns, π–π stacking was observed with Tyr106 in the BRD9 anchor region. The ligand was further stabilized by a π interaction with Ile53, and T-stacking with Phe44 in the acetyl binding site. A hydrogen bond was observed between the carboxyl groups at the 8th position of the naphthyridinone rings with the carbonyl side chain of Asn100 at a distance of 1.9 Å. The dimethoxyphenyl ring of BI-7273 formed another H-bond with the amine group of Gly43 at a 2.4 Å distance (Figure 6).



To achieve selectivity for BRD9, a scaffold could form interactions with selective residues including Gly43, His42, and Ala54 while occupying the hydrophobic pocket, defined by the Phe44, Phe45, and gatekeeper Tyr106. By considering the above criteria, after binding mode analysis and protein–ligand interaction fingerprints (PLIF) [23] in MOE, 109 compounds shortlisted from all the four databases were further docked to BRD7. This decisive step allowed us to classify the compounds into two groups demonstrating favorable interactions with the binding pocket of BRD7 or BRD9 (Scheme 1). Finally, we ended up with four compounds (Table 3) that showed good interactions with the crucial residues of BRD9 only.



After PLIF analysis, all four compounds were visually examined to observe their binding modes. Since the binding pocket is hydrophobic, all the compounds exhibited multiple hydrophobic and π–π interactions. Molecular visualization of the BRD9–ZINC433599781 complex revealed that the thioamide group of 2-fluorobenzene interacted with carbonyl from the amide group of selective Gly43 by forming an H-bond at a distance of 2.3 Å. The compound was further stabilized by an H-bond with Tyr106 and conserved Asn100 through its thioamide group at a distance of 3.3 Å and the oxygen of carboxyl adjacent to methoxypropoxy phenyl group at 2.2 Å. Moreover, ZINC433599781 was further stabilized by multiple hydrophobic interactions with Phe44, Phe45, Val49, Ala54, Ala96, Tyr99, and Tyr106, as well as by water bridging with Tyr106 (Figure 7).



The binding mode analysis of ZINC28232750, ZINC2036848, and ZINC95589781 with BRD9 revealed that they all fit well into the protein’s binding site. ZINC28232750, an FDA-approved drug, binds in the active site of BRD9 (Figure 8) by forming an H-bond with selective His42 at a distance of 2.1 Å through the carbonyl oxygen of the anthracene ring present at the sixth position. Additionally, the compound is occupied in the pocket by hydrophobic interactions with Phe44, Val49, Thr50, Ile53, Ala54, Tyr99, and conserved Tyr106. Besides these interactions, another important factor contributing to ligand stability is water bridging with Tyr106 and Thr50.



The binding of ZINC2036848 in the active site was attributed to H-bonds from its hydroxyl groups to Phe44 and Tyr106 with the tetrahydropentyl moiety at 2.9 Å and 2.7 Å distances, respectively. The pteridine ring established an H-bond with Phe47, and the terminal hydroxyl group of the tetrahydropentyl moiety at the fifth position formed two H-bonds with the amide group of Asn100 at 2.1 and 3.0 Å distance. The complex formation was further derived by the hydrophobic interactions with Phe44 and Ile53 (Figure 9). Similar to the FDA-approved drug, ZINC2036848 was also stabilized by water bridging with Thr50 and Tyr106.



The binding of ZINC95589781, which can be seen in Figure 10, indicates that it has formed multiple H-bonds with active site residues. The amine group of the methypivalamide moiety attached to the piperidine ring formed an H-bond with selective Gly43 at 2.2 Å distance. The amine and carboxyl groups of the carboxamide were involved in H-bond interactions with Phe44 and conserved Asn100 at a distance of 2.8 and 2.3 Å, respectively. The side-chain hydroxyl group of conserved Tyr106 established an H-bond at a distance of 2.9 Å with the nitrogen atom of the pyrimidine moiety. Similar to other compounds, ZINC95589781 was also stabilized by hydrophobic interactions with Phe44, Phe47, and Tyr106, as well as by water bridges with Tyr57.




2.6. Molecular Dynamic (MD) Simulation


To acquire detailed information of the complex regarding the stability and the dynamic behavior of the molecular interactions of the top four compounds inside the binding pocket, an MD simulation was performed. In this regard, different parameters such as RMSD, RMSF, RoG and interaction profile were analyzed.



2.6.1. Root Mean Square Deviation (RMSD)


The root mean square deviation (RMSD) is one of the key parameters used to probe the dynamic stability of the complex by evaluating the deviation of protein backbone atoms with respect to time.



The RMSD of the backbone atoms of the protein revealed that the Apo-form of BRD9 was stable with an average RMSD value of 2.9 ± 0.3 Å (Figure 11). On the other hand, the resulting complexes fluctuated slightly for 10 ns. These variations appear to be related, primarily with the release of minor unfavorable ligand–protein steric interactions. After 10 ns, the trajectory frames show a plateau in the RMSD graph, indicating the attainment of the equilibration state of all the complex structures. It states that all complexes adopt a stable binding mode and exhibit relatively small, infrequent fluctuations during the course of the MD trajectory. The average RMSD for the reference compounds, ZINC433599781, ZINC28232750, ZINC2036848, and ZINC95589781, was found to be 3.7 ± 0.3, 3.6 ± 0.4, 3.9 ± 0.4, 4.4 ± 0.5, 3.6 ± 0.3 Å, respectively. The deviation was higher as compared to the Apo form. It might be attributable to the binding of the inhibitor, which increases the conformational flexibility of the binding pocket formed by the two loop regions (ZA and BC), which underwent large changes. The detailed structural differences of the system before and after MD simulation were examined. It was observed that the loop is rearranged and tends to open up a little bit during the course of 100 ns MD simulation to accommodate the ligand inside the pocket. The obtained results suggested that ZINC433599781 and ZINC95589781 were more stable and exhibited fewer fluctuations throughout the simulation period. The overall RMSD profiles suggested that all the complexes were stable and that the results are reliable for further studies.




2.6.2. Root Mean Square Fluctuations


Root mean square fluctuation (RMSF) is one of the key parameters used to probe the mean fluctuations of the dynamic system residues/atoms.



It represents flexibility in reference to the average position of residues in the protein–ligand complexes over time. As expected, the protein with the alpha helix was observed to experience fewer fluctuations than the loop domains. The RMSF graph (Figure 12) of ZINC95589781 exhibited similar fluctuation patterns to Apo, indicating that it does not significantly influence the backbone of the protein.



Finding the reason behind the fluctuation pattern, it was worthwhile to observe the interaction of the cavity’s key residue. All the compounds changed their orientations to get inside the cavity, resulting in the fluctuation of active site residues. These include Phe44, Phe45 and the gatekeeper residue Tyr106, which deflected from their original positions to accommodate the ligands (Figure 13, Figure 14, Figure 15, Figure 16 and Figure 17).




2.6.3. Radius of Gyration


The radius of gyration illustrates the size and the compactness of proteins by measuring the distribution of atoms around its axis. The lowest RoG represents the tightest packing, characteristic of α-helices and β-sheets of the proteins. In contrast, loop regions of proteins correspond to a larger value of RoG.



The trend in RoG of the protein backbone of each MD simulation is shown in Figure 18. The decrease in average values of RoG from 15.5 to 14.6 Å for all the systems during 100 ns MD simulation proposes that all of the systems attained a well-converged state with time. In addition, it also suggested the conformational transition of the protein into a more structured form when the ligand stably occupied the binding site. The stable conformation achieved by the target protein after binding to the compounds is attributed to hydrogen bonds and hydrophobic interactions.




2.6.4. Interaction Pattern of Ligand–Protein Complexes


The simulated binding mode of the reference compound is depicted in Figure 19A. The result indicated the formation of H-bonds between Asn100 and the carboxyl group of the naphthyridine ring. Interestingly, the same bond was also observed in the docking pose and remained persistent within the range of H-bonds, but the distance increased from 1.9 to 2.3 Å. On the other hand, due to the movement of the ligand deeper inside the pocket, H-bonds with Gly43 and π–π-interactions with Tyr106 did not persist. Similarly, the H-bond with His42 has been replaced by π–π interactions with Phe44. Besides this, the compound was stabilized by Ile53 and Tyr106 through hydrophobic interactions (Figure 19A). Overall, no drastic change was observed in the reference compound’s pre- and post-MD conformation and the binding pocket.



On the other hand, all four inhibitors underwent significant conformational changes upon binding to BRD9. In-depth analysis of the KAc sites in the pre- and post-MD states indicated significant movement of Tyr106, Phe44 and Phe45 to accommodate the ligand in the binding site. The superposition of the two states revealed very different positionings of the inhibitor in BRD9.



During MD simulation, some new inter-molecular interactions were formed between ZINC433599781 and BRD9, predominantly responsible for forming a stable complex (Figure 19B). We found that the amide group attached to 2-fluorophenyl forms an H-bond with Asn100 at a distance of 1.7 Å, initially bonded to Gly43. However, Ile53, Tyr106, and Arg101 were involved in hydrophobic interactions, π-stacking and water bridging, respectively. This change in binding mode was due to the flipping of the compound inside the binding pocket. Initially, the aromatic ring of fluorobenzene sulfonamide was in the vicinity of Gly43, which was switched towards Arg101 during MD.



ZINC28232750 is an FDA-approved drug selected for MD simulation on the basis of H-bond interactions with the selective residue His42 of the target protein. During trajectory analysis, it was observed that compound flipped its orientation to 90° and moved inside the binding pocket. As a result, primary interactions were replaced by new ones and multiple H-bonds stabilized the compound. The amide group of ZINC28232750 formed H-bonds with the side chain hydroxyl group of Asp51 at a distance of 2.7 Å. The other H-bond was formed between Ile53 and the carboxyl moiety of the compound with a distance of 1.8 Å. Similarly, methoxy and RCOOR of the compound were involved in an H-bond with the hydroxyl group of Tyr99 and Tyr106 at a distance of 2.8 Å and 1.6 Å, respectively. Moreover, due to the drift of the compound inside the pocket, Asn100 was able to form a water bridge with the hydroxyl group of the drug. In addition to this, the compound was also observed to form multiple hydrophobic interactions with Phe44, Phe45 and Tyr99 (Figure 19C).



ZINC2036848 was stabilized by forming multiple H-bonds within the binding pocket. At a 2.1 Å distance, the pyrazine ring’s amino group forms an H-bond with the hydroxyl group of Phe47. In addition, the hydroxyl and amine groups of Asn100 established H-bonds at a distance of 2.3 and 1.6 Å, respectively, with the hydroxyl groups of the tetrahydropentyl moiety of the compound. One new H-bond was formed during MD simulation between the OH group at fourth position of the same moiety and Asn100 (Figure 19D). The water bridge of the compound with Thr50 and Tyr106 was replaced by Ile53.



ZINC95589781 was stabilized in the binding pocket by forming two H-bonds. The amide group and carboxyl group of carboxyamide next to the thieno pyrimidine ring formed an H-bond with Phe47 and Tyr57 at a distance of 1.9 and 3.1 Å, respectively. This compound was also engaged in multiple hydrophobic interactions with Val49, Tyr85, Leu109, as well as water bridging with Asn100 (Figure 19E).





2.7. Molecular Mechanics/Generalized Born Surface Area


In a 100 ns MD simulation study, the average interaction energy ranged from −30.3 to −22.1 kcal/mol, which indicates the favorable and stable complex formation. The total binding free energy was decomposed into various energy components to investigate the chief driving force in complex formation. It was noted that ΔEvdW varies between −35.1 and −39.5 kcal/mol, while ΔEele varies between −10 kcal/mol to −29.3 kcal/mol for all complexes (Figure 20). It suggests that the higher MM-GBSA values (ΔGbind) in the case of these complexes were mostly contributed to by the van der Waals and hydrophobic interactions. Among all screened compounds, ZINC2036848 binds more strongly, as it exhibited the most favorable values for ΔEvdW (−39.5 kcal/mol). The overall net polar contributions (ΔEele + ΔGpol) for ZINC433599781, ZINC28232750, ZINC2036848 and ZINC95589781 were found to be nearly close and unfavorable, being 8.9, 16.6, 9.3, and 9.2 kcal/mol respectively. However, for all complexes, the overall non-polar contributions (ΔEvdW + ΔGnp) were found to be −100.6 −47.7, −89.1, and −84.5 kcal/mol for ZINC433599781, ZINC28232750, ZINC2036848 and ZINC95589781, respectively. Conversely, the polar solvation energy (ΔGpol) opposed the complex formation for all the compounds except for ZINC28232750, which exhibited −12.7 kcal/mol. This suggests that the higher binding affinity for the complexes was due to more favorable non-polar components compared to the polar energy components.




2.8. Pharmacokinetics Analysis


Analysis revealed that the molecular weight (MW) of all the compounds except ZINC28232750 (FDA approved) was less than 500 Kdal, which suggests that all the compounds may easily be transported, diffused and absorbed inside the body. The number of H-bond donors ranged from two to five, and the number of H-bond acceptors was in the range from four to eight for all compounds except for ZINC28232750, which is in accordance with Lipinski’s rules of five. The bio availability score of all the hits was found to be 0.55, indicating good bioavailability of these compounds, excluding ZINC28232750. Transport processes, including membrane permeability and distribution to different tissues and organs, are closely predicted by LogP0/w. A general guide for good oral bioavailability (good permeability and solubility) is to have a moderate LogP0/w (0 < log P < 3) [24]. For our compounds, the predicted values of LogP0/w ranged from 1.6 to 3.6. In addition, all the compounds were confirmed to be blood–brain barrier [BBB] non-permeable, suggesting no expected neurological side effects. However, pharmacokinetics analysis indicated the low GI absorption of ZINC433599781, ZINC28232750 and ZINC2036848, suggesting the need for derivatization of these compounds to improve their ADME profile. An ADME profile of all the compounds is compiled in Table 4.





3. Materials and Methods


3.1. Protein Preparation


To date, more than 40 crystal structures of BRD9 have been deposited in the protein data bank (PDB) repository. In total, four different structures of BRD9, co-crystallized with BI7273, LP99, I-BRD9, and Indolizine comp-28, were retrieved. The selection was based on the optimal resolution (<2 Å) and IC50 (<500 nM) of the cognate ligand. The heteroatoms and crystal water (except the conserved ones) were eliminated, followed by the protonation at 300 K temperature with pH 7.0. The energy minimization and subsequent application of partial charges was done using AMBER 10: EHT force field in MOE 2018 [22].




3.2. Pharmacophore-Based Virtual Screening


3.2.1. Dataset Preparation


Three data sets were prepared.



	
Test Set: Actives (IC50 < 500 nM) and inactives (IC50 > 500 nM) of BRD9, and actives of BRD4 (Supplementary Information Figures S1, S2, and S3, respectively).



	
Screening dataset: Four subsets; Predicted BRD9, FDA-approved, In-trial, and Epigenetic were downloaded from ZINC database.



	
Decoys: The ZINC database was used to extract the decoy dataset, which contains compounds that share the same physical properties as BRD9 actives but differ in topology. The final decoy database was composed of 12, 991 entries.






ChemDraw Bioultra 14.0 [25] was used for drawing the 2D structures of active and inactive compounds. All ligands were imported to MOE 2018, where partial charges were assigned, followed by energy minimization according to the MMFF94x force-field [26] to remove steric clashes.




3.2.2. Pharmacophore Modeling


For the generation of a structure-based pharmacophore model, the essential step is to explore the complementary chemical features and crucial residue of the binding site [27,28]. The four crystal structures of BRD9 reported in Section 2.1 were selected to map the pharmacophoric features (Table 5). All the four crystal structures were aligned by the backbones of amino acids using MOE 2018. The molecular visualization and protein–ligand interaction profile (PLIF) module evaluated the identification of binding mode and inter-molecular interaction patterns. The unified annotation scheme was used to generate pharmacophore models [29].



The initially developed pharmacophore model was first optimized to enhance the model’s predictive performance. The validation was carried out by screening the model against training and decoy datasets to ensure the capabilities of the generated pharmacophore model to differentiate between true and false positive. The model was further refined by changing the radii of some pharmacophoric features and by applying an exclusion volume.




3.2.3. Statistical Validation


The capability of the pharmacophore model to recognize the maximum number of active hits and reject of inactive ones reflects its efficacy. Therefore, the quality of the developed 3D pharmacophore model was assessed by the two fundamental metrics, i.e., sensitivity and specificity. Further, the correlation between sensitivity and specificity was determined by the receiver operating characteristic (ROC) curve [30,31].




3.2.4. Virtual Screening


The validated structure-based pharmacophore model was used as a 3D query for pharmacophore-based virtual screening of commercially available diverse subsets of the ZINC database (screening dataset mentioned in Section 3.2.1). Database searching was carried out using MOE software’s best per conformation generation tool. The molecules in the databases that optimally satisfied the pharmacophore model’s applied features were retained as hits and further subjected to molecular docking.





3.3. Docking Simulation


3.3.1. Benchmarking of Docking Software


To validate the reproducibility of the docking software, a co-crystallized ligand (BI-7273) of BRD9 was extracted, prepared, energetically minimized (mentioned in Section 3.2.1), and redocked to the binding site by using the induced fit method from the Dock module implemented in MOE 2018. The Triangle Matcher placement method and the London dG scoring function was used to generate the docking poses of the ligand and their binding free energy. However, the generated poses were further refined using the GBVI/WSA dG scoring function [32]. The results shown in Figure 21 indicate the very good superposition of the co-crystalized and re-docked pose of BI-7273 in the binding pocket, with an RMSD of 0.12 Å. This value is lower than the standard acceptable level of 2.0 Å, thus the tested docking protocol was used to perform molecular docking of the obtained hits from the subsequent step [33].




3.3.2. Docking-Based Virtual Screening


To predict the orientation into the binding cavity of the targeted protein and further filter the compounds based on relative binding affinities, the virtual hits from the pharmacophore-based screening were docked into the acetyl binding site of the receptor. The docking was performed utilizing the same protocol mentioned in Section 3.3.1.




3.3.3. Post Docking Assessment


Docking was followed by protein–ligand interaction profile analysis and molecular visualization of all ligand–receptor complexes’ top-ranked pose (lowest binding energy). The selection was based on the interaction of compounds with crucial and selective residues of the target protein.



Furthermore, to confirm the selectivity of the shortlisted compounds with BRD9 over other isoforms, redocking was performed against BRD7 (PDB: ID 5MQ1) [34] by using the same docking protocol as mentioned earlier. Finally, only those compounds which selectively interacted with the crucial and selective residues of the binding pocket of BRD9 were subjected to atomistic level simulation studies.





3.4. Molecular Dynamic Simulation


The shortlisted hits (ZINC433599781, ZINC28232750, ZINC2036848, ZINC95589781) from molecular docking and the reference compound were subjected to MD simulation to capture their dynamic behavior at the atom level while gaining further insights regarding the nature of interactions for a given time.



To execute MD simulations on all the prepared complexes, the AMBER 18 package was used, using the graphics processing unit (GPU)-accelerated version of partial mesh Ewald molecular dynamics (PMEMD) simulations [35].



The LEaP module of the AMBER18 package was used to add all the missing hydrogen atoms [36]. The appropriate parameters for the protein atoms were applied using the standard Amberff14SB force field [37], while the small molecules were parameterized with the general amber force field (GAFF) using the Antechamber program [38]. It was followed by the placement of the generated complexes in a periodic rectangular box filled with three-point transferable intermolecular potential (TIP3P) water molecules [39] with a distance cutoff of 8 Å in the vicinity of the complex. Further, chloride ions were added to maintain the neutrality of the systems. The bad contacts and steric clashes were removed by subjecting the complexes to the initial cycle of (2500 steps) of steepest descent minimization followed by energy minimization using the conjugate gradient algorithms (comprising 5000 steps) [40]. All systems were then gradually heated from 0 to 300 °K. Minimization was followed by equilibration, which was carried out at 300 °K to attain a stable system. Subsequently, the NPT equilibration for the unrestrained system was carried out at a constant pressure and temperature (1 atm and 300 °K, respectively).



The energy-minimized and well-equilibrated systems were submitted for a 100 ns production run [41]. During the simulations, periodic boundary conditions were applied at a constant temperature and pressure. Long-range electrostatic interactions were evaluated by the particle-mesh Ewald (PME) method [42]. For all simulations, a 10.0 Å cutoff was set for non-bonded interactions. The SHAKE algorithm was used to constrain the bond lengths of all atoms, including hydrogen atoms [43]. Simulation results were elucidated based on statistical parameters including root mean square deviation (RMSD), root mean square fluctuation (RMSF), the radius of gyration (RoG), and molecular interactions. Trajectory analysis was carried out by using the CPPTRAJ [44], and visualization was performed by VMD [45].




3.5. Molecular Mechanics/Generalized Born Surface Area


Molecular mechanics/generalized born surface area (MMGBSA) was used to calculate protein and small-molecule complexes. It has been effectively used to refine the results of virtual screening, docking, and to confirm the experimental findings [46,47].



We applied this method for the most-equilibrated MD trajectories. To calculate binding free energies, a python script, MMGBSA.py, was used.



In particular, the energy is calculated for the complex, the ligand, and the protein, and their energies are estimated with the generalized born implicit solvent model by the following equation:


ΔGbind = GComplex − (Gligand + Greceptor)



(3)




where the energy term [G] is estimated as:


ΔGgas = Evdw + Eele + Eint



(4)






ΔGsol = GB + GSA



(5)







Evdw, Eele, Eint as the van der Waals forces, electrostatic interactions, and internal energy (bond, angle, and dihedral energies), respectively.



ΔGB is the electrostatic contribution to the solvation free energy calculated by the generalized Boltzmann method and GSA is a nonpolar contribution to the solvation free energy calculated by SASA (solvent accessible surface area).




3.6. Pharmacokinetic Properties Analysis


Swiss ADME [48], an online software, was used to predict pharmacokinetic properties of the hit compounds. Absorption, distribution, metabolism, and excretion parameters were mainly examined.





4. Conclusions


Bromodomain-containing protein 9 has piqued the interest of drug developers as a biomarker and therapeutic target for different types of cancer and metabolic disorders. Given the medicinal relevance, the discovery and development of selective inhibitors for BRD9 have been under continuous efforts. In the present study, we identified small molecules that selectively target BRD9. In this regard, the structure-based pharmacophore model was designed to screen four subsets of the ZINC database to obtain novel leads. The leads were further refined by docking and focusing on its interaction with selective residues of BRD9 binding pocket. Four compounds (ZINC433599781, ZINC282232750, ZINC2036848, and ZINC9558978) were identified. Further, the determination of stability was performed via molecular dynamics simulation. The results of RMSD, RMSF, and RoG confirm the stability and compactness of all the complexes. Hydrogen bonding, hydrophobic interactions, π–π interactions and water bridges with conserved and selective residues such as His42, Gly43, Phe44, Phe45, Asn100 and Tyr106 of BRD9 contribute to the stability and binding of all the compounds. Moreover, the binding energy for the formation of all the complexes was calculated using MM-GBSA, which was found to be negative and represents the strong binding of the ligand with the BRD9. Additionally, the results obtained from docking (−7.1 kcal/mol), MM-GBSA (−30.2 Kcal/mol) and post-MD analysis demonstrated movement of the molecule in the center of the cavity. Moreover, BRD9–ZINC2036848 complex interactions were reasserted during 100 ns MD simulation, which indicated that ZINC2036848 might be used as a potent antagonist towards BRD9 in cancer therapeutics.



In view of the fact that so far no treatment has been devised for BRD9 mediated disorders, the data presented here could be helpful in the future for in vitro and in vivo studies and could be used for further expansion in the chemical space.








Supplementary Materials


The following supporting information can be downloaded at: https://www.mdpi.com/article/10.3390/ijms232113513/s1.





Author Contributions


Conceptualization, M.M.A. and S.A.; Methodology, M.M.A.; Analysis, M.M.A. and U.Q.; Writing—Original Draft Preparation, M.M.A.; Supervision and Critical Review, Z.U.-H.; Critical Review, Z.U.-H., S.A., K.M.K. and M.N.-e.-A. All authors agree to be personally accountable for the author’s own contributions and for ensuring that questions related to the accuracy or integrity of any part of the work, even ones in which the author was not personally involved, are appropriately investigated, resolved, and documented in the literature. All authors have read and agreed to the published version of the manuscript.




Funding


This research received no external funding.




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


Not applicable.




Acknowledgments


Authors gratefully acknowledge to Stefan Knapp (University of Frankfurt) for his valuable suggestions during this research work.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Albini, S.; Zakharova, V.; Ait-Si-Ali, S. Histone Modifications. Epigenetics and Regeneration; Elsevier: Amsterdam, The Netherlands, 2019; pp. 47–72. [Google Scholar]

	



Josling, G.A.; Selvarajah, S.A.; Petter, M.; Duffy, M.F. The role of bromodomain proteins in regulating gene expression. Genes 2012, 3, 320–343. [Google Scholar] [CrossRef] [PubMed]

	



Karve, T.M.; Cheema, A.K. Small changes huge impact: The role of protein posttranslational modifications in cellular homeostasis and disease. J. Amino Acids 2011, 2011, 207691. [Google Scholar] [CrossRef] [PubMed]

	



Lee, C.Y.; Grant, P.A. Role of Histone Acetylation and Acetyltransferases in Gene Regulation. In Toxicoepigenetics; Elsevier: Amsterdam, The Netherlands, 2019; pp. 3–30. [Google Scholar]

	



Filippakopoulos, P.; Knapp, S. The bromodomain interaction module. FEBS Lett. 2012, 586, 2692–2704. [Google Scholar] [CrossRef] [PubMed]

	



Sima, X.; He, J.; Peng, J.; Xu, Y.; Zhang, F.; Deng, L. The genetic alteration spectrum of the SWI/SNF complex: The oncogenic roles of BRD9 and ACTL6A. PLoS ONE 2019, 14, e0222305. [Google Scholar]

	



Cleary, S.P.; Jeck, W.R.; Zhao, X.; Chen, K.; Selitsky, S.R.; Savich, G.L.; Tan, T.X.; Wu, M.C.; Getz, G.; Lawrence, M.S.; et al. Identification of driver genes in hepatocellular carcinoma by exome sequencing. Hepatology 2013, 58, 1693–1702. [Google Scholar] [CrossRef]

	



Yang, C.; Xu, W.; Gong, J.; Liu, Z.; Cui, D. Novel somatic alterations underlie Chinese papillary thyroid carcinoma. Cancer Biomark. 2020, 27, 445–460. [Google Scholar] [CrossRef]

	



Ashcroft, F.M.; Rorsman, P. Diabetes mellitus and the beta cell: The last ten years. Cell 2012, 148, 1160–1171. [Google Scholar] [CrossRef]

	



Donath, M.Y.; Dalmas, E.; Sauter, N.S.; Boni-Schnetzler, M. Inflammation in obesity and diabetes: Islet dysfunction and therapeutic opportunity. Cell Metab. 2013, 17, 860–872. [Google Scholar] [CrossRef]

	



Clark, P.G.; Vieira, L.C.; Tallant, C.; Fedorov, O.; Singleton, D.C.; Rogers, C.M.; Monteiro, O.P.; Bennett, J.M.; Baronio, R.; Müller, S.; et al. LP99: Discovery and Synthesis of the First Selective BRD7/9 Bromodomain Inhibitor. Angew. Chem. 2015, 127, 6315–6319. [Google Scholar] [CrossRef]

	



Martin, L.J.; Koegl, M.; Bader, G.; Cockcroft, X.L.; Fedorov, O.; Fiegen, D.; Gerstberger, T.; Hofmann, M.H.; Hohmann, A.F.; Kessler, D.; et al. Structure-Based Design of an in Vivo Active Selective BRD9 Inhibitor. J. Med. Chem. 2016, 59, 4462–4475. [Google Scholar] [CrossRef]

	



Theodoulou, N.H.; Bamborough, P.; Bannister, A.J.; Becher, I.; Bit, R.A.; Che, K.H.; Chung, C.W.; Dittmann, A.; Drewes, G.; Drewry, D.H.; et al. Discovery of I-BRD9, a Selective Cell Active Chemical Probe for Bromodomain Containing Protein 9 Inhibition. J. Med. Chem. 2016, 59, 1425–1439. [Google Scholar] [CrossRef] [PubMed]

	



Hay, D.A.; Rogers, C.M.; Fedorov, O.; Tallant, C.; Martin, S.; Monteiro, O.P.; Müller, S.; Knapp, S.; Schofield, C.J.; Brennan, P.E. Design and synthesis of potent and selective inhibitors of BRD7 and BRD9 bromodomains. MedChemComm 2015, 6, 1381–1386. [Google Scholar] [CrossRef]

	



Korb, E.; Herre, M.; Zucker-Scharff, I.; Darnell, R.B.; Allis, C.D. BET protein Brd4 activates transcription in neurons and BET inhibitor Jq1 blocks memory in mice. Nat. Neurosci. 2015, 18, 1464–1473. [Google Scholar] [CrossRef] [PubMed]

	



Filippakopoulos, P.; Knapp, S. Targeting bromodomains: Epigenetic readers of lysine acetylation. Nat. Rev. Drug Discov. 2014, 13, 337–356. [Google Scholar] [CrossRef]

	



Pettersen, E.F.; Goddard, T.D.; Huang, C.C.; Couch, G.S.; Greenblatt, D.M.; Meng, E.C.; Ferrin, T.E. UCSF Chimera—A visualization system for exploratory research and analysis. J. Comput. Chem. 2004, 25, 1605–1612. [Google Scholar] [CrossRef]

	



Romero, F.A.; Taylor, A.M.; Crawford, T.D.; Tsui, V.; Cote, A.; Magnuson, S. Disrupting Acetyl-Lysine Recognition: Progress in the Development of Bromodomain Inhibitors. J. Med. Chem. 2016, 59, 1271–1298. [Google Scholar] [CrossRef]

	



Flynn, E.M.; Huang, O.W.; Poy, F.; Oppikofer, M.; Bellon, S.F.; Tang, Y.; Cochran, A.G. A Subset of Human Bromodomains Recognizes Butyryllysine and Crotonyllysine Histone Peptide Modifications. Structure 2015, 23, 1801–1814. [Google Scholar] [CrossRef]

	



Moustakim, M.; Clark, P.G.K.; Hay, D.A.; Dixon, D.J.; Brennan, P.E. Chemical probes and inhibitors of bromodomains outside the BET family. Medchemcomm 2016, 7, 2246–2264. [Google Scholar] [CrossRef]

	



Karim, R.M.; Chan, A.; Zhu, J.Y.; Schonbrunn, E. Structural Basis of Inhibitor Selectivity in the BRD7/9 Subfamily of Bromodomains. J. Med. Chem. 2020, 63, 3227–3237. [Google Scholar] [CrossRef]

	



Labute, P. Molecular Operating Environment; Chemical Computing Group. Inc.: Montreal, QC, Canada, 2008. [Google Scholar]

	



Cereto-Massagué, A.; Ojeda, M.J.; Valls, C.; Mulero, M.; Garcia-Vallvé, S.; Pujadas, G. Molecular fingerprint similarity search in virtual screening. Methods 2015, 71, 58–63. [Google Scholar] [CrossRef]

	



Uesawa, Y.; Sakagami, H.; Ikezoe, N.; Takao, K.; Kagaya, H.; Sugita, Y. Quantitative structure–cytotoxicity relationship of aurones. J. Anticancer Res. 2017, 37, 6169–6176. [Google Scholar]

	



Wang, Y.; Yang, S.H.; Zhong, K.; Jiang, T.; Zhang, M.; Kwan, H.Y.; Su, T. Network pharmacology-based strategy for the investigation of the anti-obesity effects of an ethanolic extract of Zanthoxylum bungeanum Maxim. Front. Pharmacol. 2020, 11, 1645. [Google Scholar] [CrossRef] [PubMed]

	



Halgren, T.A. Merck molecular force field. I. Basis, form, scope, parameterization, and performance of MMFF94. J. Comput. Chem. 1996, 17, 490–519. [Google Scholar] [CrossRef]

	



Thangapandian, S.; John, S.; Lee, Y.; Kim, S.; Lee, K.W. Dynamic structure-based pharmacophore model development: A new and effective addition in the histone deacetylase 8 (HDAC8) inhibitor discovery. Int. J. Mol. Sci. 2011, 12, 9440–9462. [Google Scholar] [CrossRef]

	



Bisht, N.; Singh, B. Role of computer aided drug design in drug development and drug discovery. Int. J. Pharm. Sci. Res. 2018, 9, 1405–1415. [Google Scholar]

	



Naz, S.; Farooq, U.; Khan, S.; Sarwar, R.; Mabkhot, Y.N.; Saeed, M.; Alsayari, A.; Muhsinah, A.B.; Ul-Haq, Z. Pharmacophore model-based virtual screening, docking, biological evaluation and molecular dynamics simulations for inhibitors discovery against alpha-tryptophan synthase from Mycobacterium tuberculosis. J. Biomol. Struct. Dyn. 2021, 39, 610–620. [Google Scholar] [CrossRef]

	



Pascual, R.; Almansa, C.; Plata-Salaman, C.; Vela, J.M. A New Pharmacophore Model for the Design of Sigma-1 Ligands Validated on a Large Experimental Dataset. Front. Pharmacol. 2019, 10, 519. [Google Scholar] [CrossRef]

	



Fawcett, T. An introduction to ROC analysis. Pattern Recognit. Lett. 2006, 27, 861–874. [Google Scholar] [CrossRef]

	



Corbeil, C.R.; Williams, C.I.; Labute, P. Variability in docking success rates due to dataset preparation. J. Comput. Aided Mol. Des. 2012, 26, 775–786. [Google Scholar] [CrossRef]

	



Hevener, K.E.; Zhao, W.; Ball, D.M.; Babaoglu, K.; Qi, J.; White, S.W.; Lee, R.E. Validation of molecular docking programs for virtual screening against dihydropteroate synthase. J. Chem. Inf. Model. 2009, 49, 444–460. [Google Scholar] [CrossRef]

	



Clark, P.G.; Dixon, D.J.; Brennan, P.E. Development of chemical probes for the bromodomains of BRD7 and BRD9. Drug Discov. Today Technol. 2016, 19, 73–80. [Google Scholar] [CrossRef] [PubMed]

	



Lee, T.S.; Cerutti, D.S.; Mermelstein, D.; Lin, C.; LeGrand, S.; Giese, T.J.; Roitberg, A.; Case, D.A.; Walker, R.C.; York, D.M. GPU-Accelerated Molecular Dynamics and Free Energy Methods in Amber18: Performance Enhancements and New Features. J. Chem. Inf. Model. 2018, 58, 2043–2050. [Google Scholar] [CrossRef]

	



Case, D.; Darden, T.; Cheatham, T.; Simmerling, C.; Wang, J.; Duke, R.; Luo, R.; Merz, K.; Pearlman, D.; Crowley, M.; et al. Amber 9; University of California: San Francisco, CA, USA, 2006. [Google Scholar]

	



Maier, J.A.; Martinez, C.; Kasavajhala, K.; Wickstrom, L.; Hauser, K.E.; Simmerling, C. ff14SB: Improving the Accuracy of Protein Side Chain and Backbone Parameters from ff99SB. J. Chem. Theory Comput. 2015, 11, 3696–3713. [Google Scholar] [CrossRef] [PubMed]

	



Wang, J.; Wolf, R.M.; Caldwell, J.W.; Kollman, P.A.; Case, D.A. Development and testing of a general amber force field. J. Comput. Chem. 2004, 25, 1157–1174. [Google Scholar] [CrossRef]

	



Jorgensen, W.L.; Chandrasekhar, J.; Madura, J.D.; Impey, R.W.; Klein, M.L. Comparison of simple potential functions for simulating liquid water. J. Chem. Phys. 1983, 79, 926–935. [Google Scholar] [CrossRef]

	



Fletcher, R.; Powell, M.J.D. A Rapidly Convergent Descent Method for Minimization. Comput. J. 1963, 6, 163–168. [Google Scholar] [CrossRef]

	



Song, L.F.; Lee, T.S.; Zhu, C.; York, D.M.; Merz, K.M., Jr. Using AMBER18 for Relative Free Energy Calculations. J. Chem. Inf. Model. 2019, 59, 3128–3135. [Google Scholar] [CrossRef]

	



Darden, T.; York, D.; Pedersen, L. Particle mesh Ewald: AnN·log(N) method for Ewald sums in large systems. J. Chem. Phys. 1993, 98, 10089–10092. [Google Scholar] [CrossRef]

	



Ryckaert, J.-P.; Ciccotti, G.; Berendsen, H.J.C. Numerical integration of the cartesian equations of motion of a system with constraints: Molecular dynamics of n-alkanes. J. Comput. Phys. 1977, 23, 327–341. [Google Scholar]

	



Roe, D.R.; Cheatham, T.E., 3rd. PTRAJ and CPPTRAJ: Software for Processing and Analysis of Molecular Dynamics Trajectory Data. J. Chem. Theory Comput. 2013, 9, 3084–3095. [Google Scholar] [CrossRef]

	



Humphrey, W.; Dalke, A.; Schulten, K. VMD: Visual molecular dynamics. J. Mol. Graph. 1996, 14, 27–28, 33–38. [Google Scholar] [CrossRef]

	



Niinivehmas, S.P.; Virtanen, S.I.; Lehtonen, J.V.; Postila, P.A.; Pentikainen, O.T. Comparison of virtual high-throughput screening methods for the identification of phosphodiesterase-5 inhibitors. J. Chem. Inf. Model. 2011, 51, 1353–1363. [Google Scholar] [CrossRef] [PubMed]

	



Rastelli, G.; Del Rio, A.; Degliesposti, G.; Sgobba, M. Fast and accurate predictions of binding free energies using MM-PBSA and MM-GBSA. J. Comput. Chem. 2010, 31, 797–810. [Google Scholar] [CrossRef] [PubMed]

	



Daina, A.; Michielin, O.; Zoete, V. SwissADME: A free web tool to evaluate pharmacokinetics, drug-likeness and medicinal chemistry friendliness of small molecules. Sci. Rep. 2017, 7, 42717. [Google Scholar] [CrossRef]








[image: Ijms 23 13513 g001 550] 





Figure 1. Structure of BRD, rendered through Chimera [17], displaying the four antiparallel alpha helices (αA, αB, αC, αZ) and loop regions (ZA and BC) forming an acetyl binding pocket with conserved water molecules (red sphere). 
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Figure 2. Structural Difference between the binding pocket were retained by Chimera [17], (A) BRD4 and (B) BRD9, GPP shelf and Tyr106 (gatekeeper) in BRD9 is replaced by WPF shelf and Ile (gatekeeper residue) in BRD4. 
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Figure 3. Differences between the acetyl binding pocket of BRD9 (cyan) and BRD7 (gray) were rendered through Chimera [17]. 
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Figure 4. The selected structure-based pharmacophore model generated via MOE 2018 [22] composed of six key features involving donor and acceptor features towards Gly and Asn, respectively, a hydrophobic feature near Tyr106 and two aromatic features near Phe44 and Tyr106. 
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Figure 5. ROC curve validation by using 17 actives and 12,991 decoys, highlighting the efficiency of the modeled structure-based pharmacophore to reliably differentiate between true positives and false positives. 
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Figure 6. 3D representation of various electrostatic and hydrophobic interactions of the reference compound with BRD9 (cyan) and BRD7 (gray) binding pocket residues. 
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Scheme 1. Work flow towards selective BRD9 inhibitors. 
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Figure 7. Molecular docking interactions of the binding pockets residues of BRD9 (cyan) and BRD7 (gray) with ZINC433599781 [17]. 
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Figure 8. Binding and interaction pattern of the ZINC28232750 in the acetyl–lysine pocket of BRD9 (cyan) and BRD7 (gray) [17]. 
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Figure 9. Molecular docking interactions between ZINC2036848 and the binding site of BRD9 (cyan) and BRD7 [17]. 
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Figure 10. Docked poses of BRD9 (cyan) and BRD7 (gray) with ZINC95589781 [17]. 
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Figure 11. Root mean square deviation (RMSD) of backbone atoms in BRD9 relative to the corresponding Apo (black) and reference compound (red); ZINC433599781 ZINC28232750 (blue); ZINC2036848 (cyan); ZINC95589781 (purple). 
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Figure 12. RMSF plots for BRD9 protein with Apo (black) and reference compound (red); ZINC433599781 ZINC28232750 (blue); ZINC2036848 (cyan); ZINC95589781 (purple). 
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Figure 13. Deflection of Phe44, Phe45 and Tyr106 to accommodate the reference compound deeper inside the pocket [17]. 
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Figure 14. Comparison of docking and MD-averaged poses of BRD9-ZINC433599781 to highlight the deflection of Phe44, Phe45 and Tyr106 [17]. 
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Figure 15. Deflection of Phe44, Phe45 and Tyr106 during MD simulation to accommodate ZINC28232750 deeper inside the pocket [17]. 
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Figure 16. Orientation of Phe44, Phe45 and Tyr106 from MD simulation as compared to docking simulations [17]. 






Figure 16. Orientation of Phe44, Phe45 and Tyr106 from MD simulation as compared to docking simulations [17].



[image: Ijms 23 13513 g016]







[image: Ijms 23 13513 g017 550] 





Figure 17. Deflection of Phe44, Phe45 and Tyr106 to accommodate ZINC95589781 deeper inside the pocket [17]. 
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Figure 18. Radius of gyration plots of BRD9, Apo (black); Reference (red); ZINC433599781; ZINC28223750 (blue); ZINC2036848 (cyan); ZINC95589781 (purple). 
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Figure 19. Post-MD interactions pattern of BRD9 (cyan) with (A) reference, (B) ZINC433599781, (C) ZINC282232750, (D) ZINC2036848, and (E) ZINC95589781 [17]. 
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Figure 20. Predicted ΔG binding energy kcal/mol of the top four compounds by MM-GBSA. 
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Figure 21. Re-docked conformation of a potent BRD9 inhibitor (BI-7273) inside the active site of BRD9 (PDB ID: 5EU1): crystallographic pose and re-dock pose (orange) using MOE 2018 [22]. 
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Table 1. Pharmacophore hit-rates of different data sets.






Table 1. Pharmacophore hit-rates of different data sets.





	Dataset
	No. of Compounds
	Hit Rate





	Actives
	17
	13 (76.4)



	Inactives
	8
	1 (12.5)



	BRD4 Inhibitors
	25
	0 (0.0)



	Decoys
	12,991
	154 (1.8)
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Table 2. Pharmacophore-based virtual screening hits obtained from each subset of the ZINC database.






Table 2. Pharmacophore-based virtual screening hits obtained from each subset of the ZINC database.





	Database
	Total Compounds
	Lead Compounds





	Predicted-BRD9 Compounds
	25,532
	596



	FDA approved Drugs
	1466
	11



	In-Trials Compounds
	6799
	101



	Epigenetic Compounds
	471
	6
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Table 3. Summary of the four shortlisted compounds with binding energy kcal/mol.






Table 3. Summary of the four shortlisted compounds with binding energy kcal/mol.





	S.no
	Name
	Score
	Structure





	1
	ZINC433599781
	−7.3
	 [image: Ijms 23 13513 i001]



	2
	ZINC28232750 (Valstar)
	−7.5
	 [image: Ijms 23 13513 i002]



	3
	ZINC2036848 (Riboflavin)
	−7.1
	 [image: Ijms 23 13513 i003]



	4
	ZINC95589781
	−6.8
	 [image: Ijms 23 13513 i004]
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Table 4. ADME analysis of top four hits using Swiss ADME.






Table 4. ADME analysis of top four hits using Swiss ADME.





	Compound ID
	ZINC433599781
	ZINC28232750
	ZINC2036848
	ZINC95589781





	MW (g/mol)
	423.4
	723.6
	376.6
	375.4



	LogP0/w
	2.25
	3.68
	1.63
	2.46



	Log (ESOL)
	Soluble
	Moderately Soluble
	Very soluble
	Soluble



	GI absorption
	Low
	Low
	Low
	High



	Bioavailability
	0.55
	0.17
	0.55
	0.55



	BBB
	No
	No
	No
	No



	H-bond acceptor
	7
	16
	8
	4



	H-bond donor
	2
	5
	5
	2



	Lipinski’s Rule of Five
	Yes
	Yes
	Yes
	Yes







MW = Molecular weight; LogP0/w = Octanol Partition Coefficient; LogS = Aqueous Solubility; GI = Gastrointestinal Absorption.
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Table 5. List of BRD9 inhibitors that have been used in the development of the pharmacophore model, along with their PDB IDs, resolutions and IC50/Kd (nM) values.






Table 5. List of BRD9 inhibitors that have been used in the development of the pharmacophore model, along with their PDB IDs, resolutions and IC50/Kd (nM) values.





	PDB ID
	Resolution
	Cognate Ligand
	IC50 (nM)





	4UIW
	1.7 Å
	I-BRD9
	50



	5IGN
	1.7 Å
	LP99
	325



	5EU1
	1.6 Å
	BI-7273
	19



	5E9V
	1.8 Å
	Indolizine com28
	68
















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2022 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file13.jpg
Predicted BRDY
(@5532)

FDA- Approved In-Trials
(1446) (©6799)

Epigenetics
)

Pharmacophore-Based
Virtual Sereening

FDA- Approved
an

Epigenetics
©

FDA- Approved

Epigenetics

(U] e
Predicted BRDO | [ pps_spproved Tn-Trial Epigenetics
) ) o a






media/file4.png
Tyr gatekeeper

ILe PP shelf

gatekeeper






media/file39.jpg





media/file18.png
Serl53

Ile2l6

Tyr217 Ilelé64d

Asn2l1l
Valléo

Alalés





media/file21.jpg





media/file44.png
Asnl00

vVal4d






media/file26.png
RMSF A

2EE=RBES

283

-

0

2 & 3

<

= Reference

— Predicted-BRD9

— DA

= In-Tnals

— Epigenetic

llllllllllllllllllllllllllillllllllllllllllll

10 20 30 40 50 60 70 80 9% 100 110
Residues






media/file7.jpg
Tyr 106

Phe 45





media/file28.png





media/file10.png
True Positive Rate

1.0

0.8 -

0.6 -

0.4 -

0.2 -

0.0 -

”
I ’
”~
”~
,/
”
”~
”
”
”~
-~
”~
”
”
”
”
”
”
”
,/
” ==  (hance
= Mean ROC (AUC = 0.81 = nan)
+ 1 std. dev.
0.2 0.4 0.6 0.8 1.0

False Positive Rate





media/file11.jpg





media/file6.png





media/file36.png
Phed4

Gly43 Phed5  , \ e
Leul09 /
| Phed4 7 s A
, .'” Phed @

/\\\4

"’ Q Vald9 Tyr106 '

Tyr57

Tyr106 /” /

Asn100 ﬁ






media/file15.jpg
A\ weres -

-

netss |

vaiteo

atss






nav.xhtml


  ijms-23-13513


  
    		
      ijms-23-13513
    


  




  





media/file2.png
ZA-loop . .BC—loop

aC-Helix

aB-Helix

aZ-Helix





media/file23.jpg
o BRDY
sk
FDA
“ InTrials

) S I B S
o 20 0 3 0 100
Time (ns)





media/file24.png
— /\ p()
— Reference

0 —— Predicted-BRDY

a
N
Z — In-Tnals
0
4
D) "
0 —  Epigenetic

Time (ns)





media/file29.jpg
e O\§






media/file1.jpg
ZA-loop ¥ .BC-qup

aC-Helix

oA-Helix

oZ-Helix





media/file12.png
Tyrl06 Ilelb64

Asnl00 / Alals4

Asn2l1l

Phel55

Ala54
a Ile53 Tyr217





media/file9.jpg
True Positive Rate

1.0

0.8

0.6

0.4

0.2

0.0

0.2

== Chance

= Mean ROC (AUC = 0.81 = nan)

+ 1 std. dev.

04 0.6
False Positive Rate

0.8

1.0





media/file42.png
< I 797
e I €0S
= 1

& S LT
o 677

2 €61 mmmmam

g LT

6£°LE I—

e vev-

w.aa I 96V

O €6

< I 9"
m— LT

= 01

H €60 I
e 18T
I VSt

= P S76E

> P 8E-

I 9t

m ZINC28232750
m ZINC95589781

m ZINC433599781
m ZINC2036848





media/file38.png
(A)

v

Radius of Gvration

16 Apo
15)
P \
— Reference

— Predicted-BRDY

~ In-Tnals

— Epigenetic

1

0 20 40 60 80 100
Time (ns)






media/file17.jpg
ool

Pheds ez

Tye106
he1ss

Aen10 10216

s Tlet64

Asn211
val160
nspst

Ala16s






media/file30.png
Phed4

Phed5






media/file35.jpg





media/file48.png
o.
Z

> "

W

o
7.8-dimethyl-10-(2,3.4,5-tetrahydroxypentylbenzo{glpteridine-2,4(3H, 10H)-dione





media/file27.jpg





media/file3.jpg
Tyr gatekeeper

ILe P shelf

gatekeeper






media/file22.png
Asp66

Gly43

Leul09

vValado

Asnl00

Ilelb4

' Asn2l1l
Q=
7’
’
e .

Phel55

Alal54





media/file19.jpg





media/file40.png
Tyr99

Tyrl06 B Tyrl06 C Phed5
His42
Asnl00 Asnl00
2.3 ‘\
N % \ 7 Gly43
\\ 7 »\.__ A
Ala54 Val49
Ala54
IleS53
D — Phed5
Phedd
Asnl00
Phed?
Ile53
Tyr99
Tyxr57

Thr50 Asnl00 Tyrs-,





media/file33.jpg
Phedd

w-m
Phed7 ,

Tyr106

g





media/file32.png
Phed5 Phed4






media/file14.png
Predicted BRD9 FDA- Approved In-Trials Epigenetics
(25,532) (1446) (6799) (471)
Pharmacophore-Based
Virtual Screening
Predicted BRD9 FDA- Approved In-Trials Epigenetics
(596) (11) (101) )
Predicted BRD9 FDA- Approved In-Trials Epigenetics
(90) (7 ) 3
Predicted BRDY FDA- Approved In-Trial Epigenetics
@) ) (1) 1)






media/file49.png
4-{4-(pivalamidomethyDypipers

M %
1-ylythieno{3 2-d]pyrimidine-6-carboxamide





media/file41.jpg
2 — 97
g — 05
2 — 17

g — LT
i 622 m—

g €61 m—

9 — L

6E'LE m—

—— 6
— 96"

- 6
—— 59"

AG gas

— LT
u - 01~
B 6t m—
— 8T

— S
— S
— SE
— 195

vaw

= ZINC28232750
= ZINC95589781

= ZINC433599781
m ZINC2036848





media/file37.jpg
1o —:Apo
”Wwwp.

[

— Reference
15
1
16 ~— Predicted-BRDY.
15

¢

14
19 — Epigenctic
15
I h
14
o 20 40 60 80 100





media/file46.png
3 fuoro-No(2-(-methonypropoxypbeayl)-4-(methylsaifmamidoybeassoeeulfonamide






media/file16.png
Tyr106

lle53

\ Ala165 Asn211

lle164

N

Val160

Ala154 Phe155





media/file20.png
Phed5

Asn2ll

Ilelé64






media/file5.jpg





media/file47.png
20002 2y 4 oy 102 o ey 2y
RAID Sltordoamy-4 55 Rnkrorcy & et - 223 Glessecommidepenraionbo- 245





media/file31.jpg





media/file25.jpg
B8 s

B88

SRB8ESB8SE

88 s

— Apo

P A N AN eV AN A

— Predicted-BRDY

E AN e M

| 1 1 L [
0 10 20 30 4 S0 60 70 8 9% 100 10





media/file0.png





media/file8.png
Tyr 106

Phe 45





media/file43.jpg
Asnl00

Val49





media/file34.png





